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Abstract 

Classifying logs and boards has an essential economic impact on the forest products 
industry. In a modern production chain, quality control and raw material specifications are 
essential to fu l f i l l production system demands as well as end user demands. The subject of 
the thesis is automatic grading of wood represented by its appearance in various stages of 
decomposition of a tree, i.e. as logs, boards, components or individual surface objects often 
labelled as defects. The main method used is based on multivariate measurements and data 
compression by means of principal component analysis (PCA) and prediction modelling 
with projections to latent structures (PLS). 

The thesis adresses mainly feature identification and feature extraction of properties that 
have an impact on automatic grading of sawn softwood boards.The features are modelled by 
means of their appearance in the multivariate image space obtained by scanning and 
integrating images utilizing different imaging sensors. 

The main goals of this thesis are: 

• to introduce multivariate image analysis (MIA) and multivariate image projections to 
latent structures (MIPLS) combined with experimental design as a research tool for wood 
feature description and to give a survey of its applications 

• to identify and extract features feasible for classification of softwood surfaces 

• to investigate the use of an imaging spectrograph combined with a smart sensor for real 
time grading of sawn products 

• to present the necessity of installing human evaluation and system interaction possibilities 
into automatic wood inspection systems to obtain good performance 

This thesis contributes to the wood research field by the multivariate approach so far with a 
limited use in wood technology research with a few outlayers. The main contributions are: 

• the introduction of PLS and MIPLS as soft modelling tools for calibration and prediction 
modelling of wood features 

• the evaluation of the imaging spectrograph/MIPLS concept to model the spectral 
behaviour of the interaction between visible light, the wood surface and the sensor 

• the integration of a multisensor, i.e. a combination of sensors such as X-rays, p>waves 
and CCDs, and how to insert the obtained data into a linear or non linear model utilizing 
sufficient information from each sensor 

• the recognition of useful information in softwood scanning. Utilizing electromagnetic 
wave interaction based sensor data, revealing the latent variables and their variations with 
respect to quality grading 

Keywords: 
Forest products industry, colour spectrum, lumber grading, PCA, PLS, multivariate images, 
multivariate image analysis, multivariate image regression, imaging spectrometer, smart 
sensor, scanning, machine vision, system evaluation. 
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Chapter 1 

Introduction 

The purpose of this work is to find, 

evaluate and describe methods for 

predicting wood quality in aspects of its e 

appearance by means of machine vision 

and spectral appearance of its quality 

moulding features. 

1.1 Wood quality features, multivariate image 

analysis and feature modelling 

The quality of a piece of lumber or a board is basically a function of highest grade or 

quality reduced by the occurrence of wood quality moulding features, amplified by their 

number, size and position. Knowing the number, size and position of the features and 

introducing them to a rule based system should indicate a distinct quality. Maybe it will; we 

do not know because in practice quality grading is done by human beings with lots of error 

sources or by automatic wood inspection systems with their error sources and limitations. 

The most quahty moulding feature is the knot, found on almost every wood surface of more 

than 0.5 m length, occurring in all possible variations from a small, sound transverse cut 

knot to a large, rotten longitudinally cut, bark encased, knot. Methods used for defect 

detection applied by univariate statistics, grey-scale contrast (defects are very often darker 

than clear wood) and spatial appearance (shape, orientation and position) typically have a 

probability for correct classification of 60-80% (Kauppinen et al., 1995; Yläkoski et al., 

1993; Boardman et al., 1992; Lycken et al., 1994), i.e. comparable to or slighdy better than 

the human sorter (Grönlund, 1995b). Judging whether a knot is correctly classified or not is 
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Introduction 

not a distinct operation due to the natural variance of the different classes, the continuous 

changes between biological status (Hagman, 1993) and the different cut planes of the board. 

A board surface is a plane cut in a three-dimensional anisotropic space with mixed Polar and 

Cartesian coordinates. The appearance of the same knot could vary as simulated and shown 

in Figure 1.1, where a knot has been cut from varying angles within a CT- image stack 

(Hagman et al., 1995). 
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Figure 1.1 The appearance of a knot cut in different, transverse and longitudinal to the 

knot axis, simulated sawing directions. The apparent contrast shown in a 

grey-scale is due to differences in raw density, not in darkness or colour. 

(Knot is found in a Scots pine butt log, planted in Granvik with 3 m 

spacing.) 
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1.3 Overview 

1 2 ' 3 

Figure 1.2 The appearance of a real knot cut approximately transversely to the pith of 

the knot direction. The apparent contrast shown in a grey-scaleLUT-table 

is due to differences in darkness and colour. 

In a real knot (Figure 1.2), cut at intervals of approximately 3 mm, the variations from a 

sound knot to a black ringed to a dead, partly rotten knot are not quite distinct over the 

whole knot area. An unpublished investigation made of 115 wood faire visitors (most of 

them wood professionals in some respect) indicates a variation in people's grading opinion 

even for decisions on such low complexity evaluations. 

Other macroscopically and biologically defined quality moulding features such as vane, 

mould, compression wood, blue stain, checks, scars, bark, pitch wood, pith streaks, are more 

or less distinct in their appearance due to general conditions for the tree. Heartwood, late 

wood ratio, extractives and dust spots could give contrast, especially for grey-scale systems, 

that leads to error in classification. 
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Introduction 

Figure 1.3 An investigation of people's attitudes to the border between two knot types, 

sound knot and black ringed knot. The surface positions of the knot as 

shown in Figure 1.2. The frequency indicates judged first black ringed 

surface. 

No matter what classification system is used, a threshold between sound wood and defect 

areas has to be estabhshed. Different strategies could be used due to the importance of the 

class. Sometimes one could allow a high false alarm ratio i f the feature classified is vital to 

the end user. Sometimes, due to historical reasons, a certain percentage of misclassification 

is accepted. In any case, the better the feature classification is, the sharper the border 

between classes. 

For some features, in grading rules defined as defects, the evolution of a classifier leads to 

separation into more than one class. Both in hard- and softwood quality grading, an 

unsupervised classification step in the beginning of the system evolution would probably be 

better than using the classes defined for human sorting. Wood surfaces, or sometime 

homogenous wood, could be described by more basic morphological or structural features 

than the quality-describing ones used in grading rules. 

In a microscopical sense, cell structure and type, cell orientation and chemical constitution 

could be well defined quality features. In a macroscopical sense, surface structure, 

roughness, colour or specular reflectance act as bearers of wood quality information 
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1.3 Overview 

Today various strategies for wood quality inspection and grading have been demonstrated 

and some of them are used in industrial applications with varying results. The bad results are 

not necessarily due to bad algorithms, but tuning problems and a complicated user interface. 

A common strategy is to use non segmenting techniques to separate sound wood areas from 

areas with other characteristics. Clear wood could be classified in many ways: 

• small variance in grey-scale or colour contrast 

• as the area with similar features in some aspect that cover more than 50% of the total 

surface 

• or for most species the lightest parts of the surface. 

After finding clear wood areas, or sometimes immediately, classification and segmentation 

techniques are applied to find the size and the shape and class of the other areas. Techniques 

used could be secondary statistics for the area, thresholding in various features such as grey-

scale, RGB-color, shape, directionality, texture or orientation. Methods based on 

identification of the colour spectra for wood defect features are also proposed by several 

authors using colour space transforms (Brunner et al., 1992; Brunner et al., 1993a; 

Kauppinen, 1995; Lefevre, 1995) or reflectance spectra (Maristany et al., 1991; Marszalec, 

1993; Vaarala, 1995; Parkkinen, 1995; Lebow et al., 1996; Brunner et al., 1996). 

Sensor fusion techniques have also been demonstrated (Flatten, 1989; Portala, 1992; 

Hagman, 1993. Conners et al., 1995) but have not yet been proven to give performance 

benefits that motivate the increase in investment. Multivariate techniques for pixel 

classification have also been evaluated (Hagman, 1993). After defect feature classification a 

grading algorithm is used to find the final grade for the board or parts of the board or 

component. Some systems try to classify the surface without an initial classification of the 

separate defect features (Labeda, 1995) where quality is expressed in more general features 

such as histogram, colour spaces or statistics. 

It has been shown that multivariate statistics can improve performance and give reliable 

classification or prediction results for this type of multivariate problem (Hagman & 

Grundberg, 1995; Hagman, 1993b; Martens, 1989a). By measuring many variables, 

evaluating the significant ones for solving the problem and extracting a multivariate 

prediction model, classification can be performed that has not yet been done with other 

methods. 
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Introduction 

1.2 The scope of this work 

The scope of this work is to find, evaluate and describe multivariate image analyzing 

methods for predicting wood quality in respects of its surface appearance. The methods used 

and tested are Partial Least Squares to latent structures (PLS), Multivariate Image Analysis 

MIA and Multivariate Image projections to latent structures (MIPLS) that are implemented 

as an analyzing and developing tool on a Macintosh computer system. The sensors evaluated 

have been after initial testing and practical as well as economical considerations reduced to 

the visible range of light (VIS). The intention is also to demonstrate the possibilities of soft 

modelling by the above mentioned methods for research as well as for use as a model 

generator for industrial applications. 

By means of machine vision and spectral appearance of their quality moulding properties, 

surface objects, expressed by their feature vectors, are classified and associated with an 

overall quality of a surface or surfaces. 

1.3 Overview 

The last part of Chapter 1 states the hypotheses for this thesis, sets the limitations and 

gives a short summary of previous work connected to this work. It ends with some basic 

definitions. 

Chapters 2 and 3 introduce wood as a material defined by its appearance from different 

points of view. Chapter 2 is a general overview of wood quality expressions and grading 

rules. The grading rules are based on more or less defined properties such as biological 

defects, structural properties or, in the more complex systems, as feature vectors. Some 

models for predicting or measuring wood quality are addressed by examples, introducing 

some objectively measurable features of importance. In Chapter 3 the possible 

dimensionality of the feature vectors is discussed. The features used today for automatic 

wood inspection, automatic quality grading and quality prediction are discussed as well as 

other possible, but unused, features. 

Biological features, given the fact that wood is a material for building and supporting the life 

of trees, are discussed in terms of these biological functions or in terms of physical, 

physiological or chemical constitution. 
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1.3 Overview 

Spatial features are outlined using the fact that one point in a scene or in a digital 

representation of a scene is surrounded by neighbours in a spatial plane. Known patterns, 

such as knot gradients, early- and late-wood patterns or fibre orientation could be identified 

by using filter kernels checking different characteristics for close pixel neighbour's 

behaviour. Other methods are based on calculating first or second order statistics for the 

pixel values. Features in predefined spatial image transformations such as fast Fourier 

transforms are discussed as well as features extracted by unsupervised transformations such 

as principal components and artificial neural networks. 

A considerable part of the chapter deals with the spectral and spectrum influencing features 

of the wood surface. The characteristics of colorimetrical (colour as human beings perceive 

it) and spectrometrical features (measuring reflecting photons with different energy) are of 

major concern in this work. 

In Chapter 4 different methods for scanning and representing the scene of a wood surface 

are outlined. Various scanning devices are used to convert absorbed, reflected or transmitted 

electromagnetic waves to digital matrixes representing the physical properties of the surface. 

Machine vision systems also include other important components, such as light setting and 

adaptive calibration for variations in light and other external components, image 

enhancement and data reduction. The resulting matrixes, often considerably large, can be 

used for different purposes, such as viewing of the image, segmenting the various surface 

features and classification of them. The image operations result in an outcome often 

visualised on a screen as feedback to the operator. The purpose of Chapter 4 is to present 

the hardware of the machine vision system used during this project and define the 

operational space for the models developed in later chapters. 

Chapter 5. The scanning methods discussed result in considerable amounts of both useful 

and nonrelevant information, as well as noise due to various error sources. The desired 

output of the system, no matter its form, mean quality or defect features, is a result of 

reduction of information often from megabytes (image data size) to single bytes (yes/no). 

This is the area where the human brain is outstanding and an automatic inspection system 

must use smart algorithms. The evaluation of these algorithms can be done using different 

but related strategies. Fourier transforms, neural networks and principal components as well 

as other methods of concentration of information or noise reduction are demonstrated and 

discussed. The output of the reduction could be feature vectors or low-resolution (spatial or 

grey-scale resolution) images. The purpose of this chapter is to demonstrate the similarity of 

possible and used methods and to point out important differences. 
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Introduction 

The strategy chosen for method evaluation, hardware testing and prediction modelling is 

outlined in Chapter 6. A short theory is presented for the methods used and their 

implementation in our research environment. The methods implemented are multivariate 

image analysis (MIA) and multivariate image projections to latent structures (MIPLS). The 

modelling work defined by: 

• experimental design 

• sensor and variable discrimination and selection 

• model complexity selection 

• validation and testing 

is discussed and exemplified with both test images and wood surface examples. The use of 

several layers of information (feature fusion) is discussed and exemplified in both 

MIA/MIPLS and neural network solutions for final classifications. 

Some other methods for feature extraction and calibration are also discussed and 

exemplified. 

In Chapter 7 an apphcation for real time implementation is proposed utilizing a smart 

sensor, capable of doing real time feature predictions based on MIPLS models and a sensor 

fusion system that gives the final quality predictions or classifications for a surface. 

The complete modelling work for the most important results is shown in detail in Chapter 

8 and Chapter 9. Error sources due to variability and limitations are exemplified and 

discussed in Chapter 10. 

In Chapter 11 my experiences of automatic inspection systems in the wood manufacturing 

industry are discussed. Problems such as quality language, operator competence, feedback 

possibilities and system evaluation are outlined and experiences from industrial applications 

are summarized. 
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1.4 Hypothesis 

The results of model evaluation are summarized and discussed in Chapter 12. The 

modelling of biological and other wood surface features, expressed in model coefficients, 

variable importance and in terms of model stability, ratios of correct classification and 

complexity of implementation is taken into account for the chosen test objects. 

Chapter 13 concludes the thesis, asks some of the remaining questions and sets the direction 

for future work. 

Chapter 14 is an overview of the previous and ongoing work closely related to some of the 

methods implemented in this research project. 

The initial work done on multivariate modelling of wood features such as: modelling of log 

quahty by means of two dimensional gamma ray scanning; knot type classification in 

computer tomography concentric surfaces and multispectral wood surface modelling are 

described in my licentiate thesis: "Prediction of wood quahty features by multivariate 

methods based on scanning techniques." in appendix. 

1.4 Hypothesis 

1. Properties of lumber appearing as surface features or sometimes as internal features can 

be identified by latent primitives common for all individuals of trees embodied by the 

training and learning set. The latent primitives can be found and described in the spatial 

plane representation of the surface, indirectly measured by some kind of electromagnetic 

radiation interacting sensor, or in its spectral appearance. The latent primitives can be 

modelled and explained as: 

• one-dimensional feature vectors with or without causal interpretation 

• two-dimensional features normally interpreted as images of the surface features 

• multidimensional features combining inner structure variations with spatial variations for 

different spectra caused by physical, chemical or structural mechanisms 

2. Features extracted by combinations of imaging sensors within the wavelength area from 

UV to X-ray embody more information about wood properties than those obtained by grey-

scale imaging operations. 
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Introduction 

3. The use of many variables in prediction models entails the risk of overfitting due to 

collinearity among the independent variables, random relationships and noise in both 

dependent and independent variables. This risk is greatly reduced by using the MIA/MIPLS 

strategy as a method of data compression and calibration when searching for models. 

4. Models for wood properties occurring on the surface of an object can be predicted by its 

colour appearance i f the resolution (both spectral and spatial) is high. Latent variables based 

on principal component compression can be found for complex scenes that often are based 

on the dominating relationships in the measured (X) data or by correlation between X and 

dependent (Y) variables. These latent variables, expressed by their coefficients in tables or 

function plots, can be studied and give causal insight into complex mechanisms such as the 

interaction between light and wood surfaces. 

5. It is necessary to decompose the data matrix (soft/hard experimental data or real life 

measurements) into two groups: real data and noise. This is extremely important when 

modelling human classification decisions. 

6. The colour of wood can often be compressed to a two-dimensional space i f the 

conditions (light settings, fibre direction and sensor positioning) are ideal. This indicates thai 

RGB colour sensors can increase the performance of models for properties that have a 

distinct difference in the red/blue areas but not for minor differences in colour spectra. Using 

a higher spectral resolution as in the Prism-Grating-Prism imaging spectrograph gives little 

or no benefits with ideal clear wood. The advantages of using the higher spectral resolution 

come when the spectral distribution differences are small and/or occur on small segments of 

the spectrum. Such appearances occur as a function of dichromatic behaviour due to 

illumination-angle/surface/fibre-angle/sensor-angle ratios, biological degradation or when 

strong nonwood colourants appear. The colour of wood perceived by VIS sensors is a 

combination of: 

• colourants within the material caused by chemical constituents, i.e. pigments 

• physical properties of the material, i.e. structure, surface roughness 

• optical anisotropy due the tracheid effect, specular reflection and cell 

structure 

• sensor/surf ace/illumination angles 

10 



1.5 Limitations 

7. The experimental design concerning class representation and simultaneous class 

modelling is essential and bad design in this respect may lead to failure in modelling and 

classifying feature classes that can be classified using a proper strategy. 

8. No matter how good the prediction/classification models are, how successfully they are 

implemented in machine vision systems or how much money the wood industry invests in 

this technology, the system will fail i f two factors are not properly attended to; 

• the language to communicate between different parts of the production system (forestry, 

sawmillers, end-users, system operator and system manufacturers) 

• the pedagogical problem of bringing a model for system understanding to the system 

operator and managers of the integrated system of which the automatic inspection system 

is a part. 

1.5 Limitations 

The research tool presented and the system proposed are claimed to be general and adaptable 

for any wood species and wood surface, but the results presented are to a large extent based 

on tests with artificially dried softwood lumber, Pinus sylvestris and Picea abies, prepared 

for the experimental setup. The idea of experimental design is not fully completed. Thus 

some of the relevant factors are not varied simultaneously, and we do not know if the 

selection of test object is sufficient for building general prediction models. The idea of a 

good model is that it works according to expectations based on model testing and validation 

and that it fulfils the demands set by the end-user. Internal validation, i.e. cross validation of 

the regression models has been done for the PLS models. The models obtained include 

system specific parameters such as illumination, lens system, sensors etc. and are therefore 

not directly transferable to other systems. 

The total error analysis is not exhaustivebut the major error sources are discussed and in 

many cases indicated in absolute values. 

The proposed system has not been fully tested in real time due to lack of time and equipment 

and limitations in the development of the smart sensor chip used. This may reduce the 

probability of overall success. 

No test has been done using linearization of the image data by, e.g. Kubelka-Munk 

transform, logarithm transform or other methods except for some PLS tests where the 

variables are standardised and centred thus the precision of the models can be increased. 
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1.6 Previous work 

Earlier summaries of automatic wood scanning by Forrer, 1987; Åstrand, 1992 and Åstrand, 

1996, present many different strategies and algorithms for solving the various problems 

concerning the interaction between a scanned wood surface and the prediction of its features 

or the classification of it. Forrer, working in a group directed towards colour vision at the 

Department of Forest Products, Oregon State University, gives a survey starting with human 

perception of colour, going through colour theory, measurement and modelling based on 

human perception, and ending with the colour of wood, its optical analysis and image 

processing concepts. For a more general view of wood surface inspection, Åstrand's pre-

study, 1992, and thesis, 1996, provide a compressed highlight of what is happening in the 

field. From an image processing strategy point of view he shows that most strategies are 

based on a two step strategy common in image processing —image segmentation and object 

classification. References describing areas as pixelwise classification, fixed area 

classification, image segmentation based on thresholding, as well as other segmentation 

techniques such as Euclidean distances in feature spaces are summarized. Some of the 

methods described by the two authors mentioned above are described and referenced in later 

chapters in this work. The references summarized below are those that deal with 

multivariate data analysis, colour scanning, smart sensors or wood surface scanning using 

smart sensors. Work related to this thesis is discussed in Chapter 14, Related fields. 

Multivariate data analysis 

Notation convention: 

Y= Variables to be predicted 

X= Predicting variables 

Capital boldface represents matrices (X and Y) , lowercase boldface represents vectors (x and 

y) and ordinary letters represents scalars (x) or expressions on conceptual level. In this thesis 

(x,y) exclusively represents the spatial coordinates of an image. The directions in the 

matrices (X and Y) are rows = objects (samples) and columns = variables (measurements). 

The research described in this thesis and in the licentiate thesis (Appendix 1) follows a 

theme of multivariate data analysis applied to the description of wood features and log and 

lumber grading. Multivariate data analysis is here basically defined as Principal Component 

Analysis (PCA) (Wold, 1984) and regression methods based on principal components 
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(Pc's), PCA is a method of data reduction using the NIPALS algorithm (Wold, 1966) to 

find the most important Pc's by iterative regression of score and loading estimations. PCA is 

often used as a screening operator, i.e. for finding outliers and class clusters in the score 

scatter plot. PCA can also be used as a classifier by applying the Soft Independent 

Modelling of Class Analogy (SIMCA) (Wold, 1984) to obtain measurements of class 

membership by measuring the distance between the object and the different PCA class 

models or by other clustering techniques. Further examples of bilinear modelling (Martens et 

al., 1989a) are Principal Component Regression (PCR) and Partial Least Squares (PLS) used 

for predictions of dependent variables (Y) from new independent measurements (X) given a 

principal component reduction of X. PCR is a multiple regression method using the most 

important Pc's to determine the prediction model, which then is modified to regression 

coefficient weights for the unsealed and uncentered raw X. PLS (Wold, 1984; Höskuldsson, 

1988), later also addressed as Projections to Latent Structures (Skagerberg, 1994; Lindgren , 

1994) (PLS) or PLS-regression (Wold, 1984; Höskuldsson, 1988) and described by Martens 

et al., 1989a, can be understood as: 

• a regression method with particularly relevant data compression 

• a way to compute generalized matrix inverses 

• a method for system analysis and pattern recognition 

• a learning algorithm. 

One of the differences between PCR and PLS is that PLS uses Y-variables actively during 

the decomposition of X, thus balancing the X- and Y-information and thus reducing the 

impact of large, but irrelevant, X-variations in the calibration modelling. Another is that PLS 

can be used on several Y-variables simultaneously (PLS2) giving possibilities of 

investigation of several variables that are intercorrelated. PLS uses the intercorrelation to 

stabilize for random noise in the individual Y-variables but also utilizes the fact that some 

variables are easier than others to verify and measure. A joint modelling between strong 

and weak Y-variables may improve understanding and give better predictions for the weak 

ones than separate modelling gives (Martens et al., 1989a). 

The main benefit with PLS is the possibility of keeping the number of variables low 

(Höskuldsson, 1988) and of using the information in the X data that is suitable for modelling 

of Y. Sometimes a dominant Pc may correspond to a phenomenon in X that is not relevant 

f o r Y . 
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For low precision data, as in wood grading, the PLS strategy can give useful results where 

other methods fail. The drawbacks are that orthogonahty requires simultaneous regression of 

Y which increases the complexity of the calculations. 

The techniques described above are suitable for modelling of data matrixes that are wide 

and short, i.e. they contain many measured variables but few objects, a situation typical of 

chemometrics. This is due to high cost for test sample objects and low cost for extracting 

measurement variables due to the nature of many chemical measuring devices, i.e. NIR 

spectral analysers, etc. When the technique is applied to multivariate images the matrix gets 

a different appearance. Treating every pixel as an object, the data matrix gets a completely 

different shape. The number of objects is now calculated in hundred thousands and the 

number of variables is much less (< thousand).The first attempts at multivariate image 

analysis is the MIA approach presented by Geladi et al., 1989, and systemized by Geladi, 

1989, where also the possible use of canonical- and tensor rank decomposition of multi-way 

data arrays is discussed. The analysis of multi-way data is discussed in Chapter 13.4, Future 

work, but could briefly be summarized as the interpretation of measurements as vectors 

instead of scalars, necessitating the use of higher order statistics. 

The MIA strategy was improved and exemplified (Esbensen et al., 1989; Geladi, 1991; 

Geladi, 1992; Pedersen, 1994) showing the increase in the graphical representation/ 

interpretation tools, local PCA modelling etc. using multivariate images obtained by PET, 

MRT, satellite etc. MIA was implemented on a Macintosh computer and used for wood 

surface analysis by Hagman, 1993. 

A development of the modelling tools similar to the one for the one-dimensional case (PCA, 

PCR and PLS) for prediction modelling of multivariate images is described in Esbensen et 

al., 1992; Lindgren et al., 1993, and Lindgren, 1994, introducing Multivariate Image 

Regression (MIR) and further development towards PLS. The technique was implemented 

and exemplified for wood surface analysis by Hagman et al., 1993. Lindgren, 1994, 

interested in reducing the number of objects in the design and without lacking information, 

presented a solution for cross validation by adding and subtracting subparts of the large 

covariance matrix. He also proposes a method for Interactive Variable Selection (IVS) to 

improve the predictive ability for the model. 

Nonlinear PLS modelling is presented by Wold et al., 1989. The first attempt was made to 

include nonlinearity in the inner relation between the score vectors for X and Y. Another 

strategy for introducing nonlinearity is to utilize screening of X, i.e. to present nonlinearity 
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by the expansion of X-variables by quadratic and other functions. The latter strategy is 

utilized in this thesis. 

Another suggested enhancement of PLS that combines PCA and feedforward networks is 

PLS/neural networks (Holcomb et al., 1991) using PCA as a preprocessor for the initial 

number of dimensions and directions in the original variable space. The network is trained 

with the PCA feature vectors as input and the resulting weight coefficient pattern can be 

real-time implemented. 

A similar strategy can be found in other research paradigms, developing soft models based 

on PCA by using neural network realizations. The similarity between the solutions based on 

PCA decomposition by NIPALS or Power method as described above and neural network 

solutions is presented in Oja, 1982; Oja, 1992 and Almeida, 1994. 

Colour based classification of wood surfaces 

Presented at: 1st International Conference on Scanning Technology in Sawmilling, Conners 

et al., 1985, established the requirements for a colour-based wood inspection system and 

made some initial tests comparing grey-scale and RGB based region classification utilizing 

first order statistics and a Baysian classifier. After a literature survey on the colour of wood 

surfaces which indicated large variation between and within each species and even within 

the tree, the conclusion was that more research needs to be done. In a later review Brunner et 

al., 1990 gave recommendations for the development of a wood surface scanner. The 

specific recommendations were: 

• use a diffuse light source to avoid specular reflection 

• avoid rough surfaces 

• select appropriate spectral power distribution of the light source to enhance contrast in 

the spectral features important for the problem 

• take care of Gamma correction 

• select the best possible colour space 

Colour-space techniques 

No single colour can be assumed to perform best in all image processing. Instead, a colour 

must be selected for the application being considered (Brunner et al. 1992), thus the 

considerably number of colour spaces tested. The basic definition of colour spaces is found 
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in Wyszecki et al., 1982; Hunt, 1995; Hård, 1995. Comparisons between the spaces and 

general colour behaviour have been infrequent, although selected comparisons have been 

performed by among others by Ohta et a l , 1980. They compared RGB, XYZ, YIQ, 

CIELAB, UVW, Ojrg andOjHS with a principal component transformed space Ol0203 

where the first Pc basically is the meanvalue of RGB and the second is the difference 

between R(ed) and B(lue) covering more than 95% of the variance in the investigated 

images which indicates that colour representation in many cases basically is a two 

dimensional problem. 

In wood science many colour measurements are done by comparative test, i.e. human 

observations, thus making comparisons difficult to use for image processing calibrations or 

hypothesis formulations. Measurements of wood colour variations have been reported for 

softwoods by Gray, 1961; Webb et a l , 1964; Sadoh et al., 1992; Marszalecet al., 1993; 

Hagman, 1996 and for hardwoods by Loos, 1964; Sullivan, 1966; Beckwith, 1976; 

Boardman et al., 1992; Klumpers, 1994, Hagman 1996. Sandermann et al., 1962, 

investigated the colour changes due to filtered ultra violet light for 75 commercial timbers 

species, reporting considerable qualitative and quantitative colour changes. 

In a paper investigating different colour spaces and their usefulness for separating and 

classifying surface defects on Douglas-fir veneer, Brunner et al., 1992, states that there is no 

benefit in mathematically transforming the original RGB data into other colour spaces, and 

that a two dimensional colour space is sufficient for separating encased knots, intergrown 

knots and pitch streaks from clear wood. 

Machine vision systems for wood inspection using standard RGB cameras are proposed by 

various research groups: Forrer, 1987; Alapuranen, 1992; Conners et al., 1992; Portala et al., 

1992; Silvén et al., 1994; Lampinen et al., 1994; Labeda, 1995 and as a commercial system 

by Lefevre, 1995 

Brunner, et al. 1993, states that; RGB is insufficient for wood surface feature extraction and 

proposes that an improved colour space based on a higher resolution VIS spectrum with 

more than three dimensions can improve the performance of a wood inspection system, thus 

setting the direction towards spectroscopic analysis of wood for pixelwise classification. 

Spectral techniques 

As suggested in this thesis and by Brunner et al., 1993 the RGB colour space, evolved for 

matching human colour perception, is not entirely sufficient for wood surface feature 
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extraction. Nor is grey-scale, even i f the spatial environment information in the image is 

used with various strategies. The use of CCD sensors in spectroscopic measurements 

enhances the possibility of using spectral information in high resolution for colour 

calibration, feature extraction and classification. 

Spectral measurements of wood surfaces have been done to investigate colour variations of 

wood surfaces reflections by: Moon, 1948; Petterson, 1982; Phelps et al. 1983; Denisov et 

al., 1989 and Hagman, 1996 and for vision purposes by: Marszalec et al., 1993; Parkkinen et 

al. 1994 and Lampinen et al., 1994. 

The use of an imaging spectrometer as a tool for wood surface scanning was presented for 

the first time at the 2nd International Seminar/Workshop on Scanning Technology and 

Image Processing on Wood by two papers, Waarala et al., 1995, and Hagman, 1995. 

Special strategies proposed for wood scanning are use of the dichromatic reflection 

modelling of wood surfaces (Maristany et al., 1992; Brunner et al., 1993) and the 

transformation of the VIS spectrum by principal components (Brunner et al., 1993; Lebow et 

a l , 1996). 

NIR spectral analysis methods to determine fibre orientation, surface roughness and 

moisture content on softwoods are proposed by Tsuchikawa et al., 1991, and Tsuchikawa et 

al., 1992. 

Smart image sensors 

The expression "Smart image sensor" has no official definition but can be categorized as 

follows (Åström, 1993), 

• random access of sensor array, no processing capability 

• integrated sensor and one single processor 

• integrated sensor and linear processor array 

• integrated sensor and 2-Dimensional array of processors 

The MAPP 2200 architecture used in some initial tests described in chapter 7.1 and used 

extensively by Åstrand, 1996, belongs to the two last categories of sensors. There are a few 

other smart sensors, some of them described by Åström, 1993, based on CMOS technology 

for sensors and the digital parts. A new sensor developed by DEC, Thomson CSF and a few 

others based on the DEC ALPHA 21064 275 MHz processor and the Thomson CSF CCD 
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sensor with random addressing has been introduced to the market (PAU, 1994). Image 

processing can be executed right in the sensor-internal bus-processor. The interesting thing 

with the sensor is the high capacity both in resolution 1024*1024 pixels and readout 400 

frames/second and 64 bit addressing. The readout is non destructive, thus overcoming some 

of the problems arising when using the MAPP camera. 

The use of the MAPP 2200 in wood inspection (Åstrand, 1996) is based on six different 

measuring principles utilizing the possibilities of addressing the sensor array much like a 

memory, row-wise in any sequence, combined with the individual control of exposure time 

for each sensor row. The experimental setup used includes a MAPP camera and three lasers. 

Two lasers mounted perpendicular to the longitudinal axis of the board at 45° left and right 

side angle, in the same plane as the camera and aligned to illuminate two adjacent sensor 

rows. The third laser is mounted at a 45° angle longitudinally. This is used for optical 

triangulation in the sensor. The MAPP camera is used as line scan camera, although the 

sensor has a two dimensional resolution (256*256 pixels). The idea is to use it as a 

multisensor, displaying various effects on various sensor rows and then combining them into 

wood-identifying features. The basic features extractable are: 

• grey-scale, identified as the sum of the two laser lines in the same plane as the camera 

• surface orientation, identified as the difference of the two laser lines in the same plane as 

the camera 

• Tracheid effect, a summation of the five adjacent lines on each side of the two laser lines 

• 3-dimensional profile, impact position within the sensor area (100-230 rows) used for 

dimensional measurement. The algorithm used is basically a sheet-of-light technique 

based on triangulation measurements obtained by the third angular laser. 

• grain deviation, reflected intensity from the angular laser 

The output from the five features can generate five approximately spatially identical images 

that can be used for further object segmentation and classification inside the chip or in the 

host computer. 
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1.7 Some basic definitions 

Classification — Partitioning of the feature space into regions, one region for 
each category, ideally without errors (Duda et al., 1973). 

Covariance — A quantity measuring the interdependence of variable quantities. 

Correlation — A quantity measuring the interdependence of variable quantities 
independent of the measuring units. 

Data — Data can be divided into relevant structure and residuals. 

Facit — The true answer, the correct solution which should be without error and 
noise, but seldom is. 

Feature — A distinctive or characteristic part of a thing that can be measured, 
symbolic or numerical or both (Schalkoff, 1992). 

Mould — Influence the formation of and make in a required shape 

Multivariate calibration — To use empirical data and prior knowledge to 
determine how to use many variables (x1,x2,...j:k) simultaneously for 
quantifying some target variable y. (x,y in vector notation; X, Y in matrix 
notation) 

Pixel — Contraction of picture element. The smallest part of which a digital 
image is composed. 

Prediction — Estimation of the target variable vector Y by Y = f(X). Note that 

the obtained values Y are only approximations of the true value Y (Martens 
etal., 1989a). 

Property — A characteristic attribute common to a class or object. 

Spatial coordinates (x,y)— Refers to the coordinates in an image, i.e. a two-
dimensional hght intensity function f(x,y). 

Spectrum — The band of colorants as seen in the rainbow (400—700 nm); the 
entire range of electromagnetic radiation. Or: A distribution of energy, 
radiation, mass etc. arranged according to frequency, charge etc. 

Quality — In the forest products industry the word quality has two meanings 
(Grönlund, 1995a), namely: the description of properties of the raw material 
or the products, and the ability to satisfy the needs and expectations of the 
customers. For a more thorough discussion of the subject see Grönlund, 1995. 
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Chapter 2 

Wood quality 

If one uses the most used definition of quality — "the totality of features and characteristics 

of a product or service that bear on its ability to satisfy stated or implied needs" — on wood. 

it is clear that there exist many associations to the quality of a tree or a piece of wood. Man\ 

quality aspects have been used and forgotten. Deviations from the straight tree without knots 

have always been used for different purposes, i.e. variations have been used as quality 

moulding features. As the wood manufacturing industry has degraded to adapt to 

mechanization and automation, variations come to be treated as defects. Negative grading 

expressed in quality classes, quality index or feature vectors are all based on reduction of 

quality grade by undesirable variations and are often based on mean values for a number of 

individuals. The knowledge of quality effects of certain features is acceptable but the 

structure of manual, as well as automatic, grading is hard to penetrate. 

A few variation-positive (compared to normal wood) industrial grading systems exist, e.g. 

veneer grading of birch, but mostly it is aestethical features or strength properties that are 

wanted by handicraftsmen using manual individual selection of wood pieces. Especially in 

aestethical grading, the features that are the bearers of properties that give a certain quality 

are not well known. We know the language for expressing our feelings for a wood surface 

(Broman, 1995), but we do not yet know how to measure it and predict its quality. 
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2.1 Quality classification codes 

The output of a classification operation often ends with a classification code that describes 

the classified object in terms of a rule based system. Wood quality is often expressed in 

ordered polytomous variables (Grönlund, 1992a), i.e. the log or board is allocated to one, 

and only one quality category and the categories are ordered. Ordering the categories does 

not define the distance (in some sense) between them, nor does it mean that the distances are 

constant. Modelling such data is often done by using dummy variables, i.e. one model for 

every class or category, a strategy that works well when the different classes are built upon 

different mechanisms. Continuous modelling is also possible i f the features building the 

classes are continuous. 

2.1.1 Logs 

The grading of logs is often based on predicting the output of the log breakdown operation, 

especially the quahty of the centre yield. This is a difficult task and human graders are not 

that successful (Grönlund, 1992b), and the value of this grading operation is to set the 

correct price for a delivery of logs, not to control the process of a sawmill. The latest log 

grading instructions (Anon., 1995) do not predict the sawn output, they only measure the 

visible features of the log. Automatic grading systems based on exterior scanning (Grace, 

1994) or interior scanning (Hagman, 1993) give better prediction but still cannot cope with 

different quality zones within the log. CT-scanning sometimes gives the same possibilities or 

even better performance than the scanning methods used on the sawn lumber. This is due to 

the fact that defect classification algorithms used in CT images (Grundberg, 1995) are not 

based on only one mechanism such as contrast, shape or spectral behaviour appearing on 

the surface, but also on some causal insight into the 3-dimensional structure of a tree. 

The quality of a log is determined essentially by the difference from a homogeneous ideal 

cylinder (from a sawmillers point of view ) or cone. Some of the quality properties are to 

some extent due to inheritance. These are: straightness, self pruning, knot angle, density, 

shrinkage, and length of fibres. To a lesser extent the stem diameter, knot thickness and 

number are due to inheritance (<20%) (Veiling, 1985). External factors affecting the 

obtained quality are site types (Uusvaara, 1991), provenance (Ståhl, 1990), climate, forest 

treatment, i.e. silvacultural treatment, thinning, pruning (Weslien, 1990) and harvesting. 

Deterioration by insects, fungi and deer, moose etc. also affect the quality yield of logs. 
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The feature vectors used for manual softwood log grading are: log type, i.e. the position in 

the tree stem, stem shape, various knots and their size and position, rot, compression wood, 

log blue, splits and checks, discoloration and spiral grain (Anon., 1995). Other properties 

sometimes used for quality classification in other solid-wood based products are width of 

annual ring, proportions of juvenile and mature wood, proportions of early and late wood, 

amount of reaction wood, amount of heart wood. In pulp production, properties such as 

density and dry matter content as well as such chemical properties as content of extractives, 

lignin and hemicellulose and cellulose, are important. 

The quality classes for soft wood logs are divided into four (Norwegian spruce) or five 

(Scots pine) grades where grade 1 (highest quality) for Scots pine indicates a root or middle 

log without any larger defects visible from the outside. The lowest grade, 4 or 5, allows 

almost all natural wood defects except rot and severe compression wood. 

2.1.2 Lumber 

In Sweden, with our stands of mostly small (from a world wide point of view) softwood 

trees, the quahty of lumber is determined by the amount of defects visible. In other countries 

clearwood is the only accepted property for higher quality grades, the reason for that might 

be historical, but of course the large diameters of both soft- and hardwood logs opens 

possibilities for finding clear wood surfaces. On a piece of lumber graded according to the 

Nordic wood sorting rules (Anon., 1994) the quality grade often is set by the worst one 

meter of the total length based on the edge sides and outer flat side. The pith flat side is 

allowed to have one lower grade than the total grade of the board. The quality classes are 

named "Sorter" and have four main classes A, B, C and D. Grade A is divided into four 

subgroups, A l to A4, which can occur in any amount in the quality. A l is considered highest 

quahty. 

Properties (Anon., 1994) that degrade lumber can be divided into groups, and as they 

degrade the lumber they are often addressed as defects. Knots (Fig 2.1) are the most 

important group and for normal trees they are the predominate determiner of quality. Knots 

appear in three biological conditions, sound, dry and decayed, and all other appearances 

(Figure 2.2) are due to geometrical variation between knot pith and sawing plane. Other 

groups are abnormalities (in sense of the normal life function of a tree) due to long- or short-

time external stress to the living tree such as fire, wind, snow load, high temperature, 

dryness or mechanical injuries. These are shakes, pitch pockets, bark pockets, scar, slope of 

grain, top break, compression wood, curly grain, pitch wood, and incipient decay log blue 
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stain. After felling, the log or the lumber can loose quality through bad processing in terms 

of drying conditions, transportation and storage. Quality losses appear as log blue stain, 

insect holes, brown stain, weather grey, mould, feed-roller marks, bad sawn surface, 

skewness and dropping damage. Properties outside these groups are width of annual ring and 

juvenile wood proportion (not mentioned in the grading rules). 

2.1.3 Components 

The grading of components is purely a matter of agreement between producer and end user 

of the component. Components for painted windows, i.e. length cut lumber, are not graded 

according to standard grading rules because of the fact that minor properties allowed (such 

as small black knots) could have a major impact on the production of the surface of the 

window. The top log of a tree was earlier considered a low quality part of the stem, but for 

furniture manufacturing with an end product that allows visible knots on the visible wood 

surface it has an interesting quality due to the fact that the knots that appear are sound. The 

new standard "Nordiskt trä" could still be used because the rules are organized as feature 

vectors, and new component grading rules could be agreed upon by adapting these features 

to new standards. 

2.2 Feature vectors used in grading 

Today grading in general is performed by human graders or in some cases by automatic 

inspection. Tables 2.1 and 2.2 are short summaries of the properties/features listed in 

Swedish grading rules accompanied by the way they are or could be detected by different 

systems. Feature extraction will be discussed in more detail in the next chapter. 
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Table 2.1 Log properties used in grading rules with used or proposed detection features 

Property occurring 
in grading rules 

Human 
percepted 
features 

Wood metric 
features 

Comments 

Log type 
(in forest) 

(at the sawmill) 

Position in tree 
Bark type 

Shape 

Branchiness 

Bark type 

Shape 

Length from root 
Spatial variation, colour, 
bark thickness 
Taper 
Branch strength 

Spatial variation, colour, 
bark thickness 
Density variations, 
taper, heartwood ratio, 
ovality, bow, crook, 
bumpiness, 

Mechanical measuring 

Grey-scale or colour 
scanning Radar 
Internal scanning (e g 
X-ray scanning, X-ray 
tomography, NMR), 
external scanning (e g 
2-d profile scanners, 
true outer shape 
scanners) 

Knot type 
Sound knot, 
dry knot 

Bark ringed, rotten 
or "spike" knot 

Visible knot 
Shape, colour 

Bark, colour, 
shape, 
position 

Bumpiness 
Density variation 
Diameter growth of knot 
Density variation 
Grey-sc ale and colour 
variation 

Internal scanning 

Internal scanning 
No application found 

Width of annual ring Early/late-wood 
pattern 

Density variation 
Grey-scale variation 
Colour variation 

Internal scanning 
Matrix- or line-
scanning cameras 

Decay Colour 

Position 

Colour variation 
Optical variations 

Density variation 

Surface scanning 
Light absorption/ 
reflectance 
Internal scanning 

Compression wood Ovality of 
crosscut, bow 
Late wood ratio in 
annual ring, 
pattern in crosscut 

Colour 

Ovality, bow, twist 

Density variation 

Colour scanning 

Internal, external 
scanning 

Internal scanning 
Matrix- or line-
scanning cameras 

Shape Crook, ovality, 
twist 

3-d shape Internal scanning, 2-d 
profile scanners, true 
outer shape scanners 

Water wood streaks ? ? No known appl 
Colour stain Colour Colour Surface scanning 

Shake Divided material, 
shadows, 

Density variation 
Grey-scale contrast 

Internal scanning 
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Property occurring 
in grading rules 

Human 
percepted 
features 

Wood metric 
features 

Comments 

Scar Bark 
Shape 

Shape 
Density 

Internal scanning, true 
outer shape scanners 

Pitch wood Extractive content 

Colour 

Density. 
Colour, optical changes 

Internal scanning. 
Surface scanning 

Curly grain Grain angle Bumpiness, surface 
unevenness. Density 
variation 

External, internal 
scanning 

Table 2 2 Lumber properties used in grading rules with used or proposed detection features 

Property occurring 
in grading rules 

Human percepted 
features 

Wood metric 
features 

Comment 

Knot type 
Sound knot 
Dead knot 
Partially intergrown 
knot 
Traversing knot 
Black knot 
Pin knot 
Bark ringed knot 
Rotten knot 

Grain angle 
Lightness contrast 
Colour 
Light scattering 
Shape 
Patterns 
Texture 
Bark 
Shadings 

Grey-scale contrast 
Fibre orientation 
Orientation 
Shape 
Dimensions 
Correlation 
Colour 

Density variations 
Attenuation 
variations 
Phase changes 

Acoustic variations 

Grey-scale line 
scanning, Tracheid 
effect scanning 

Colour scanning 

Internal scanning 
(Gamma-ray, X-ray, 
u-wave) 

Ultrasound 

Round-, oval-, arris-, 
splay- and spike knot 

See other knot types See other knot types 
Shape 
Correlation 
Patterns 

Rule based 
classification 
Learned patterns 

Scattered knots and 
knot clusters 

See other knot types 
Patterns 

See other knot types 
Shape 
Clusters 
Distance 

See other knot types 

Straight-, oblique and 
ring shake 

Inhomogeneity in 
structure 
Shadows 
Lightness contrast 

Grey-scale contrast 
Density variations 
Inhomogenity in 
mechanical or 
electromagnetic 
transmittance 

Grey-scale scanning 
X-ray scanning 
X-ray, |i-wave, 
acoustic emission 

Vane Lack of material 
Colour 

Shape measurement 
Colour 

Triangulation 
Colour scanning 
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Property occurring 
in grading rules 

Human percepted 
features 

Wood metric 
features 

Comment 

Bark Lightness contrast 
Colour 
Shape and position 

Grey-scale contrast 
Colour 
Optical effects 

Grey-scale scanning, 
colour scanning 
X-ray, u-wave 
scanning 

Pitch pockets Lightness contrast 
Colour 
Shape and orientation 

Grey-scale contrast 
Colour 
Optical effects 
Density variations 

Grey-scale scanning, 
colour scanning 

X-ray, p>wave 
Bark pockets se bark 
Scar Bark 

Grain direction 
Shape, position and 
orientation 

Spatial features 
extracted from basic 
components, i e bark, 
grain angle, density 
etc 

Grey-scale scanning, 
colour scanning 

X-ray, (i-wave 

Slope of grain Structure 
Directionality 

Annual ring pattern 
in grey-scale 
Tracheid effect 

Polarisation 

Grey-scale scanning 

Laser scanning 

u-wave scanning 
Top break Structure and position Spatial patterns Grey-scale scanning 
Compression wood Structure 

Colour 
Late wood ratio 
Shape of board 

Annual ring pattern 
in grey-scale in cross 
cut 
Colour 
Shape measurements 

Grey-scale scanning, 
Fourier analysis 
Colour scanning 
Triangulation 

Opposite wood 
(only visible in 
microscope) 

Long tracheids, 
Helical thickenings in 
late wood 
Thick S3 layer 
Narrow growth rings 
Small late wood 
proportion 

SEM-images No application found 
or proposed 

Curly angle Structure 
Colour 
Shape of board 

Grey-scale patterns 
Texture 

Grey-scale scanning 

Pitch wood Colour of pitch 
Specular reflectance 

Colour 
Light scattering 
effects 
Density 

Colour scanning 

X-ray, u-wave 
scanning 

Log blue stain Colour of stain Colour Colour scanning 
Incipient decay, dote Colour of fungi 

Colour of material 
left 

Light scattering 
effects 
Colour 
Density 

Grey-scale scanning 

Colour scanning 
X-ray, fi-wave 
scanning 

Width of annual ring Early/late wood 
pattern 

Grey-scale or colour 
contrast between 
early and late wood 

Grey-scale scanning 

Colour scanning 
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2.2 Feature vectors 

Property occurring 
in grading rules 

Human percepted 
features 

Wood metric 
features 

Comment 

Brown stain Colour of fungi 
Colour of material 
left 

Light scattering 
effects 
Colour 
Density 

Grey-scale scanning 

Colour scanning 
X-ray, u-wave 
scanning 

Weather grey Degradation due to 
UV-radiation = lack 
of lignin 

Colour Colour scanning 

Mould Colour of fungi Grey-scale variations 
Colour 

Grey-scale scanning 
Colour scanning 

Pith Colour 
Surface roughness 
Shape and position 

Grey-scale contrast 
Colour 
Shape and position 

Grey-scale scanning 
Colour scanning 

Mechanical marks 
and insect holes 

Surface roughness 
Shade and shape 

Grey-scale variations, 
shadows and shape 

Grey-scale scanning 
Roughness 
measurements 
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Chapter 3 

Wood features 

In the Swedish Forest Products industry the raw material, wood, has properties created by 

silvacultural, meteorological and ecological conditions for the last 75 to 150 years. This means 

that even i f we today knew how to obtain "optimal" trees from the forest it would take at least 

75 years before we could harvest the result and use it in our sawmills and secondary 

manufacturing. Probably problems would arise anyhow because of change in demand from 

the customers. Maybe sawmills would not exist at all because we need all the trees as oxygen 

producers to survive. Or the chemical industry could pay much more for their need of raw 

material from extractives. Who knows? As an indicator of the need for maintaining the 

variability, the IUFRO XX World Congress held in Tampere in 1995 could give us a clue. 

The main topic in the keynote sessions was the need of biodiversity and sustained forestry. 

We cannot predict the future in terms of climate and the forest's response to these changes. It 

is therefore not wise to introduce cloned monospecied forest with specified properties. This 

indicates that for the foreseeable future trees will keep or change their variations and thus, 

must be equalized (e.g. laminated beams, particle board etc.) or sorted by some system for 

optimal use in a modem process. Such a sorting system is partly defined by the features that 

directly or indirectly describe the desired properties of the output. 
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3.1 B i o l o g i c a l and chemical 

As seen in Figure 1.1 and 1.2 in Chapter 1, the appearance of one single biological feature, a 

knot, can vary in many ways due to the position of the cutting plane within the stem. 

Considering the amount of knots in a tree, 150-1000 for soft woods, and their positioning in 

the stem (Figure 3.1), combined with other tree features also seen in Figure 3.1, and their 

polar occurrences differing from the Cartesian coordinates that boards are sawn in, one 

realizes that they could be described in many ways, and extremely seldom are there two alike. 

The sawing pattern chosen or simulated (Figure 3.2) exposes only a few of the possible 

patterns hidden within the stem or the log. 

Figure 3.1 Some woodfeatures occurring in a three-dimensional CT representation of a 

piece of a tree, 0.94 m of the hut log. Log to the left showing of the density 

representation of the surfaces of the log, middle showing bark and heart 

wood, right showing sap wood and knots in heart wood. 



Wood features 

3.1 Biological and chemical features 

3.1.1 Anatomical aspects 

To the human observer, and particularly to the production manager, lumber seems to have 

endless variations. Differences exists between softwood (conifers) and hardwoods 

(deciduous), between various species and within species and even within one sample. These 

variations are all the result of the development and growth of wood tissue. This tissue is 

constructed to meet the natural needs of the tree and consists, therefore, of strengthening, 

conducting and storing cells. The structure of a tree is one of tissue fibre cells and their 

organization to fulf i l three important tasks: 

• bring the needles or leaves to sun exposure 

• to transport water from the ground to the branches 

• to store assimilates . 

It is important to understand that there is a big difference between soft- and hardwoods. 

Softwoods have a relatively uniform structure in clearwood areas, the tracheid cells oriented in 

the same direction as the stem cover more than 90 % of the area. Hardwoods, being 100 

milhon years younger, have a more complicated structure and a larger variety of speciahsed 

cell types. (Table 3.1) 

Table 3.1 Various cell types in soft- and hardwood (from Fengel et al. 1984) 

Type of wood Mechanical 
function 

Conducting 
function 

Storing 
function 

Secreting 
function 

Softwoods Late wood 
tracheids 

Early wood 
tracheids 
Ray tracheids 

Ray parenchyma 
Longitudinal 
parenchyma 

Epithelial cells 

Hardwoods Libriform cells 
Fibre tracheids 

Vessels 
Vessel tracheids 

aaoeooocccoooooooinnnaooeooaoooooeoeoeoacaooooeo 

Ray parenchyma 
Longitudinal 
parenchyma 

Epithelial cells 
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3.1 B i o l o g i c a l and chemical 

Anatomically speaking, wood can be described macroscopically in a mixed polar and Cartesian 

coordinat system. This of course refers to the shape of the tree stem, but also to the function of 

it. The two polar surfaces are the radial and tangential planes, the Cartesian is the transverse 

plane (Figure 3.1.3) 

Figure 3.1.3 SEM micrographs of two hardwood blocks one diffuse porous (upper left) 

and one ring porous (upper right) and one softwood block showing the three 

main surfaces in the tree. Tr, transverse face; Tang, tangential face, Rad, 

radialface. 

In softwood the visible structure of the clear wood is built up by the annual ring pattern as a 

result of the early wood and late wood growth during one season and their different 

appearances due to cell wall thickness. 

In hardwoods the visible structure is obtained by far more features — the vessel distribution 

(diffuse porous, ring porous), their size, the optical effects of rays, as well as the various 

amounts of different cells. 

From a scanning point of view, softwoods and hardwoods must be separated in terms of 

optical mechanisms and algorithm development 

31 
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There are indications that even among the Swedish softwoods, Scots pine and Norway 

spruce, the inspection methods must be separately developed both for log grading (Hagman, 

1993) and lumber grading (this statement is based on practical experience in implemented 

systems). Among hardwoods some general solutions have been tested (Conners, 1989) but 

probably special solutions or at least species adaptation must be used for various species. 

3.1.2 Ultrastructure in softwood cells 

The cells building the wood structure in softwood are considered as a composite structure, 

with cellulose fibrils as structural elements surrounded by matrix material, poly oses and 

lignin. The cell walls of the softwood tracheids are described (Fengel et al., 1984a) as a 4 

layer composite consisting of a primary wall (cellulose fibrils in crossing layers), a secondary 

wall 1 (= helical slope of fibrils), a secondary wall 2 (steep fibril angle) and a tertiary wall 

(gentle, not strictly parallel slope of fibrils) with a high content of matrix material. The cells are 

"glued" together by a middle lamella almost totally lacking in cellulose. The difference in cell-

wall thickness between early and late wood cells is due to changes in the secondary wall 2 

thickness. The normal tracheid cell has certain optical properties discussed below in Chapters 

3.1.3 and 3.3.4. In softwoods, in evolving from early wood to late wood the cell diameters 

become smaller while the cell walls become thicker. At the end of the growth period tracheids 

with small lumina and small radial diameters are developed while at the beginning of the 

growth period tracheids with large lumina and diameters are developed. This abrupt change is 

visible to the eye as an annual ring. The definition of late wood compared to early wood is a 

ratio (2*CT>LD) between cell wall thickness (CT) and lumina diameter (LD). 

If the cell is distorted, as when forming compression wood as a reaction to outer forces, or 

spoiled by fungi, the optical properties are changed. 

In the first case the compression wood is darker due to high lignin content, the tracheids are 

short and rounded without the tertiary wall and helical cavities in secondary wall 2. 

In the second case, the wood material is decayed due to selective degradation of some 

components of the wood cells. Brown-rot fungi degrade the polysaccharides by enzymatic 

action causing depolymerization of the cellulose and polyoses and leaving the lignin rather 

unaffected as detected by UV microscopic an UV spectroscopic studies (Fengel et al. 1984b). 

The result is a brown, shrunken tissue. 
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3.1 B i o l o g i c a l and chemical 

White-rot fungi sometimes attack softwood but mainly hardwood. They have a preference for 

lignin (Fengel et al., 1984b) but also attack pectin, polyoses and even cellulose. The lignin is 

not fully incorporated into the metabolism of the fungi. New condensed products are detected 

by the UV-absorbency spectrum indicating that the UV spectrum (220-300 nm) could be of 

importance for white-rot classification. The appearance of white rot is in the beginning brown 

but after a while white due to the absence or lower level of lignin. 

Soft-rot fungus enzymes attack and degrade all cell wall components and have therefore no 

significant colour change, but the optical effects should change due to degradation of the cell 

wall. 

3.1.3 Fibre direction in softwood 

The common organization of wood tissue for a normal tree is fibre direction more or less 

parallel to the length axis of the tree interrupted by distortions fulfilling other demands of the 

organism. Demands exemplified by bringing out the needles to the sun, i.e. branches, 

reinforcement due to external load or damage, etc. In the forest industry, the desired raw 

material input is normal wood. Normal wood is often defined as straight grained sound wood 

with or without knots. The fibre direction in sawn lumber is an important feature that often 

separates clear wood areas from other areas, thus indicating normal wood. Fibre direction 

detectors are used as direct (Soest et a l , 1993) or indirect indicators (Åstrand, 1996) of sound 

softwood. The sensors used are based on the fact that light transmission is primarily in the 

grain direction causing scattered light to be observed as an elliptical smear around a point of 

incident hght. This effect is described as the "tracheid effect". Most defects block this 

transmission either by having a cell stmcture deviating from the long and slender one in 

normal tracheid cells or by destroying the cell wall structure. 

3.1.4 Chemical composition 

Wood can be divided in two different chemical component groups — the main macromolecular 

cell wall components cellulose, polyoses and lignin, present in all woods, and minor low-

molecular components such as extractives and mineral substances, varying from species to 

species. 

Cellulose is a main component in wood (40-50 %) with a high degree of polymerisation (DP) 

and is found in the cell wall organized in fibres built up by fibrils that to 60-70% are crystalline 
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Wood features 

(Fengel et al., 1984c). It consist of anhydroglucopyranose in a uniform chain structure 

forming a hnear polymer. 

Hemicellulose or polyoses are a group of polysaccharides composed of various sugar units 

and in much shorter branched molecular chains. Softwoods and hardwoods differ in the 

percentage of total polyoses but also in percentage of individual polyoses (Fengel et a l , 

1984d). The main component in softwood polyoses is glukomannan (8-14 %) consisting of 

mannose and glucose units. For hardwoods xylans dominate (15-25%). Galactan is found in a 

large amount in larch (Larix decidua) and also found in higher amount in compression and 

tension wood (Fengel et al., 1984d). 

Lignin in wood species ranges from 20-40%, and the highest hgnin value is in the lowest, 

highest and inner parts of the stem, softwood branches, bark and compression wood (Fengel 

et al., 1984e). Lignin is a very complex polymer. Lignin is easily detected with UV-

spectroscopic analysis due to distinct absorption because of its aromatic character and several 

chromophoric structural elements. A maximum peak is for softwoods around 280 nm and for 

hardwoods somewhat lower, 275-277 nm. The problem when using these wavebands is that 

absorption could be strongly affected by contaminating degradation products of 

polysaccharides such as furfural. Characteristic IR-bands for lignin are at 1510 and 1600 1/cm 

(6.250 and 6.667 urn) and they are sufficient for differentiation of softwood and hardwood 

lignins. 

Extractive percentage in soft- and hardwoods in temperate zones such as Sweden, is low in 

terms of sound wood but can be in higher concentrations in certain parts of the tree, e.g. in 

branch bases, heartwood, pitch pockets, roots and areas of sore irritation. They might be 

feamres for classification of such properties but a problem is the variation of the complex 

chemical composition. Some extractives are water soluble and thus might affect the colour and 

optical effects of artificially dried wood. Others are only soluble in organic solvents but can 

degrade during the seasoning of wood. Resin is a definition of extractives that is based on a 

mixture of different compounds which mutually inhibit crystallisation (Fengel et al., 1984e). 

For a further description of extractives see Fengel et al., 1984e. 
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3.1 B i o l o g i c a l and chemical 

3.1.5 Effects of light 

The colour of wood is changed due to exposure of light. Some wood gets a lighter tone and 

some a darker tone. Light changes wood colour towards grey, yellow, red-orange or brown 

hue due to the chemical composition and in many cases particularly to the extractive 

components. Other components affecting colour changes are temperature, water and 

atmosphere. (Fengel et al., 1984f). Weathering also affects the roughening of the wood 

surface due to degradation, secondarily affecting the optical effects of the wood surface (see 

Chapter 3.3.4). The main photochemical reaction is due to chromophoric groups present in 

lignin architecture (Hon, 1981) and is also responsible for the photoinduced yellowing of 

wood. Lignin also acts as a protector against hght exposure on cellulose. 

UV-light with shorter wavelengths than 340 nm has the energy to break molecular bounds and 

produce free radicals in wood. 

The colourants are quinones, quinone methides and stilbenes (Fengel et al., 1984f). For light 

at longer wavelengths (high-UV and VIS) a photosensitized degradation take place. Cellulose 

itself does not absorb hght in that region but impurities (sensitizers) can absorb hght and 

convey the effective energy to the reacting molecules of the cellulose. The increase in carboxyl 

and carbonyl groups yellows the surface. Other colourants appearing are transformed 

monosaccharides derived from hemicellulose. Especially in oxygen rich areas these are often 

water soluble colourants (Hon, 1991). 

The reactive depth of the wood surface is from 0 to a few milhmetres but could be deeper due 

to fibre direction effects (Chapter 3.3.4) and the reactions are both fast reactions (hours) and 

slow reactions (years). The moisture content and pitch content also affects the reactive depth of 

the hght by changing the optical behaviour due to changing of refraction index, decreasing 

semi specular (Soest, 1993) reflection surfaces in lumina and the opening of the structure by 

the increase of water molecules. 

The resulting effect on colour can vary during the period, see Figure 3.1.5.1, showing colour 

measurements of the surface of a freshly cut Scots pine board with and without direct sun 

exposure for various exposure times. 
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Exposure time (min) 

Figure 3.15.1 Colourimetric measurements (chapter 3.3.1) of a freshly sawn Scots pine 

surface showing the indexed changes (Startpoint initial values = 0) values for 

a board stored for 3 week indoors and then exposed to sunlight for 6 hours 

three days in a row. Note the discontinuity in time scale 

3.1.6 Effects of temperature 

In sapwood surfaces situated near the wane a dark colouring often occurs when dried at high 

temperatures (Sehlstedt-Persson, 1995). This is assumed to be explained by caramelization. 

Caramelization is a thermal degradation of low-molecular carbohydrates where sugar becomes 

darker, loses water and becomes more aromatic during heating. Thus, variation in 

carbohydrate concentration depending on position north/south in the tree and on the time of 

felhng can give variations in colour. 

Caramelization can also be the reason for the darkening of heartwood, thus acting on the 

decomposed hemicellulose. The presence of amino acids in combination with sugar in high 

temperature processes leads to discoloration and yellowing due to the Maillard reaction 

(Theander et al., 1993). 
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3.2 Spat ia l domain 

3.2 Spatial domain features 

The term spatial domain refers to the aggregate of pixels composing an image used in digital 

image representation (Gonzales et a l , 1987a), where the (in most cases) monochrome image 

is a light intensity function f(x,y), where x and y denote spatial coordinates, and the value of 

/ at any point (x,y) is proportional to the brightness of the scene and also to the sensitivity of 

the sensor at that point. A digital image is an image that has been discretized both in spatial 

coordinates and in brightness. In this thesis 8-bit resolution is used for hght intensity 

representation but the spatial resolution could vary due to sensor resolution, storage capacity 

or the scanning speed. 

Figure 3.2.1 Digital representation of a light-intensity function f{x,y)representing the 

interaction between illumination, reflected and scattered light from the 

surface and the sensitivity of the sensor elements. Properties found in the 

image are sound wood, sound knots, pith and drying shakes. 

Spatial features denote variations appearing in the scene that give variations in reflected 

intensity of the power spectrum detected by the sensor elements (pixels). In Figure 3.2.1 a 

digital image of a Scots pine pith face is shown, where a human observer (with some training) 

could observe different properties on the digitised surface. Variations could be due to 

variations in illumination or surface such as roughness, reflectance, opacity, material or 

chemical composition. By investigating these variations in terms of gradients, statistics, 

texture and patterns, features could be extracted that are connected to the stmcture of wood and 

its quahty features. 
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Wood features 

3.2.1 Contrast 

Contrast is the desired difference in terms of grey-scale values that makes it possible to 

distinguish between an object and its background. Contrast in an image such as Figure 3.2.1 

is a matter of difference in hghtness in the scene, dynamics of the sensor/sensors and the ratio 

between object size and pixel size. General noise variations in terms of gradients and statistics 

in the scene also have a big impact on the contrast. The contrast could be enhanced by 

selecting ülumination/sensors with high dynamics for the different properties/objects to be 

identified. Contrast can also be obtained using other properties than pure light reflection, i.e. 

shadows, absorption of electromagnetic waves, scattering effects or colour. 

Wood surfaces have a natural variation even within sound wood areas, in terms of variations 

between species, populations or within each tree, due to diversity in biological, anatomical and 

reflectance properties. This could be visualised by the grey-scale histogram of an image 

(Figures 3.2.2 & 3.2.3). Density and chemical composition variations within annual rings 

(Figure 3.2.4 lower part) give contrast especially for softwood, but also for some hardwood 

species. The contrast can also be increased by using sensor spectra that amplify sought for 

variations due to some kind of physical or chemical mechanism (Figure 3.2.4 upper part) . 

Other wood properties that can give contrast to clear wood are pitch, pith, knots, reaction 

wood, rot and mould (blue stain) as well as dirt. In Table 3.2.1 possible or utilized contrast-

giving mechanisms for scanning are shown together with their applications. 

Figure 3.22 Areas chosen for histogram plot. 
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Clear wood 

Sound knot 

Shake 

Pith 
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G r e y s c a l e v a l u e 

Figure 3.2.3 Histogram plots showing the relative frequency distribution for the whole 

image, and local areas around different properties of the surface. 

Better contrast (specially for human observers of digital images) can also be obtained by 

histogram-modification techniques such as grey-level transformation, histogram equalization 

or local histogram equalization (Gonzales et a l , 1987b) upon the images obtained by some of 

the above mentioned mechanisms. 

Figure 3.2.4 Contrast within annual rings observed as grey-scale variations between early 

and late wood. Above: appearance in monochromatic image scanned with 0.1 

mm/pixel resolution at 450 nm. Below: Grey-scale showing the integrated 

reflectance over the whole visible spectrum. Dark areas : late wood absorbing 

more blue light than early wood giving a higher contrast in the 450 nm image. 
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Table 3.2.1 Contrast mechanisms and wood features. 

Mechanism Property Sensor type 
Specular reflectance Fibre direction/angle 

Knot 
Rot 
Stain 
Surface roughness 
Polarization 

Grey-scale sensor and 
specular hght. Combination of 
two sensors and light. 

Tracheid effect Light scattering in soft wood 
tracheids 

Difference measurements of 
scattering. Combination of 
two sensors and light/laser. 

Body reflectance Matrix material 
Pigments and colourants 

Grey-scale sensor 
Spectral sensor 

Light scattering Fibre direction/angle 
Rot 
Knot 
Moisture content 
Pitch content 

Grey-scale sensor and indirect 
angular hght 
Difference measurements of 
scattering 

Dephasing of the electric field 
for transmitted waves 

Fibre direction/angle 
Density 

Microwave sensor 

Polarisation of the electric 
field for transmitted waves 

Fibre direction/angle Microwave sensor 

Chemical constituents Bark, pitch wood, 
Compressionwood, Mould 

Spectrometry 
NfJl-spectrometry 
UV-spectrometry 

Physical phenomena Surface roughness 
Bark 
Pith 
Nonwood objects 

Spectrometry 
NIR-spectrometry 
UV-spectrometry 

Shadows or optical anisotropy 
due to machining 

Shakes 
Surface roughness due to 
mechanical treatment 

Grey-scale sensor and angular 
light. 

Attenuation of electromagnetic 
waves 

Early/ late wood 
Knot 
Pitch wood 
Rot 
Juvenile wood 
Heart/sap wood 
Shakes 
Moisture content 

Absorption of electromagnetic 
radiation: X-ray, Micro-
densitometer 
Gamma rays 
Microwaves 

Microwaves 
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3.2 Spat ia l domain 

3.2.2 Shape and position 

The abnormahties occurring on a wood surface can be divided into two main groups: 

• Macroscopical objects distinctly varying from clear wood in spatial and feature sense, such 

as knots, shakes, bark , pitch pockets etc. 

• Microscopical objects that in large numbers influence the macroscopical appearance of the 

global surface. These are early/late wood, stain from fungi, rot, rough planing surface, 

burn marks, dust, colour changes due to drying or weathering. 

In the first group many features could be used for classification if the objects in some way are 

segmented from each other or from the sound wood. Shape features like size, length, width, 

large/small axis ratio, diameter and perimeter are used for defect classification both in 

proposed (Conners, 1989) and actual (Anon., 1991a) applications for wood inspection. 

Using causal insight into wood anatomy, the position combined with the shape of an object 

could be used, maybe not as a stand-alone classifier but as a hypothesis generator or as a false 

alarm detector. Expert or A I systems for defect classification could be set up using these 

features, but of course their performance is highly dependent on the earher thresholding and 

segmentation stages. 

The latter group have to be classified by the behaviour (or feature vector) of the singular pixel. 

3.2.3 Morphology, kernels and correlation 

When searching for the features describing shape it is important that the feature generator 

methods selected are insensitive to changes in size, translation and rotation. This could be 

done either by scaling and retransformation of the raw objects (Hagman et a l , 1995) or by 

choosing invariant methods. The problem with wood features is that they are biologically 

based, i.e. the models of primitives for decomposition of more complicated shapes are not 

there but much work is today being done in this field in finding primitives of biological 

objects, such as face recognition, fingerprint classification and image classification. But still a 

travesty of the question " Where is the Kidney Bean, the Tadpole?" (Levine, 1985) is relevant: 

Where is the Knot, the Grain ? The answer may come from an orthogonal (meaning 

independent) but not unrelated field, rendering and animation of videos and movies, where 

models for shaping biological structures and surface appearances such as wood panels are 

developed. 
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Many techniques and algorithms are proposed for finding morphological features based on 

boundary description, regional description and texture description (Gonzales et al. 1987c) as 

well as features based on similarity, starting with pixel matching and ending with comparing 

images in some way. An example: searching for knots could be a matter of one or several knot 

kernels (shapes of fibres, round knot, star like cracks and so on) tested over the whole image 

by, for example, correlation in the spatial or frequency domain. 

3.2.4 First-, second- and higher-order statistics 

First-order statistics is defined as statistics based on the grey-level histogram properties, i.e. 

the position within the image does not contribute to the information features obtained. Second-

order statistics takes into account the spatial position of the grey-scale values. High-order 

statistics takes into account the phase in bispectra or trispectra. 

By dividing the image space into disjoint rectangles, local first-order statistics can be calculated 

that provide a feature vector that can be used for low resolution segmentation and/or 

classification. Mean value, variance, skewness and kurtosis are features that are used in wood 

surface inspection (Forrer, 1987) on intensity images (see colour; Chapter 3.3) and colour 

difference images. Of course, any input image could be used using different resolutions in the 

rectangles. Results from morphological operations or from filtering operations can extract new 

information out of the raw image data. 

Second-order statistics, i.e. descriptions of a grey-level co-occurrence matrix such as contrast, 

inverse difference moment, angular second moment or entropy (Rosenfeld et al., 1982), can 

also be used as features. The grey-level co-occurrence matrix is a two-dimensional quadratic 

matrix with the dimension set by the number of grey levels representing the difference between 

a pixel and its neighbours. 

The first-and second-order statistics can be used for fixed disjoint rectangles or as filtering 

operators acting on each pixel. For large filter kernels the operations are dense in calculations. 

Dedicated hardware and parallel processing is often needed for on-line apphcations. 

Higher-order statistics could be considered the description of higher-order information within 

the multidimensional data such as second-order spectrum and cross-spectmm of the data as 
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3.2 Spat ia l domain 

well as higher-order integrated polyspectrum of the data. The representation of these features 

is complex and probably needs a tensorial approach. 

Interesting though these high-ordered methods may be they are beyond the scope of this work. 

3.2.5 Texture 

Texture on a surface can be quantified, intuitively, as measures of properties such as 

smoothness, coarseness and regularity (Gonzales et al., 1987c). Statistical measurements yield 

texture features such as smoothness, coarseness or graininess. Structural techniques use image 

primitives (Chapter 3.2.3) to describe texture. Fourier transform uses the spatial spectrum to 

detect periodicity by identifying peaks in the Fourier spectrum. 

The idea is to separate macroscopical effects from small effects creating patterns, no matter the 

primitives, transformation or filters used. Tatari, 1987, proposes different strategies for 

selecting the proper texture analysis method for wood surfaces. Ersbøll et al., 1992, used a 

technique to determine texture features such as local orientation and local frequency 

(Granlund, 1978; Knutsson & Granlund, 1983) as a general toolbox for development of beech 

wood surface texture features. Other proposed or industrial wood inspection systems 

(Conners et al., 1983, Koivo et al., 1986, Silvén et al., 1994, Anon., 1991a) use texture or 

other feamres for local region features mostly used for finding and separating sound wood 

areas, very often less dramatic in feature variation than defect areas. 
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3.2.6 Principal components 

Principal Component Analysis (PCA) is known under many names, depending on the 

paradigm it is used under. The Hotelling transform, the discrete Karhunen-Loeve transform 

and the eigenvector transform of covariance matrixes are all synonyms for the principal-

component (Pc) transform obtained through PCA. 

Principal component scores (Martens et al., 1989) can be used as features due to their ability to 

concentrate and separate information and mechanisms in large data sets. 

PCA can be used for extraction of features or primitives for spatial patterns (Hagman et al., 

1995) where the Pc's often separate different patterns or mechamsms within the spatial image 

pixels. For multispectral data PCA can act as a data compression method reducing the 

complexity from many variables to a few highly valid ones. 

Images or image stacks can be considered as large matrixes containing spatial (x,y) variables 

describing the surface or parts of the surface. In image stacks where each of the images has an 

identical geometrical position in the scene but based on different sensing mechanisms, each 

pixel has a vertical (spectral) feature vector. Of course, these vectors/matrixes can be used as 

feature vectors for further processing, but it has been shown that data compression by PCA 

gives latent features that are more useful than the basic data set (Pedersen, 1994). For 

multispectral image data a special case of PCA is used, Multivariate Image Analysis (MIA) 

(Esbensen et. al, 1989) where the principal component score plots can act as new highly 

informative features. This is due to the fact that sometimes the problems cannot be solved by 

ordinary methods like univariate regression or multiple regression due to lack of selectivity (no 

single variable is sufficient to classify or predict the output), to lack of knowledge, or to 

collinearity among the variables. 

3.2.7 Artificial neural networks 

The use of artificial neural networks as feature extractors is not unknown. The method itself is 

a data compression method where, for example in the back propagation network, a number of 

input nodes (variables) are compressed to the number of hidden nodes used. The minimal 

number of hidden nodes needed is deterrnined by the number of primitives (or latent variables 

or Pc's) needed to define the problem (Hagman & Grundberg, 1995). 

44 



3.2 Spat ia l domain 

Especially self-organizing neural networks such as the Kohonen network are basically feature 

extractors that try to identify classes or structures in a data set. 

3.3 Spectral features 

Colour as science can be divided into two main areas, colour matching and spectrophotometry. 

Colour matching is the branch of colour science where human observer colour perceptions are 

quantified into continuous functions of physical parameters defining the spectral radiant power 

distribution of the stimulus. The idea is that stimuli that look alike to the observer should have 

the same specification. The models for colour matching are often based on empirical 

trichromatic values of psychophysical or psychological terms of colour (Wyszecki et al., 

1982). 

Spectrophotometry, on the other hand, is based on physical measurements of the spectral 

transmittance/reflectance of objects for each wavelength (at some spectral resolution). 

The colour of wood (from the human observer's point of view ) is a mixture of illumination, 

its power distribution and iUumination angle, the spectral reflectance/transmittance of the 

colourants inside the material and surface effects due to specular effects and scattering. 

3.3.1 Colour spaces 

In a colorimetrical sense the number of primitives needed for representing colour is three for 

humans, for video cameras and often for colour reproduction on screens or for printing. The 

sensing process is irreversible, i.e. the power spectrum cannot be reshaped. 

The RGB-vector is a three dimensional vector space where the abbreviations R (red), G 

(green), B (blue) are chosen because they are the predominant colour of each response. The 

colour matching functions (Wyszecki et al., 1982) seen in Figure 3.3.1 can be mathematically 

transformed to other spaces, linearly or nonlinearly, for the purpose of causal explanation of 

the visible light (VIS) power spectrum, such as brightness and croma or, for other technical 

purposes such as trying to create a more uniform colour space. The L*,u*,v*, the L*,a*,b*, 

the L*,C*,h*, (Wyszecki et al., 1982), the Munsell colour system (Anon., 1929) and the 

NCS-system (Anon., 1990) are such systems. Different researchers (Klumpers, 1994; 

Sullivan, 1966; Moon et al., 1948) have used different transformations and apparatus for 

colour measurements, so few standardized and comparable results are available. It has been 

suggested (Brunner et al., 1993a) that modelling with different transformed colour spaces 
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does not significandy improve the classification of wood features. Human interpretation and 

perception can be enhanced by choosing a colour space that gives causal insight, i.e. 

integrating lightness into one feature. 

Other colour spaces can be obtained by principal component decomposition of the RGB-space. 

Ohta, 1980, imphes that for many natural scenes, the RGB space can be reduced to a two-

dimensional plane represented by the vectors (R+G+B)/3 and R-B/2 indicating a colour plane 

instead of a colour space. This can also be derived from other authors such as Brunner et al., 

1992, and Klinker, 1988, stating the same i f the specular reflection effect is small. Some 

measurements within our research group (Hagman, 1996) also indicate that sound wood 

colour lies on a plane in the RGB space. The question is whether the RGB feature vector is 

sufficient for separating wood features. When using colour spaces of more than three 

dimensions, i.e. based on principal components compression of discrete and digitized 

reflectance curves, better results for wood feature classification have been obtained (Brunner et 

al., 1993a). This indicates a more complex mechanism of the curve shape than could be 

resolved by 3 primitives. How many are needed is a matter of curve mechanism complexity, 

number of mechanisms modelled simultaneously and noise level of the data. This wi l l be 

discussed in Chapter 6.2.2. Brunner et al., 1993a, have demonstrated that between four and 

eight principal components are sufficient for representing the visual spectrum for wood defect 

recognition for one species. 

Figure 3.3.1 RGB-colour matching functions. Adapted from Wyszecki et al. 1982. 
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3.3 Spectra l features 

3.3.2 Spectral fingerprints 

I f there were spectral "fingerprints" as clear as those seen from different coloured paper sheets 

connected (Figure 3.3.2.1) to each wood surface object or property, classification would be an 

easy task. Unfortunately, the reflectance curves for most features have more or less the same 

basic shape, although that shape can differ due to the light/sensor arrangements (Figures 

3.3.2.2, 3.3.2.3 and 3.3.2.4). This requires the fingerprints to be based on minor variations, 

making the classification a much more delicate matter. However, methods for pixelwise 

spectral classification have been proposed and tested (Brunner et a l , 1993a; Marszalec et al., 

1993; Parkkinen et a l , 1994; Vaarala et al., 1995; Lebow et al., 1996). These results imply 

that wood features could be measured indirecdy by a spectrophotometric approach or by 

designing special filters (optical, hardware or software implemented) for matching special 

wood features. 

Figure 3.3.2.1 Spectral curves for coloured paper sheets scanned with a PGP imaging 

spectrometer 
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Figure 3.3.2.2 Spectral curves for different wood surface features from Smolander et al 
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Figure 3.3.2.3 Spectral curves for different wood species from Parkkinen et al., 1994 
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Figure 3.3.2.4 Spectral curves for different tangential wood surface features from a 

Norway spruce board, scanned with a PGP imaging spectrometer. CW: clear 

wood, Knot: sound knot, Rot: soft rot, Compr wood: Compression wood. 

3.3.3 Dichromatic reflection model 

When light hits a wood surface some of it is reflected direcdy from the surface, Ls, and some 

of it is reflected from inside the material, Lb (Figure 3.3.3.1). Under the assumption that 

wood can be treated as a nonuniform, opaque, dielectric material (Klinker, 1988), a physically 

based reflectance model (Shafer, 1985) called the Dichromatic Reflection Model (DRM) could 

be used. The model is valid only under the assumption that there is only one light source, no 

ambient light or inter reflection between objects and further, that the material has randomly 

distributed and completely embedded pigments. This is not true for wood, but it seems to be a 

fairly reasonable and very useful approximation for many dielectric materials (Klinker, 1988) 

and also for optically anisotropic materials such as wood (Maristany et al., 1992). 
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Figure 3.3.3.1 Light reflection approximation of a wood material. 

The model describes reflected hght L from a point on the object surface as a mixture of Ls, 

surface and Lb, body reflection. 

L = LS+Lb (3.3.3.1) 

The colour at each image point is the sum of specular spectral-power distribution reflection, cs, 

(approximately the same spectral power distribution as the illumination) and the body spectral-

power-distribution reflection, cb. The magnitudes (ms and mb) of these colour components 

vary from point to point as a function of varying hghting angles, but the colour of the surface 
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and body reflection themselves do not vary across the surface of a single uniformly coloured 

object. This leads us to the DRM model. 

L = mscs+mbcb (3.3.3.2) 

We now have a separability between wavelength composition and the scene geometry, as the 

viewing angle varies (or in the case of wood, the fibre angle changes in distorted areas, see 

3.3.4), the spectral composition is unchanged. Highhght pixels, exhibiting both surface and 

body reflection components, and matte pixels exhibiting only body reflection components can 

now be separated. The different pixels (highhght and matte) can be identified in the colour 

space as having the shape of a skewed T. In a wood surface this can be identified by forcing 

specular reflection from fibres around a knot as a result of camera/illumination/fibre direction 

angles (Figure 3.3.3.2). The interdependence of wavelength and geometry (fibre orientation) 

permits fibre orientation caused effects to be removed from an image. This consequently 

allows three types of colour features that retain information about: 

• the illumination (for calibration purposes) 

• the spectral properties of the material 

• the scene geometry 

that can be identified and separated. 

Maristany et al., 1992, found that structural-based properties such as knots and early/ late 

wood were better classified using both surface and body reflectance features due to spectral 

differences caused by fibre orientation and cell structure, whereas purely colour based 

properties such as blue stain where better classified with body reflectance only. 
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Figure 3.3.3.2 The skewed T, a cluster shape in the colour space caused by the difference in 

reflectance spectra between semi-specular reflected surfaces and other 

surfaces due to varying cameralilluminationlfibre-direction angles. The score 

scatter plot plots Pc 2 against Pc 6 in a compressed representation of the VIS 

spectrum. (See also colour appendix) 

3.3.4 Surface parameters affecting reflection and 
colour 

Assuming that the dichromatic model is close to reality, three different surface structure 

mechanisms affect the colour output from a point on a wood surface. These are: 

• surface roughness 

• fibre orientation 

• hght scattering 

The first, surface roughness, caused by the manufacturing method, i.e. sawing, slicing, 

dressing, sanding or compressing the surface, affects the susceptibility to dichromatic 

behaviour of reflected light i f incident hght conditions permit that This might be the reason 
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why colour measurement (Klumpers, 1994; Hagman et al., 1995) indicates colour differences 

between surface appearances of different types. A l l effects described below are due to some 

kind of organization of the surface, mainly the organization of fibres. Mechanical treatment of 

the surface that destroys the organization has an impact on the type of reflection, absorption 

and transmission that occurs. This is why the direction of the sanding operation is so essential 

to the attainment of pleasing optical effects on wood handicraft made out of hardwoods with 

interlocked grain. Different surface appearances are found in Figure 3.3.4.1 where SEM 

micrographs of wood surfaces with different mechanical processing are shown. 

X100 

i 

xlQO 

Figure 3.3.4.1 SEM micrographs from a circular sawn (top), a 60 grit sanded (middle) and 

a knife cut (bottom) longitudinal surface of Scots pine. 

The second mechanism is the fibre orientation on and within the wood surface. A distinction 

must be made here. There is no constant connection between true grain direction defined by 
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the long axis of the wood cells and the wood grain pattern resulting from the annual growth 

rings. I f an assumption is made that the fibres can be compared with drinking straws it can be 

shown (Soest, 1993) that the hght reflected is heavily affected, in a dichromatic sense, by 

grain direction. The semispecular reflected light peaks are a function of the grain angle in two 

dimensions. The term semispecular is due to the halo effect caused by cell walls (Soest, 

1993). The beautiful appearance of oiled wood surfaces is due to that effect. These effects are 

shown in a test of scanning on various grain angles (Figure 3.3.4.2). 

Figure 3.3.4.2 The scanned surface of a piece of wood continuously changing in fibre 

direction from 0 to 360 degrees in a plane parallel to grain direction. In 

diffuse light.the surface appears homogeneous in lightness to an observer. 

The third mechanism is an inhomogeneous spatial effect, due to the fact that light transmits 

through wood, especially in long hollow tracheid cells in softwood. Light impinging on a 

softwood surface wil l scatter into the cell structure, assumed especially in the lignin-rich 

intermediate lamella (Seltman, 1992), and therefore transmits preferentially in the long axis of 

the cells. As it comes to the cell walls and ends of the cell it scatters again and some light 

returns to the surface giving rise to an elhpse of scattered light with the long axis of the elhpse 

following the grain direction. Different wavelengths are refracted differently, giving different 

sizes of the elhpses for different wavelengths (Seltman, 1992),and this of course affects the 

diffuse reflection from points nearby. This might give effects especiaUy when scanning across 

the grain but probably lesser ones for normal grain directions when scanning along the grain. 

3 6 0 ° 

Tangential 
plane 

Across grain 
Tangential 

plane 
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4.1 Machine and human vision 

1 he appearance of a piece of lumber is created in our brains as a function of input signals, real 

or imagined, into our sensors. The sensors can be our eyes, our fingers or our nose as well as 

a human voice describing the surface by using a language cahbrated for wood surface 

description. The result of the sensor input, possibly reaching our conscious mind, is a result 

of a physical, psychophysical and psychophysiological function inherited or learnt by the 

human being. The system does not work for a completely new scene far from what has been 

experienced before. That is why it is impossible for a blind man that has recovered seeing 

capability to interpret the world he sees (Nörretranders, 1993). That is why humans use the 

sensor best suited for the situation in terms of resolution, contrast and training to get the 

picture of an object. The same strategy must be used for our artificial system. We should use 

the sensor or sensors that give the proper resolution and contrast for the features needed for 

the modelling and interpretation of wood quahty. 
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This project has many similarities with the evolution of the colourimetric system CIE 

(Wyszecki, 1982) where colour matching functions were defined by empirical modelling. The 

empirical modelling deals with (Tonnquist, 1995): 

• physical factors, e.g. illumination, reflections and optics 

• physiological factors, e.g. eye cells, neurological response and the nervous system 

• psycho-physiological factors, e.g. colour matching 

• psychological factors such as evaluation of the neurological response, cahbration and 

environment 

In this project we use sensors that cover and divide a distinct area of the scene into a matrix of 

pixels. These pixels represent the digital signals appearing from the scene by an integration of 

photoelectron hits for each pixel element area in time, space and spectrum. The signals can be 

transformed into a three-dimensional digital image matrix by scaling them to a suitable interval. 

8-bit data, i.e. 256 levels, is a practical resolution and often used in this project due to limits in 

sensors, calculation resources and image representation on computer screens. Using colour 

information requires the integration to be reduced to certain colour functions, e.g. RGB, XYZ 

or certain more or less discrete wavelengths in spectroscopic or spectral cahbration methods. 

By using a lookup table, i.e. defining the appearance in grey-scale or colour for each value and 

showing them on a screen in the same spatial orientation as in the scene, the scene can be 

visualised as an image. This has no practical consequences for the modelling calculations but 

is extremely important for the interpretation of the results that are obtained. If one expects a 

knot to appear on the screen and a car is visualized then something obviously is wrong. 

Because the practical use of the systems addressed in this thesis often is hmited due to lack of 

understanding from the operators (further described in Chapter 11) it cannot be emphasized 

enough that results and feedback must be shown as images. Fortunately, when dealing with 

two- or higher-dimensional scanning these images are for free. 

In machine vision today there exist three main groups of information levels for camera systems 

— binary, grey-scale and colour vision systems. The binary systems are often used in artificial 

scenes such as bar code reading, production control and for shape detection. They are often 

used with monochrome light such as laser sources. Grey-scale systems are the most 

commonly used systems for advanced vision today, but colour vision systems have been 

introduced in industrial systems (Lefevre, 1995; Conners et al., 1995). The information 

56 



4.1 Machine and human v i s ion 

density ratio (in Bits) for the three systems types is approximately 1:8:24 starting with the 

binary system. Both the grey-scale sensors and the colour sensor are sensitive for visible 

(VIS) electromagnetic radiation from 400 nm (blue-making hght) to 700 nm and more reaching 

the infrared wavelengths. 

The VIS range is the spectral range where radiation interacts with the sensors within our eyes 

and gives a colour sensation to our mind. The sensations are then sometimes interpreted as 

colour perceptions in our conscious mind. Colour exists only in our minds, but is often 

referred as red, green, blue etc. spectra and shown in literature as colours. Instead the 

appropriate names ought to be red-makers, green-makers etc.. 

The sensitivity of the eye is greatest in the green-making range of the spectrum (Figure 4.1) in 

low light (scotopic i.e.< 0.01 cd/m2) levels and moves towards a higher sensitivity for 

reddish colourants and a decrease for bluish colourants in high light (photopic, i.e. >1 

cdlm2) conditions (Hunt, 1995). This phenomenon is caused by the nonuniform distribution 

of two different sensors in the retina. The area in the eye with the highest density of sensors, 

the foveola, consists only of cones connected to the brain with up to one connection per cone 

providing the information about the intensity spectra reaching the eye but also giving a high 

spatial resolution. The cones are believed (Hunt, 1995) to have three different characteristics, 

each corresponding to a main colorant (red, green and blue) obtained by three different 

photosensitive pigments. In a wider part of the eyeball, the fovea, colour sensitivity and spatial 

resolution, as well as the number of connections per sensor, decrease, and the density of rods 

increases. The rods give a monochrome sensation to the brain and with sensitivity according 

the scotopic curve in Figure 4.1. 

This sensor, the eye, consisting of 6 milhon cones, 100 million rods and 1 milhon nerve 

connections truly outperforms all human produced sensors. Why? Used in a pair this 

multisensor can perform depth perception, colour and high resolution imaging in various 

selected narrow directions combined with movement sensing in wide-angle, all performed in 

real time (0.5 s), with an extreme (and adaptive) dynamism compared to machine-vision 

sensors. What conclusion can be derived from this? In experimental setups for human colour 

matching, many parameters must be specified to give a comparable result. The spectral 

distribution of the hght, the intensity level and the angular size of the matching field within the 

eye affect the result. 
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Figure 4.1 The sensitivity of the human eye as a function of wavelength in nanometers 

at low light (scotopic i.e.< 0.01 cd/m1) levels and high light (photopic i.e. 

>1 cd/m1) levels. 

One must bear in mind that our perception of a scene is a result of (from our point of view ) 

continuous processes and thus suitable for continuous function analysis. In machine vision we 

are dealing with discrete representation of the scene. This sometimes leads to surprising results 

or artifacts. 

Digital image processing is not processing of digital images; rather it means digital processing 

of images (Castleman, 1996). 

4.2 VIS-sensors 

Sensors within the VIS spectmm are sensitive to electromagnetic radiation in the wavelength 

range from 400-750 nm, approximately. VIS sensors used are sensitive to photoelectrons 

reaching the matrix of the sensor area. The sensitivity varies for different materials and can be 

changed by using coatings or filters. One problem where colour is concerned is low sensitivity 

in the low blue and ultraviolet ranges or the strong sensitivity in the near infrared ranges, 

creating the need for solutions to keep various scene conditions under control. 
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4.2.1 Grey-scale cameras 

Grey-scale sensors are often sensitive outside the VIS range and it would be preferable to have 

a narrow spectral range to get a sharp picture of the objects in the scene. Due to spectral 

aberration (Figure 4.2.1.1) (Klinker, 1988) a slight deviation of the scene representation 

occurs on the sensor for hght of different wavelengths, creating blurring and a decrease in 

spatial resolution. Ideally, monochrome light would be preferable, but that makes poor use of 

the sensor sensitivity which can be achieved by integrating over the whole spectmm. The 

problem is sufficiendy solved by using an infrared-radiation absorbing filter. When using 

other filters, colour based problems can be solved; even thermography can be obtained i f only 

the Ir sensitivity is used. 

Figure 4.2.1.1 Chromatic aberration illustrated in a subtraction image where two images (1, 

450 nm and 2, 600 nm ) of identical spatial scene geometry are equalized by 

histogram transformation, thresholded (3,4) and subtracted(5). The white 

lines in the result image (5) originate from different positions of the shadows 

found between the samples, thus indicating chromatic aberration in the size of 

one or two pixels. 
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Grey-scale resolution is obtained by the resolution of the multiplexer transforming the 

analogue (Quantum theory not withstanding) current from the CCD-sensors to digital 

information. A typical resolution used is 8-bit, i.e. 256 levels, but now cameras have been 

developed with 12 bit grey-scale resolution which gives a better dynamic performance. In 

practice it is hard to use all 12 bits (Pau, 1994). 

To get an acceptable signal to noise ratio the most effective method is to increase light, i.e. to 

increase the density of photoelectrons reflected from the scene area. I f that is not possible, then 

other methods can be used. When hne scanning, the size of the pixel can be increased in the 

lengthwise direction, thus increasing the sensor integration area without changing the spatial 

resolution. Integration over a larger area induces blurring due to the increase in ratio between 

scanned surface area and pixel representation in the two-dimensional image, i.e. low pass 

filtering. Another method is to use more than one row of pixels and integrate lengthwise over 

them, which will give a higher spatial resolution but puts higher demands on synchronization 

with the movement. 

The spatial resolution is basically a function of the number of pixel elements used in two 

dimensions for a matrix camera and number of pixels in one dimension combined with object 

speed and integration time for a hne scan camera. Today there exist CCD-sensor hne chips 

with a resolution of more than 6000 pixels and matrix sensors with resolution of 4096*4096 

pixels. 

The grey-scale cameras used in this project are: 

• Line scan CCD cameras, DALSA (512 pixels), Reticon (1024 pixels), for grey-scale 

imaging and monochrome filtering and scalar spectrograph 

• Matrix cameras, MTI CCD 72 and Sanyo CCD for 2-D grey-scale imaging and for the 

imaging spectrograph concept 

• Matrix Photodiode camera, MAPP 2200, for the for the imaging spectrograph concept 

The responsitivity for the different cameras is similar in overall shape but differs in details 

such as maximal response and curve shapes (Figure 4.2.1.2 and Figure 4.2.1.3). 
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Wavelength (nm) 

Figure 4.2.1.2 The responsitivity for the DALSA CL-C3- 512 Linescan camera . 

Figure 4.2.1.3 The relative responsitivity for the MAPP 2200 photodiode camera. 

4.2.2 Colour cameras 

No colour cameras (in the commercial sense) are used in the main project but video and 

ordinary photographic cameras are used for documentation of test pieces and laboratory 

setups. RGB-images are used for algorithm evaluation and for initial tests on hardwood 

spectral classification. The camera used for hardwood (Oak) scanning is a Pulnix colour line 

scan camera used with a tungsten halogen hght installed at the Spatial Data Analysis 

Laboratory, Virginia tech, Blacksburg, Virginia, in a machine vision system for grading 

hardwood (Conners et al., 1992). 
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4.2.3 Imaging spectrometer 

Imaging spectroscopy is a method for simultaneous measurement of spatial and spectral maps 

of various objects, wood surfaces for example. By connecting a disperse stationary 

spectrograph to a two-dimensional sensor it is possible to implement a fixed imaging 

spectrometer in which one of the dimensions of the sensor constitutes a spatial line and the 

other dimension measures the spectmm for every line element. For wood apphcations, the 

second spatial dimension is generated by the movement (transverse or longitudinal) of the 

lumber in the industrial process. For research, the advantages are obvious. I f the geometrical 

aberrations are small, all problems with matching different sensor data in aspects of spatial 

resolution and positioning (Hagman et al., 1993) are solved. Simultaneous scanning makes 

cahbration and reference measurements effective and opens many new approaches to the use 

of smart sensors (Åstrand et al., 1995; Hagman, 1995; Vaarala et al., 1995). 

The spectrograph constitutes a narrow slit, collimator lens, Prism-Grating-Prism-element 

(PGP) and a focusing lens (Figure 4.2.3.1). The PGP-element is composed of a specially 

designed volume-transmission-plane grating cemented between two symmetrical or nearly 

symmetrical prisms. An NTR-blocking filter is added after the first prism to cut off unwanted 

wavelengths. The filter (KG3 from Schott) is slightly absorbent in the red part of the spectmm 

(650-700 nm). This filtering is called spectral flattening and reduces the high dynamic range 

caused by the lamp's spectral power distribution and sensor's sensitivity. There is also a VIS-

rejecting colour glass fdter (Hoya R-68) inside the spectrograph for removing unwanted 

diffraction orders or reflections from the visible spectmm. 

A collimated hght beam is dispersed at the PGP so that the central wavelength passes axially 

through the grating and prisms so that it stays at the optical axis. Shorter and longer 

wavelengths are dispersed symmetrically on both sides of the optical axis (Herrala et al., 

1994). 

The spectral calibration of the PGP system is carried out by using spectrally well known hght 

sources (neon, Hg lamps, lasers etc.). The spectral bands appearing on the sensor indicate the 

position of the spectra and help with the calibration of the PGP axis contra the sensor axis. 

Unfortunately, the spectral image of ISO-wavelength lines may be bent slighdy along the 

surface of the sensor array. This is a problem as it induces noise in the MIA/MIPLS approach 

due to the need for spatial identity through the spectra. This can be dealt with by software 

corrections or by avoiding the use of the spatial extremes of the sensor. 
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Spatial calibration is done using known calibrated target objects in the real scene. 

Radiometric cahbration is done with a spectrally, spatially and intensity stabihzed known hght 

source. This is not utilized in this project. 

If one wants absolute absorbency information from the measured surface, calibration is done 

with known chemical constituents. This is not utilized in this project 

Also the dark level noise of the sensor can be calibrated for by a shading operation if 

necessary, that is if the signal/noise ratio is low, which is often the case due to limits in hght 

and its spectral distribution. Also the temperature sensitivity for the sensor elements must be 

cahbrated for if the system is intended to operate in different temperature conditions. 

Fig. 4.2.3.1 Schematic layout of prism-grating-prism (PGP) and matrix-CCD-sensor 

combined into an image spectrometer, by courtesy of E. Herrala. 

The spectrographs and imaging spectrographs used in this project constitute of linear or matrix 

CCD cameras or a MAPP camera, the PGP and reasonably high quality photographic lenses 

(Figure 4.2.3.2). 

Entrance slit Lenses and PGP component Matrix detector 
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Figure 4.2.3.2 The imaging spectrometer in real-time classification version, consisting of a 

smart sensor: the MAPP camera, a Prism-Grating-Prism (PGP) and a 

conventional lens. 

The PGP primary used has the following properties (table 4.2.3.1): 

Table 4.2.3.1 Properties of the PGP used for MIA/MIR analysis of wood surfaces 

Spectral range 400-720 ± 5 n m 

Spectral resolution 5 nm at 632 nm 

Spectral hnearity ± 3 nm ( ± 1 nm 450-650 nm) 

Spatial resolution Depends on front optics and sensor resolution 

Aberration Bending of spectral lines in spatial axis direction ± 2 nm 

Image size on CCD surface 8.8 mm * 6.6 mm 

Numerical aperture (F/#) 0.1-0.15 (F/4-F/5) 

Slit width 100 urn 

Effective sht length 8.8 mm 

Data resolution 512 pixel sensor 0.625 nm/pixel 

PGP efficiency 52-59% at 450-632 nm 

To cover a wider spectral region than one octave, more than one PGP has to be used. This is 

due to the fact that when using a holographic transmission grating, the parallel beam of 
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monochromatic hght (of wavelength X ) is shined to a grating surface at incoming angle a 

with respect to the normal, it is diffracted to angle ß according to the formula 

IcÅ, 
sin a + sin/3 = — (4.2.3.1) 

a 

where k = ±1,±2... is the diffraction order and a is the grating constant. As can be seen from 

equation 4.2.3.1 there are several wavelengths that satisfy the grating condition 

kX = constant (4.2.3.2) 

In practice this means that there are several overlapping spectral regions at the same out 

coming angle ß (Herrala et al., 1994) and hence only a limited range can be used for every 

PGP. Although results from earlier spectral analysis (Hagman et al., 1993) suggested areas 

outside of VIS spectrum as strong feature variables for wood surface detection, the initial tests 

were made using the VIS PGP (400-720 nm). This was due to: 

• the reduction of cost as compared to UV region. 

• possibilities of more standardized applications using RGB-camera technology in the final 

apphcations. 

• technical complications, i.e. chromatic aberration 

• a less interpretable image output in the NIR region which reduces the pedagogical response 

of the analyzing system in the initial stage. 

In additional testing of a new version of the PGP device, a small test (four different surfaces) 

was made with a PGP with the spectra from 450 to 900 nm. 

One problem when using the PGP combined with a sensor that has a coating layer is the 

interference phenomena that occur as interference bands in the spatial frequency image or as 

sinusoidal mean intensity variations between images in the spatial planes of the three-

dimensional image stack obtained (Figure 4.2.3.3). These patterns are stable in the frequency 

plane but heavily affect the modelling when more complex models (or noise modelling) are 

needed. These problems can be reduced by using sensors without coating represented by the 

MAPP and the DALSA sensor used in some of the tests. 
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4 0 0 7 0 0 n m 

Figure 4.2.3.3 Interference pattern superposed on, and independent of the scanned scene for 

an MII CCD sensor with a coating layer. Spectrum from a pine board 

illuminated with a tungsten halogen lamp, no filtering, sensed with an 

DALSA CCD sensor without coating (above). Spectrum from a pine board 

illuminated with a tungsten halogen lamp, daylight filtering, sensed with a 

MTI sensor with coating (below). 

Illumination and filtering 

Figure 4.2.3.4 Spectral calibration procedure. The calibration of the spatial position of the 

spectrum is obtained by comparing known spectra, reflectance maxima for 

interference-filtered light and laser light to positions on the CCD sensor. Two 

continuous spectra are included showing the similarities for the spectrum 

from a cloudy sky and the used halogen light source. (See also colour 

appendix) 
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The cahbration procedure as mentioned above was obtained by using laser, dayhght, 

interference filters or well known hght sources with sharp intensity peaks (Figure 4.2.3.4) to 

establish the connection between spatial position in the spectral direction and actual wavelength 

number. Special attention to obtain maximal fit along the spatial and spectral axes was 

necessary to avoid mixing effects when recalculating the image stack from the x-spectral plane 

to the x-y plane. In Figure 4.2.3.4 different light source spectra are shown. A comparison 

between the spectrum from a cloudy sky at noon in June and halogen illumination source 

reveals that the interference pattern is independent of the hght source and that these hght 

sources are very similar in appearance. Other light sources reveal the same interference pattern. 

The acmal PGP used (400-720 nm) has some aberrations that can be identified in the x-

spectral plane. In Figure 4.2.3.5 a section from that plane is shown as an illustration of an 

inhomogeneity in the spectral position for some pixels in the spatial x-line. A slight tendency 

towards curvature indicates the bending of spectral lines as measured and claimed by the 

producer to be ± 2 nm moving one spectral wavelength 3-5 pixels going from the outer part of 

scanned line (surface) to the centre. This implies problems when modelling with small objects 

on the surfaces not centred to the middle of the optical system and also blurs the predictions 

for small objects. For a system implemented for scanning of small objects these aberrations 

must be corrected for! 

W a v e l e n g t h 

Figure 4.2.3.5 The x (vertical)-spectral (horizontal) plane from the blue part of the PGP-

CCD output, indicating spectral aberrations in the system. The bending of 

ISO-spectral lines is noticeable when compared to the white reference line. 
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4.3 Outside VIS 

Devices for scanning in the spectral ranges close to the VTS-range are available as NIR PGP 

sensors similar to the one described for VIS-range above but working in the range 700-1000 

nm. Due to the high sensitivity of the CCD-sensors in the NIR-range and the fact that lenses 

optimized for this spectmm are available, further testing is possible. A short test was made 

with a PGP operating in the spectmm 450-900 nm. 

For the UV-range no commercial solutions are available and further development is required. 

One problem is the low sensitivity to UV radiation, although this is solvable by UV-coating of 

the sensor, transforming UV to visible wavelengths. Another problem is the lack of lenses, 

made out of quartz, designed for such applications. 

4.3.1 Microwave sensors 

Microwave sensors tested are three microwave-scanning prototype systems developed in 

France by CTBA, Pont-A-Mousson and CRAN - ESSTIB Universite de Nancy. 

The CTBA system is 9.4 GHz system with 8 by 8 mm resolution with 128 measurement 

points (Portala et al., 1992). The modulation technique used provides the real and imaginary 

parts of the electric field transmitted through the wood as well as the measurements of the 

attenuation of the microwaves. The attenuation and phasing calculated from the sampled 

signals are shown as images (Figure 4.3.1.1) and are resampled by hnear interpolation to a 

resolution fitting image data from grey-scale sensors. 

68 



4.3 Outside V I S 

Figure 4.3.1.1 Scots pine board scanned with different sensors. From top to bottom. CTBA 

microwave scanner attenuation, CTBA microwave scanner dephasing, CCD 

camera with a 450 nm interference filter, CCD camera with a 580 nm 

interference filter, CCD camera with a 680 nm interference filter and an x-ray 

image, respectively. 

The two systems developed at CRAN have different objectives and different design. The first 

is an array of transmitting antennas with 10 mm distance and a corresponding receiving 

antenna giving the attenuation of microwaves and the propagation speed giving the complex 

parts of the electric field as in the CTBA solution. Dephasing is mostly dependent on the 

dielectric constant which is heavily dependent on the density of the attenuating material and 

less on the moisture content. The attenuation is reported (Grundberg, 1994; Martin 1987; 

Portala, 1992b) to increase mainly as a function of moisture content The anisotropy of wood 

due to fiber structure or defects also has an impact on the dielectric constant and hence all these 

variations can be detected if they are separable from each other. The output of the attenuation 

for the same board as in Figure 4.3.1.1 is seen in Figure 4.3.1.2. 
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Figure 4.3.1.2 Scots pine board scanned with CRAN microwave scanner showing 

attenuation as grey-scale. 

The second CRAN system is a system for measuring the slope of grain in the horizontal plane 

of the board using four transmitter/receivers situated along the longitudinal axis of the board 

feed direction. The attenuation and phase shift are larger when the electric field is parallel to the 

fibre direction than when it is perpendicular to it (King et al., 1984). This difference in 

dielectric behaviour thus leads to a depolarisation i f the transmitted electromagnetic waves are 

not exactly oriented in these directions. The depolarisation can be measured as done in this 

system. The output is a mean value measurement of the slope of grain for an 80 mm wide part 

of the board with a resolution of 10 mm in the length direction shown as an image in figure 

4.3.1.3 

Figure 4.3.1.3 Scots pine board scanned with CRAN microwave slope-of-grain scanner 

showing deviation of slope of grain as grey-scale. 

4.3.2 X-ray 

X-ray images used in this project are X-ray topograms scanned, with a Siemens Somatom 

ART CT with a resolution of 0.5 mm/pixel. The image output is seen in figure 4.3.1.1. and is 

an integration of the total density variations within the depth of the board. 

4.3.3 CT-scanner 

At the same time as the X-ray topograms were scanned three-dimensional CT stacks were 

scanned. These image stacks are not used for modelling in this project but give extremely good 

possibilities for examination of the interior of a board in aspects of density variations and 

properties directly or indirecüy addressed by density variations (Grundberg, 1994). 
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4.4 Illumination 

The most important parameter when dealing with scanning of images is the "hght" (hght here 

meaning source of radiation) setting. It is all a matter of obtaining high contrast, i.e. signal to 

noise ratio, and even distribution of the light over the scanned surface and also i f possible even 

distribution of the iUumination spectmm. EspeciaUy spectroscopic approaches put great 

demands on the power distribution of the light source. It aU comes down to getting enough 

photoelectrons per square dimension reaching the sensor. Less sensitivity in the sensor for 

some parts of the spectmm increases the need for stronger iUumination. 

When dealing with iUumination it is important to distinguish between radiometric quantities 

(physical quantities covering the entire spectrum) and photometric quantities (hmited to the 

VIS part of the spectrum and describing the appearance of the light source to the standardized 

human eye). Calculatios of the hght needed to give sufficient signal-to-noise ratios requires 

knowledge of the sensor sensitivity for acmal wavelengths, power spectmm of the hght 

source, absorption in filters and lenses as weU as test of absorption in the material surface. 

niurnination is a key parameter affecting the input to a machine vision system and may require 

as much as 30% of the apphcation effort (Marszalec, 1995). The Ulumination must be 

designed for each application and there are tools for the evaluation of such systems 

(Härkönen, 1994). Ambient Ulumination affects all lighting methods by altering the level of 

iUumination on the object. This manifests itself as noise in the data. The effects of ambient 

lighting can be minimized by the use of hght shields and barriers which prevent or reduce the 

amount of stray radiation entering the lens or sensor. In this project, ambient hght has been 

both included and excluded. Hence one of the objectives has been to obtain a robust system 

that could work in an industrial environment. AU models presented are obtained under 

conditions were the ambient hght has deliberately been aUowed to shghtly affect the raw data 

input. 

Conventional hght sources are not always stable; the hght energy output of the sources varies 

due to the age and operation characteristics of the lamp. Incandescent lamps are highly 

sensitive to the applied voltage, hence the image can be distorted by light level irregularities 

from voltage variations resulting from activation of equipment on the same net. Room 

temperature may also affect the output from the lamp. This sets the need for a cahbration 

system that continuously senses the light level and spectmm and modulates it on a real-time 

basis. Automatic correction and/or feedback to the operator (see Chapters 11.2,11.4) are 

needed to certify system function within acceptable limits. Methods for camera calibration are 
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proposed by Marszalec, 1994, for RGB-scanning and could probably be transformed to 

spectrometrical scanning. In this project no calibration of the iUumination has been done. 

4.4.1 Light setting 

The hght used as standard when scanning with the image spectrograph and the CCD cameras 

or the MAPP camera is a tungsten halogen light source (Fostec rheostat with a 150 W EKE-

lamp 3250°) and a dual fibre-optic light guide. The two 300 mm fiber output arrays, randomly 

organised fibres) are mounted on aluminium holders that can be locked in angles from 5° to 

175° from the scanned surface. The hght beams can be concentrated in one direction by the use 

of focusing lenses. 

Figure 4.4.1.1 Fibre-optical light concentrated by a line-focusing lens onto the scanned 

board. (See also colour appendix) 
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A second light source, Solar 1000, a (I-wave sulphur plasma light bulb, was also tested. The 

source is interesting for a number of reasons, such as: 

• High efficiency 480 W visible radiation and 265 W heat radiation out of 

1500 W input 

• Long hfetime Years 

• Colour stability 

• An even intensity distribution in time and space (probably Poisson distributed in time) 

• Maintenance 

The hght source can be connected to a reflector tube, thus giving possibilities for even or at 

least an approximately hnearly (50% difference between ends) distributed light setting up to 6 

m in length. A quite interesting solution for transverse scanning of boards. 

The hmitations, from a researchers point of view, are the low UV and deep blue radiation and 

the problem of focusing the light to a sharp line. 

4.4.2 Colour 

In the initial stage of learning about the spectral behaviour of wood properties it would be 

preferable to have an even spectral light power distribution. In reality it is not possible to 

obtain such a hght source, and even if it were, compensations for the spectral sensitivity of the 

sensor have to be made. Initial tests indicated that both the UV and YR spectra contain valuable 

information about wood properties. So the first attempt was to use light, lenses and sensors 

that could cover the spectrum from 200 nm to 1300 nm. In practice this was too expensive and 

could not be utilized with the PGP's and sensors available. 

First a tungsten halogen light source (Figure 4.4.2.1) filtered with a daylight filter (Figure 

4.4.2.2) was used to reduce the intensity in the red spectra and give a more flat spectrum in the 

light/sensor interaction. The second source is the Solar 1000 that has a smooth sun like 

intensity spectrum (Figure 4.4.2.3). 

73 



Imaging w o o d 

o 4 1 1 1 1 1 1 v 
o o o o o o o o o 
O Lf) O LO O LO O Lf) O 

T f T t in LO (C c o r ^ - r ^ o o 
Wavelength (nm) 

Figure 4.4.2.1 The relative output for the commonly used illumination, tungsten halogen 

light source (EKE 8129,3250°) with an IR filter. Source: Fostec data sheet. 
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Figure 4.4.2.2 The light-balancing filter used to balance the output from the tungsten halogen 

source (daylightfilter LB 120). Source: LB 120 Data sheet 
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Figure 4.4.2.3 The normalized intensity spectrum from the Solar 1000 compared to the 

sunlight spectrum in Sweden at 3:00 P.M. in February. Source: Fusion 

Lighting data sheet. 
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4.4.3 Calibration of lighting 

Calibration of the hght power spectrum can be performed as proposed by Marszalec, 1995, by 

using a nonconstant transfer matrix, recalculated on-line, to handle time-dependent variation of 

the iUumination. The initial matrix is created using a weU-defined reference colour cahbration 

set according to the formula 

MrenxYz ) = M T M r e / ( R G f i , (4.4.3.1) 

where M r e / ( x r z }is a matrix with dimensions (3, n), which is formed from X-, Y-, 

Z -values of the n reference colour samples 

M T is a (3, k) transfer matrix, where k is the number of terms in the 

polynomial (regression coefficients) 

M r e / ( f i G B ) i s a (k, n) matrix formed from R, G, B outputs of the camera for 

the n reference colour samples 

In our case tests have been made of transforming (predicting) both X, Y, Z and L, C, h-

values from the power spectmm that is obtained from the PGP. Using four colour samples, 

red green, blue and yellow, from the NCS system, hnear models have been evaluated for both 

X, Y, Z and L, C, h (Hagman, 1996). The transfer function is a linear model differing from 

the CIE filter functions (Wyszecki & Stiles, 1982), hence we have to deal with trying to make 

a transformation between human colour transformation functions and the sensitivities of the 

distorted digitizing system. Colour calibration filter functions have also been obtained by 

Österberg, 1994, using the Munsell colour reference chips. 

4.4.4 How much light is needed? 

The sensors used, DALSA, MTI and the MAPP camera, are simüar in irradiancy behaviour 

and aU need 100-300 nJ/cm2 at the sensor surface to be saturated. The critical spectral interval 

is the deep blue (400-450 nm) having only 10-30% of maximal sensor sensitivity (around 700 

nm) and 5-20% of maximal intensity of the light spectrum (700 nm Halogen, 530 nm Sulphur 

plasma). To minimize the problem of low dynamics (8 bit) in the sensor the halogen source 

can be filtered with a dayhght filter (LB 120) to make the intensity curve more even. This does 

not solve the problem that arises when dividing the light into its spectral components. To 
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predict the losses in the system a cahbration was done to validate theoretical calculations. 

Based on information from the manufacturer the necessary sensor exposure was calculated for 

maximal saturation. The input needed to obtain saturation was then tested by using a laser 

(670 nm) light source giving a controlled irradiance and a PGP system using a DALSA CCD 

camera, a PGP (400-720 nm) and a 24 mm Nikkor lens. Further test were made to investigate 

the losses in the hght-source/surface-reflection/sensor system to obtain coefficients for a model 

that describes the connection between the visible radiation of the hght source and the obtained 

irradiancy on the pixel in the sensor. The following formula is an approximation used to 

calculate obtained irradiancy when using rectangular or square sensor elements: 

E e = - ^ * - f L " ~ ^ 2 H 1 - L a b ? * 1 1 - S a b ? * « " PGPal,? ( 4 4 A 1 > 
SC s 

where 

E irradiance on sensor element 
e 

0 radiant power 

A s c >^ se,A s area of illuminated scene, area of pixel on the surface scene 

and area of the pixel element, respectively 

d lens aperture diameter 

h distance between surface and camera lens 

Labs losses in the illumination system 

Sabs surface reflection loss 

PGPabs losses in the PGP - lens system, respectively 

To avoid limits in performance caused by the illumination, and thereby to avoid the need for 

coefficient optimization within the model, the irradiance capacity reaching the sensor must be 

at least at the saturation level when scanning at a hne rate at the theoretical maximum. For the 

MAPP-camera the theoretical maximum is at 6 kHz line rate giving a rninimum exposure time 

of 180lis, allowing a feed speed of 6 m/s with 1 mm longitudinal resolution (Åstrand et al., 

1995). 

An example: Radiant power needed with MAPP on-line classification. 

To classify 5 classes with 10 spectral coefficients in each class, i.e. having the spectral band 

divided into 50 intervals, the foUowing assumptions must be made to use equation 4.4.4.1. 
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Maximal spectral resolution 1.25 nm/pixel and minimal exposure time: 

exposure saturation: 250 nJ/cm2. 

relative response at 425 nm: 40% (Andersson, 1993) 

spectral irradiance: 0.25 W/nm, 10% of maximal intensity at 

525 nm) for the Sulphur plasma source. 

Light focusing: 0.3*0.001 m 2 

Illumination losses: L: 20%, S: 30% PGP: 70% (cahbration laser 

670 nm) 

The exposure calculated 17 nJ/cm2, i.e. only 7% of needed. This could be improved if the 

number of spectral coefficients is reduced from 256 to 50, as assumed in the example, and the 

maximal speed is reduced to 2 m/s giving an exposure time of 540 (is. Then the exposure will 

be 257 nJ/cm2, 103 % of maximal saturation. 
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4.5 Image representation 

The question of how to obtain, store and present images in the form of raw data, modelled 

data, information, analyzed information and classified information is a question of 

optimization of a function. A function involving: 

• resolution of the scene and its variations 

• resolutions of the sensor, storing capacity 

• image compression methods 

• resolution of the output 

and of course the pedagogy of trying to interpret, understand and demonstrate the result. 

Image processing is a matter of separating information from noise and reducing it in terms of 

complexity. Complexity, not being chaos or order (Figure 4.5.1)(Nørretranders, 1991), is 

measured by the amount of information reduction that has been done before delivering the 

message. Dealing with wood we try to give highly complex answers, in a form that can be 

interpreted by machines and human operators, that often are far from theoretical considerations 

of wood. Images (properly used) can be bearers of information that is rather complex but easy 

to understand i f the mles of it are explained. 

Figure 4.5.1 An illustration of complexity in images occurring somewhere between order 

and chaos. 
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When using images as a research tool, we always struggle for the highest possible resolution 

in all dimensions, spatial, spectral, time etc., but in the end the final apphcation is of low 

resolution, sufficient for its purposes. An example: Colour, a dense problem when deahng 

with spectrophotometric methods, can be reduced to three (e.g. R, G, B) channels or even two 

(Ohta, 1980) i f the scene is natural. This is often used in image compression, e.g. JPEG 

compression where the initial RGB signal is compressed to two, luminance and chroma 

(Russ, 1995). In our applications the colour of wood often is explained in one or two principal 

components indicating the amount of data needed for reconstruction and result presentation. 

The Pc's often have the same basic appearance as the that of JPEG compression, Pel is a 

meanvalue over the spectmm and Pc2 is a difference basically between blue and red spectra. 

4.5.1 Resolution 

According to the Nyquist theorem the spatial resolution (in pixels/mm) must be, at least, 

double the smallest resolved object to allow reconstruction without distortion. This is a matter 

that has to be taken into consideration when deahng with wood. Wood, being a anisotropic 

polymer composite with components in microscopical resolution, with varying optical effects 

due to fibre direction, biological deterioration and colour stain, sometimes must be highly 

resolved in order to resolve matters of interest and enhance contrast. In this project wood is 

presented in images with a resolution going from thousands of pixels/mm (SEM image 

resolution) to one pixel/8 mm (resolution in microwave images). 

4.5.2 Image compression 

There are two aspects of image compression, one involving the reduction of the amount of 

data in terms of storage capacity and the other involving the reduction of noise and the amount 

of information that must be extracted and displayed to fu l f i l a purpose. In this chapter the first 

aspect is discussed, the other is discussed in Chapter 5, Concentration of information and 

noise reduction. 

There are two aspects of image compression methods that are used to decrease the storage 

capacity needed (Russ, 1995). The first is the time needed to accomphsh compression and 

decompression. In a research situation this investment in time is paid back when images are 

moved from one storage medium to another. The second is the degree of preservation of the 

image. This can be divided into two groups — lossless and lossy techmques. Both methods 

have in common that the lower the organisation in the image, the lower the compression rate it 
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is possible to obtain and still use the information in a general analysis. Compression for other 

well-specified purposes has other possibilities as discussed in Chapter 5. 

Lossless techmques use the statistical behaviour of the grey-scales combined with the spatial 

correlation between them in the image to make compressed models that optimize the utilization 

of the storage bits. Of course, the mechanism and nature of the scene represented in the image 

make it more or less easy to compress, but optimal theoretical calculations show maximal 

compression rate of approximately 1/4 and practical testing indicates 1/2 (Russ, 1995). 

Lossy compression offers higher compression rates, but of course the risk is that valuable 

information will get lost, as always when "reality" is predicted by a model. The experimental 

simation, as utilized in this thesis, allows the storage capacity and time to keep images in 

original status, i.e. no lossy compression has been made before processing. 

Of course compared to the scene an image is always compressed. Remember the only way to 

reconstruct the world completely is by reconstructing the world itself. Therefore, 

considerations have been taken to rmnimize the amount of data and to maximize the amount of 

information when choosing sampling rates in spatial, spectral and test-set resolution. This was 

done according to experimental design when choosing training objects and by the compression 

of many defect objects into one surface, reducing the amount of scanning length. 

4.5.3 Showing results and predictions 

Due to the nature of image analysis, but also as a general strategy, the results obtained are as 

far as possible shown as images. The idea is to make complex measurements, data matrixes 

and results visible to give a strong feedback to the researcher. This strategy is also discussed 

in Chapter 11, Implementation of automatic quality grading in the wood industry, as a way of 

increasing the output of a system by showing the responses to operator actions as images. 
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4.6 Noise 

Considering the model: Data = information + noise, it is clear that noise and sources of 

noise have to be taken into consideration when deahng with images of wood. Redundancy in 

the information can also cause problems, especiaUy when using modelling tools that are 

sensitive to correlation between variables, but also by adding unnecessary amounts of data. 

There is always noise! Noise can be caused by the signal processing, the scanned 

material, external noise sources, i.e. dust, moisture, power supply variations, vibrations etc., 

hard- and software errors, as well as being introduced by the human being. The following 

subchapters describe noise sources that have been investigated for their impact on the variation 

of the obtained image. Some of them are serious and have to be controUed or adapted, many 

are less important in many appUcations. 

4.6.1 Noise in the signal process 

The solid-state cameras used, the charge-coupled device (CCD) and the photo-diode array, 

have many advantages compared to electronic image-tube cameras. They are compact, free of 

geometric distortion and highly hnear in their response to light, and they can scan at high rates. 

In normal use, i.e. low scanning rates, good Ulumination and normal temperature they also 

have a high signal-to-noise ratio. Unfortunately, the apphcations used here, spreading the 

photons in spatial and spectral dimensions, provide sometimes low intensities to the sensors, 

thus giving critical ratios. In some cases the noise signal exceeds the information signal, 

spoiling all possible use of that information. Several noise sources wUl be briefly mentioned 

here. For a more thorough discussion about the photo-diode sensor in the MAPP camera see 

Åström, 1993. 

Dark current 

The noise signal obtained from the sensor with no iUumination has three components: 

• Fixed pattern noise, due to imperfections in the geometry and purity of the sihcon in the 

fabrication process. This noise component is constant and can be cahbrated for with a 

shading operation. 

• Dark leakage current, caused by thermally generated electrons; increases linearly with 

integration time. 

Thermodynamic noise, generated by diode diffusions within the device due to thermaUy 

generated electrons within these diode diffusions, depending on the capacitance of the diode 

and the temperature. 
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Readout noise 

Random noise generated by the on-chip electronics. The noise gets worse at high data transfer 

rates and is the dominant noise factor under short exposure, low light conditions (Castleman, 

1996). 

Photon noise 

Results from the quantum nature of hght. The distribution of the photons is random with a 

Poisson distribution having a standard deviation equal to the square root of its mean. A mle of 

thumb is that the photon noise component is the square root of the number of electrons (photo 

electrons and thermal electrons) that accumulates in a well (Castleman, 1996). 

Photoresponce nonuniformity 

Nonuniformity can result from a number of sources that have been detected during this 

project. Dead pixels, variations in the CCD shift registers causing distinct patterns in the 

output, variations in bit thresholding seen as skewed distribution of grey-scale values. AU 

these are constant appearing noise and easy to handle i f discovered. But discovering them 

requires strategy in terms of feedback from the system. 

Clipping and blooming 

When the sensor is overexposed there is a risk of blooming, i.e. the excess photoelectrons 

spread to the nearest neighbours. In modem CCD's blooming is not a major problem, but 

clipping is. Clipping occurs when maximum exposure is reached and terminates the linear 

behaviour of the sensor. Especially in colour or spectro-photometrical apphcations this is a 

severe problem, since the models are based on the hnear behaviour over the whole spectmm. 

Even in RGB apphcations (Klinker, 1988) the problem exists, and due to different sensitivities 

in the different spectra, individual aperture or filtering must be used to avoid clipping and 

colour blooming in the most sensitive wavelengths. 

Imperfection in lens system 

Lenses and lens systems used, i.e. light focusing lens, camera lens and the PGP lens system, 

can give rise to aberration phenomena due to impurities in material, poor production quahty, 

poor construction or simulation, or by poUution of the external environment such as dust or 

moisture. As seen in Figure 4.2.3.5, these aberrations occur in our system. 

Chromatic aberration 

Figure 4.2.1.1 Ulustrates the noise caused by chromatic aberration, arising from the fact that 

the refractive index of optical glass is a function of wavelength, with shorter wavelengths 
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being refracted more strongly than longer ones. This problem cannot be avoided unless 

extremely high-resolution imaging is calibrated with soft- or hard-image transformations to 

give spatial identity for the different wavelength images. Nevertheless, the problem can be 

minimised by using high-resolution scanning and high-quality lenses. This will keep the 

aberration a minor problem for large objects with smooth colour appearance, causing the noise 

to occur around the border of the object. For small objects (with dimensions similar to pixel 

size) with high colour contrast the problem is still severe. 

Bending of spectral lines 

The bending of spectral lines as shown in chapter 4.2.3 has an impact on classification near 

the object borders and especially for small objects as discussed below in Chapter 4.6.2 Edge 

effects. This effect can be measured in the spatial-frequency image plane and is reduced by 

careful cahbration of the PGP. 

Stray light 

Light reflected from other areas than the scene surface may cause problems i f it interacts with 

the "tme" reflection from the surface. This is not a major problem, and is easy to handle by 

eliminating external hght sources and highly reflective surfaces near the scanning area. 

More severe is the stray hght caused by too wide aperture in the lens, mounted in front of the 

PGP. This may cause interference phenomena distorting the spectral response of the incoming 

light. 

4.6.2 Noise extracted from the scanned surface 

Inter-reflections between objects 

Due to the semiopaque stmcture of wood, interactions between different optical elements or 

pigments occur at least on a micro level. The quality-moulding features are seldom important at 

that small scale, thus they have to cover a large area to have an impact on the properties of 

wood. This is of course due to the natural variabihty of the material. Chemical or physical 

components affect absorption and reflection. In this work these are considered small compared 

to the effects caused by specular reflectance, but they are a matter for further investigation. In 

some cases the assumption is wrong, i.e. when deahng with a material that has completely 

changed refractive properties, such as wood filled with water or extractives. Pitch, for 

example, spreads the hght far more than the common model proposed by Soest, 1993, and 

Seltman, 1993. On the other hand, decayed wood absorbs more light and interacts less with 

the surroundings. 
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Imaging wood 

Edge effects 

On the border between an object and clear wood there are always pixels containing reflections 

from both surfaces, probably causing problems when classifying, or at least creating the need 

for a strategy when thresholding in the feature vectors. The noise is proportional to the ratio 

between object size and pixel resolution indicated by the perimeter/area ratio (Table 4.6.1) for 

the four simulated test objects in Figure 4.6.1. 

Table 4.6.1 The ratio between area and perimeter for objects of different size in Figure 4.6.1 

Area (pixel) Perimeter 
(p ixe l ) 

Ratio P/A 

28098 843.092468 0 .03000543 
71 57 419 .303619 0 .05858651 
489 99.497475 0 .20347132 
142 50 .284271 0.3541 1458 

Figure 4.6.1. Simulation of the ratio object size/pixel resolution. The border pixels 

(perimeter) simulate the pixels that show an integrated reflection from the 

object and the surroundings. 

In a small knot with normal object-size/pixel-resolution ratio, represented by the smallest 

object in Figure 4.6.1, approximately 30% of the pixels covering the surface are on the 

border, thus they have a distribution that represents a the mix of the responses from the sound 

wood surface and the knot surface. 

Surface parameters 
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4.6 Noise 

Surface roughness, moisture content, discoloration due to weathering and artificial drying, as 

well as dust, are factors affecting the spectral response of the wood surface which are caused 

by external production parameters. Other parameters less governed by production are fibre 

direction and annual ring patterns. In common for them all are that when not controlled (i.e. 

outside the experimentally designed space) or measured they can be considered noise sources. 

Incorporated into the experimental design they can be utilized as features for classification 

(Åstrand, 1996b). Tests have been proposed and reported that include these variations on an 

experimentally designed basis (Hagman, 1996). They give a qualitative indication of the need 

for cahbration in possible future industrial apphcations. 

Unknown features exceeding the experimental space 

Due to the namre of wood, being a biologically built composite material, variations in colour 

occur caused by external, often very complex physical or chemical mechamsms. These effects, 

which sometimes cause considerable colour changes, are as long as they are not known nor 

modelled considered noise sources and are a matter of uncertainty when predicting the 

performance of a system. These failures can only be avoided by intensive feedback from the 

operators of the system and from the system itself, sharply indicating: " Stop. This is 

something I don't Know!" 

Environment 

Noise due to dust in the air, oil in the air and stray light can be avoided by proper construction 

of the system and is therefore not evaluated here. 

A more dehcate problem is temperature-based noise, as indicated above. Temperature 

variations probably cannot be avoided, at least in sawmill applications. Two alternatives are 

possible — temperature calibration or ignoring the increased noise. 

4.6.3 Noise in facit 

Lack of knowledge 

Sometimes when setting up the experimental design, errors are made due to lack of knowledge 

about the desired classes or misjudgement of class membership for individuals, objects or 

surfaces. Such human errors cannot always be avoided, whether one is an operator or a 

researcher or something in between. This error source is not very critical i f the training or 

testing set is large. It can be avoided either by software warning, i.e. outlier detectors or by 

exposing the classes to critical examination by external evaluators. 
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Imaging w o o d 

False or fuzzy rules 

A complex set of rules is hard to survey. Objects (defects, components or boards) can be 

found in more than one class or outside the stipulated classes due to mistakes and errors in the 

classification-rule implementation. Such errors can be detected by a careful investigation of 

distributions of objects or features within classes. 

Mixed classes 

Some logs, boards or components belong to more than one class due to the dehberate structure 

of the classes. Other reasons can be lack of measurement precision in the features separating 

the classes or even lack of such features. 

4.6.4 Noise in features and feature extraction 

Bad algorithms 

I f the selected features have low discrimination power, the models obtained are weak in their 

separation of the classes; thus the output has to be amplified to match other better-performing 

models. 

Lack of redundancy 

One of the reasons for using a multisensor with many measured variables/features is the 

increased redundancy in the system, i.e. random noise in one of the variables does not affect 

the output too much. By reducing the number of measured variables, the effect of random 

noise (from some of the above mentioned sources) will increase. On the other hand, the 

increase in variables will increase the risk of overfitting, but that is taken care of by the 

reduction of dimensionality by the Pc-compression when modelling with PLS or MIPLS. 
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Chapter 5 

Concentration of information and noise 

reduction 

1 he scanning methods discussed in Chapter 4 result in considerable amounts of both useful 

and nomelevant information, as well as noise due to different error sources. Redundancy also 

causes increase in information. The desired output of the system, no matter its shape, mean 

quality or defect features, is a result of the reduction of data to information, often from 

megabytes (image data size) to single bytes (yes/no). This is the area where the human brain is 

outstanding and an automatic inspection system must use smart algorithms. The evaluation of 

these algorithms can be done using different but related strategies. Fourier transforms, neural 

networks and principal component analysis, as well as other methods of transformation and 

concentration of information or noise reduction, are demonstrated and discussed. The output 

of the reduction can be feature vectors or low-resolution (spatial or grey-scale resolution) 

images. The purpose of this chapter is to demonstrate the similarity of possible and used 

methods and to point out important differences. 
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Concentrat ion of information and noise reduction 

The value of the message is the amount of work effort (mathematical or other) executed by the 

sender that the receiver is spared (Bennet 1985). Complexity, orthogonal to and somewhere 

between chaos and order (Figure 4.5.1), is non trivial, the things we have an intuitive idea 

about but cannot formulate. An example: the surface of a piece of wood could be described as 

soft and interesting by an human observer. Is that a complex description? Well, my computers 

cannot give me such an answer yet and the human observer has spent all her life to simplify 

here opinion. So the answer is: Yes, this is an answer of high complexity. 

In terms of complexity as thermodynamic depth (Nørretranders, 1993) a board is very 

complex (200-300 million years of evolution, testing and thinning among species) and we 

have logical depth in our computers to reduce the scene of hght reflections from molecules in 

the wood(Mbytes of data) to a list of defects (thermodynamic depth: how much information is 

reduced on the way) but we have not reached the goal of describing the surface in one or two 

words. Is there hope for finding such a model? Well, one board is highly complex, but 1000 

boards are not 1000 times that complex. 

5.1 The importance of data reduction 

In wood inspection applications it is weU known that single x-variables (e.g. grey-scale) are 

not sufficient to predict all biological properties (Lycken et al., 1994). This can be due to the 

fact that the appearance of the surface may be caused by several phenomena represented by 

different independent (x)-variables or that the x-measurements are affected by several 

interferents other than the feature that is predicted. 

In general, a stable model is desirable; this is guaranteed by a certain redundancy between the 

variables containing as much important information as possible, which allows the detection of 

outhers. By using such collinear variables, many traditional modelling methods are 

disqualified, since they assume that each variable is orthogonal to every other and thus 

contains unique information about the dependent variable. 

Our limits in knowledge about interaction between light and wood surfaces leads us to chose 

incorrect variables (worst case), stops the use of detailed causal models and forces us to use 

more x-variables than actually needed. 

AU the problems described above indicate the need for a flexible modeUing/cahbration method 

that gives good predictions and increased understanding, the first step towards this is achieved 

by an initial data reduction (Martens et al., 1989a). 
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5.2 F i l t e r i n g 

5.2 Filtering in spatial, spectral, Fourier planes, 

or in all together 

The idea with a filtering operation is to divide the data into two or more classes, the first one or 

ones hopefully containing desirable information and the others unwanted information 

(residual). Information can be transformed in many ways — spectral, grey-scale or spatial 

reduction or just plain noise reduction by some kind of adapted band-pass filtering operation. 

I f one uses spatial filtering operations, two types of filter can be distinguished: spatially variant 

and spatially invariant filters. 

A spatial invariant filter performs the same operation at each position of the image or is 

independent of spatial dimension or location. For a spatially variant filter the operation is 

position dependent. I f the combination of the neighbouring pixel levels is hnear for an 

invariant filter, then the filtering is equal to an image convolution with a certain convolution 

mask (kernel) (Spreeuwers, 1992a). 

A not very well known filtering operation is a combination of spatial/frequency and spectral 

(in a wide sense) operations where in all likelihood nondeterministic linear or nonlinear 

methods such as PCA or neural network image filtering would be preferred. 

The filtering operation has four major goals: noise reduction, image restoration (not much used 

in this thesis), image enhancement and image feature enhancement/extraction. In wood surface 

inspection, as well as in other complex imaging mechanisms (Spreeuwers, 1992a), the 

underlying process often is not available, has no parametrical description, is not even known. 

This reduces the possibility of using parametric filtering methods and gives the advantage to 

the nonparametric models.. 

One method of data compression is to transform the data by mathematically defined functions, 

for example Fourier transforms, assuming the scene can be explained with the contributions of 

some basic trigonometric functions. Fourier transforms are used in spatial frequency 

transforming (two-dimensional fast Fourier transforming), spectral transforming (smoothing, 

convolution and deconvolution) as well as for domain transforming, i.e. FTIR, sound as a 

function of time to sound as a function of frequency. The reason for bringing these methods 

up and yet not using them in further research is to show the reader the analogies to the 

methods that are used in this thesis. PCA and the use of neural network have great similarities 

to Fourier transform analysis. The difference is whether the functions are predefined or not. If 
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Concentrat ion of information and noise reduction 

the original data have a smooth sinusoidal behaviour then the solutions for solving the problem 

will be quite the same (Hagman, 1993) for all three methods. 

Filtering operations in more than two dimensions at the same time are a matter of concern in 

computer tomography research, deahng with three equal spatial dimensions. Two-dimensional 

methods can often be generahzed directly to three dimensions. The main problem, although 

not the only one, is the complexity of the calculations, making them very time-consuming, at 

least for general and available, less costly hardware solutions. Many filtering methods used in 

three-dimensional wood scanning projects reported are hence not really three-dimensional but 

based of some type of reduction to two-dimensional solutions (Hagman et al., 1993; Schmoldt 

et al., 1995). 

When deahng with multispectral imaging the raw data can be presented as a three dimensional 

image stack. Methods for deahng with such data using the all three dimensions at the same 

time are not frequently reported, at least not in wood research. The methods discussed in this 

thesis, MIA/MIR, are based on a reduction of the complexity to basically one dimension. By 

combining spatial and spectral dimensions new, unfamiliar perspectives are opened. 

5.3 Principal components 

Data compression and prediction modelling using principal component is a forward calibration 

method assuming that Y is a function of X. It is a bilinear modelling method (Martens et al., 

1989a) where X is approximated by a model that is a product of two sets of linear parameters, 

named scores and loadings, plus noise. The underlying assumption in bilinear modelling is 

that the nonrandom structures in X and Y are caused by something, although just what these 

fewer phenomena are may be more or less unknown to us. Together the bilinear model factors 

are intended to map these phenomena to the extent that they can be resolved from the available 

measured or scanned data. The phenomena can then be studied graphically in the compressed 

bilinear factor model. This is mathematically explained in Chapter 6, Modelling, and 

demonstrated in Chapters 10-12. It should be noted that the individual bilinear factors cannot 

necessarily be interpreted as individual mechanisms of interferents. When there are many 

interferents and mechamsms in the data, the number of factors required is high, thus making it 

difficult to interpret the phenomena graphically. Although some problems may occur when 

using these methods, the advantage is clear when using this rotational flexibility: Bilinear 

modelling avoids unwarranted causal modelling when our a priori causal understanding is 

incomplete or erroneous. Instead, it gives pragmatic data compression that when used 
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5.4 Neural networks 

interactively with proper graphics and validation allows the user to attain good predictive 

ability and good causal insight at the same time (Martens et al., 1989a). 

It has already been mentioned that principal components compression tends to separate 

different mechamsms in the data into separate Pc's. The presence of many mechamsms leads 

to a more complex model that has to be achieved in order to solve the problem and thus 

increases the risk for overfitting and reduces the causal explanation of the model. 

5.4 Neural networks 

Feature extraction by neural networks as a method of supervised or unsupervised pre

processing is often used to reduce the dimensionality and/or to transform the data into more 

suitable formats. We shall here concentrate on unsupervised extraction; supervised, is 

discussed in Chapter 6. One way of choosing a simple criterion for feature selection is to 

choose the most important principal components (i.e. the first and most significant ones). In 

some cases hnear principal components are not enough, and some kind of nonhnear principal 

component would be preferred (Almieda, 1994). Minimizing some cost functional (often the 
A I I y v l l 2 

quadratic error, C(x,x) = ||jc - x\\ , or the infomax (i.e. loss of information in the feature 

extraction process) (Linsker, 1989) when choosing the extracted features allows non-linear 

behaviour of the features. 

If a self-supervised network is trained to reproduce its input as output, the bottleneck layer, 

using quadratic error cost function, can be shown to extract a principal subspace. A principal 

subspace is a linear combination of the first principal components (Almieda, 1994). Hagman 

,1993, and Spreeuvers, 1992b, discussed that the hidden layer of a backpropagation neural 

network could be interpreted as a principal subspace. Oja, 1982, on the other hand, showed 

that a linear network, i.e. a hnear unit with output y = w • x trained with a Hebbian rale of the 

form Aw; = axy with = 1, will converge to the first principal component Later, several 

authors reviewed by Almeida, 1994, have shown methods of principal component subspace 

extraction and also ways of extracting the principal components themselves. 
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Concentrat ion of information and noise reduction 

5.5 Additional methods of information 

concentration 

5.5.1 J P E G 

JPEG (Russ, 1995) is a lossy compression technique that transforms colour images from 

RGB representation to a video-based encoding scheme separating grey-scale information from 

colour information and compressing them separately. This is done to obtain a different 

compression ratio for colour and spatial boundaries. Our eyes allow less sharpness in colour i f 

grey-scale points out the boundaries. A typical compression ratio is colour/brightness = 0.5. 

After separation a discrete Fourier cosine transform is used on subregions in the image and 

compression is obtained by only using a minor amount of the most significant components 

(can be different amounts for different regions). This method is based on the assumption that 

human colour perception is a low dimensional mechanism that can be described by a plane in 

the spectral space. Thus, it cannot be used on nonhuman models and spectra outside the VIS 

range where specific information can be found, e.g. NIR-spectra. 

Fractal compression is generated under the assumption that whatever patterns are present at 

large scale in the image are also present with progressively less amphtude at all finer scales. 

This can be apphed to colour pictures in what is known as the Collage theorem (Russ, 1995). 

The problem of finding those basic (primitive) functions, hnear or nonhnear, is far from 

trivial. Similarities can be drawn to principal component analysis in spatial (Hagman, 1993) or 

spectral (Hagman, 1995) dimensions where these primitives might be found. Whether the 

Fractal technique is useful for wood surfaces is not evaluated. 

In reflectance spectroscopy, Multiplicative Signal Correction (MSC) was introduced as a 

method to correct for light scattering variations. In diffuse reflectance spectroscopy, light 

scattering leads to interference effects that have both an additive and a multiplicative 

component effect and hence cannot just be divided away with a shading cahbration operation. 

Both offset and scaling must be estimated and corrected for. The basis for MSC is that the 

wavelength dependency of hght scattering is different from that of chemically based hght 

absorbency. Thus, many wavelengths can be used to distinguish between light absorption and 

5.5.2 Fractal compression 

5.6 Multiplicative Signal Correction 
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5.5 Addit ional methods 

light scattering (Martens et al., 1989f). Using MSC on spectroscopic data reduces the physical 

mechanisms and reveals the apparent chemical variations, thus making the final model less 

complex. 

When using the PGP together with CCD-sensors an interference problem is apparent that 

might be a problem when modelling and that perhaps can be corrected for by means of MSC. 

Scattering effects may also be corrected for. On the other hand, the hterature survey indicated a 

rather monotone chemical composition and colour for wood, thus with relatively large in-tree 

variation, indicating that the model may have to take all sorts of variations into consideration to 

be successful. 
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Chapter 6 

Modelling 

Remember: models are useful but not true! (Martens et al., 1989) 

In this chapter the tools for establishing wood-metric models used in the research is briefly 

presented, models that stand for the compression, connection and interpretation between the 

measured data and wanted features. Soft modelhng by Multivariate Image Analysis (MIA) and 

Multivariate Image Projection to Latent Structures (MIPLS), feature fusion at different data 

levels, calibration, training, testing and validation are presented. Artificial Neural Network 

(ANN) modelhng is briefly discussed due to the similarities in modelling and output, and due 

to the fact that ANN might be the way of implementing the models. This is due to the fact that 

ANN can be implemented in hardware. Two tutorial examples of soft modelhng and MSC 

calibration are shown. 
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5oft models 

In order to predict information Y from measurements X, the model Y = / ( X ) must first be 

determined. In rare cases one knows enough about the problem, the sensors and the sensed 

material's inner and outer properties to be able to set up a rather exact and complete 

mathematical description of the problems and thereby solve them. In most cases, especially 

deahng with macroscopically sized, biologically varied wood samples, our system knowledge 

is incomplete. Therefore we have to select some simplified mathematical model and estimate its 

parameters empirically in order to obtain an acceptable predictor Y = / ( X ) . To obtain these 

acceptable predictors, two methods are described below. The first method is MIPLS using 

bilinear modelling, i.e. X itself is approximated by a model that is a product of two hnear 

parameters to be estimated plus noise. This is discussed in Chapter 5.3. The second method, 

ANN, is a system built upon many simple processors that are highly interconnected. The 

behaviour of the network is determined to a great extend by the architecture and the connection 

strengths instead of the function of the individual processors. The networks are trained by 

presenting examples, and they are able to find solutions for complex problems. 

Both these models use the same strategy to search for basic patterns in the behaviour of the 

observations in the sometimes confounding, multidimensional variable space, and the models 

obtained use similar patterns. 

Interaction among the latent variables or primitives can create a need for nonlinear modelling. 

This can be handled by both methods. In ANN the implementation of more than one hidden 

layer allows the possibility of nonlinear models. PCA/PLS based methods can handle 

nonhnear modelling by screening operations, i.e. expanding the variables in X, the resulting 

principal component scores (PCA/MIA) or the predictions (PLS/MIPLS) through screening, 

i.e. a modelhng on the factorial (reduced or full) expanded variables. This approach might be 

useful when human-perceived models seem to have low correlation to the measured ones, but 

other clusters are found in the modelled information. In this chapter, screening is introduced 

and exemplified on RGB-data. 

There is a fundamental difference in philosophy between regression methods like Multiple 

Linear Regression (MLR) and latent variable regression such as PCR, PLS and MIPLS 

(Lindgren, 1994). In MLR the assumption is that every independent variable in X is believed 

to have a unique and errorless relation to the dependent variable Y , thus the rank of X is 

equal to the number of predictor variables. In latent variable regression, the assumption is that 

there exists a set of latent variables (much fewer than the initially measured ones) for the X 

space containing the relevant information for Y. The X-variables can be dependent of each 
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other. Furthermore, the data are assumed to contain noise, which is possible to keep outside 

the model. Finally, the residual may have a systematic structure irrelevant to Y. 

Training, testing and validation 

Today knowledge about different sensors and their ability to predict wood features is growing. 

However, httie is known concerning how combinations of sensors can increase predictability. 

By using multivariate methods it is possible to combine a great number of types of sensors and 

evaluate their predicting ability both in single and integrated applications. This makes it 

possible to describe materials in a dynamic way. Variations and gradients within each piece of 

wood can be detected and used in, for example, quahty inspection, aesthetic classification or 

the evaluation of strength properties. 

To determine the latent variables and their structures, a proper design (Box et al., 1978) of the 

training set must be done, i.e. to find good representatives of the classes searched for, or to 

find the populations that are to be described in terms of objects and their features. 

Testing of the models can be done in the same set as the one the training data is picked from if 

a proper design is used, otherwise it is extremely important that the test set is chosen 

independendy of the training set. Validation and the final opinion about the value of the model 

can only be done by using more highly resolved (in some sufficient sense) data and by 

observing the model implemented in its final environment.This is the opinion of the author 

originally stated in the project that resulted in the industrial implementation of the PLS-based 

log quahty algorithms used with a two-dimensional gamma scanner (Hagman, 1993a). 

/ / a model is accepted and used and performs better than other possible 

methods, then it is OK! 

6.1 Multivariate image projections to latent 

structures (MIPLS) 
In this work, information from image-based sensors with different wavelength responsivity is 

cahbrated by multivariate methods to obtain a model for the prediction and classification of 

wood features. The methods used for unsupervised single-pixel classification are MIA and 

Multivariate Image Regression (MIR). MIA (Esbensen et a l , 1989) is based on the bilinear 

projection of multivariate images and is often used as a visualization aid. The principal 

component (Pc) transformed imagery may be presented as Pc-score images as an alternative to 
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the unprocessed images. The aim of this is to concentrate the information in the multivariate 

image stack to a few components, or to provide a basis for classification training. An MIA 

application demonstrating this method in wood-feature classification is presented by Hagman, 

1993, which uses a multivariate image stack containing spectral images within the visible and 

NIR wavelengths to classify knots and blue stain on a Scots pine board. The score scatter 

plots are used for exploratory data analysis and training-class delineation irrespective of the 

contextural image relationships in the scene space. 

Image regression (Esbensen et al., 1992) basically comprises a regression relationship 

between the stack of X images (an X image with a K-dimensional feature vector associated 

with each pixel) and one or more congruent Y images (here either one Y image or, in the case 

of several Y images, there is a complementary M-dimensional vector for the same set of 

pixels). 

In the case where Y data and X data cover the same scene span it is possible to treat each pixel 

as an object from an ordinary modelhng point of view. Basic theory regarding these methods 

is found in Martens et al., 1989a. Y images can be presented as binary dummy images, 

discriminating special features from the background. These Y images can be extracted using 

MIA or by supervised discrimination. By using MIA and MTR, small areas in the image scene 

can be trained to give prediction models for the whole scene or with sufficient experimental 

design in the training set, the statistical space of interest. The result can be visuahzed as 

prediction images or, by applying some sort of classification rale, as segmented feature 

images. 

In the case where several Y-variables are used, the method changes from multiple multivariate 

regression to Partial Least Square modelling (PLS) (Martens et a l , 1989). It has not been 

possible up to now to apply PLS on multivariate images with resolution of ordinary images. 

Lindgren et al., 1993, propose an algorithm, the Kemel algorithm, as a fast and memory-

saving PLS regression algorithm for matrices with large numbers of objects. The method 

condenses long (meaning: many objects = pixels) matrices into small square matrices. These 

are equal in size to the number of X-variables that together with the small covariance matrices 

gives a complete PLS regression solution. We call the method multivariate image projections 

to latent structures (MIPLS). 

MIA 

The MIA approach gives a flexible tool for image analysis, and a strategy can be set up for 

different purposes. The basic approach comprises the following operations (Esbensen et al., 

1989): 
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• calculating principal component scores (score images) and loadings (vectors) 

• scatter plots of scores versus each other 

• selection of classes on the score plots by user-defined masking 

• projection of the pixels in the feature-space classes to the corresponding scene-space 

locations 

The MIA process can be explained graphically as in Figures 6.1.1, 6.1.2, 6.1.3, showing the 

decomposition of the original datacube, i.e. decomposition of the original images with spatial 

identity but different information and noise, into latent images, their associated loading vectors 

and a residual data cube. The scatter plots used for interactive interpretation of the data 

structure are two-dimensional histograms of the occurrence of the grey-level values in two Pc-

images. Figure 6.2 explains the creation of such a scatter plot. In Figure 6.3 the back 

projection possibilities are shown giving the possibihty of identification of spatial relations for 

clusters expressing latent feature similarities (Van Espen et al. 1992). 

Figure 6.1.1 The decompositon of the stack of congruent images (X) into a number of 

score images T1,T2.... and loading vectors P1,P2 The part that is not 

modelled is the residuals E1,E2.... The image stack is of the size M*N*a. 

(Adapted from Van Espen, 1992) 
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N i$\ * 
Pc image 1 t t 

Figure 6.12 Two score plots can be used to construct a score scatter plot. Because of the 

large number of pixels they have to be shown as densities at some locations 

indicated by colour I grey-scale LUT tables. (Adapted from Van Espen, 1992) 
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Figure 6.13 Feature-space segmentation. Any subset of pixels can be adapted by being 

marked with a "paintbrush" and are projected back to the image space. 

(Adapted from Van Espen, 1992) 
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MIPLS 

In calibration modelling, the basis is the MIA analysis, giving separable classes in the score 

plots and vahdation of the classes by checking the class appearance in the original image 

scene. The classes projected are thresholded to give binary dummy images (y-variables). I f 

PLS algorithms are used more than one y-variable may be used. The PLS algorithm used is 

the Kernel algorithm and the PLS regression solution can be written in compact matrix 

notation as (Lindgren et al., 1993): 

Y = XB + F (6.1) 

Where X is NxK, Y is NxM, B is a KxM matrix of regression coefficients and F is 

an NxM matrix of residuals. 

Notation: X matrix of predictor variables 

Y matrix of dependent variables 

K number of X -variables 

N number of objects (here: pixels) 

M number of Y-variables 

X r the transpose of a matrix X 

X - 1 the inverse of a matrix X 

I the identity matrix 

a rank index (a=l, , A) 

For PLS the regression is expressed as: 

B = W(P T W)- 1 C T (6.2) 

The Kernel matrix is XTYYTX and the PLS weight vector w is estimated as the first 

eigenvector of the Kernel matrix using the Power method; a is eigenvalue. 

waaa = ( X T Y Y X) a w (6.3) 

The PLS loading vectors p and c are calculated using the covariance matrixes: 

pT = wT(XTX)/wT(XTX)w (6.4) 

cT = w r ( X r Y ) / w T ( X r X ) (6.5) 
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Updating of the Kernel and covariance matrices: 

( X r Y Y r X ) a + 1 = ( I - w a P / ) r ( X T Y Y r X ) f l ( I - w a P / ) (6.6) 

( X T X ) a + 1 = ( I - w a P a

T ) r ( X r X ) 0 ( I - w A V j ) (6.7) 

( X r Y ) a + 1 = ( I - w a P ; ) r ( X r Y ) a (6.8) 

The vectors w, p and c are stored in the matrices W, P and C 

W = [w 1 w 2 . . . .wJ 

P =[PiPr...pA] (6.9)-(6.11) 

C = [Clc2....cA] 

The final treatment before processing is to select training areas within the image. It is essential 

to have approximately equal representation of number of objects (here pixels) of the different 

features in the training set. Following determination of the vectors W, P and C, the B-vector 

(or matrix i f there is more than one variable in Y) is used to create prediction images by a 

matrix multiplication: 

Y , r e d = XB (6.12) 

and the residual: 

F = Y - X B (6.13) 

These prediction images are used for thresholding operations and visualization of predicted 

features. The residual images show the information not modeUed by the prediction model and 

the noise. In the first screening analysis it is advisable to use a method to model all Y-variables 

simultaneously, especiaUy i f they are strongly intercorrelated (Martens et al., 1989a), as may 

be the case in this analysis. I f the Y-variables interpret quite different mechanisms it is 

advisable to model them separately but with the same method and strategy used. Otherwise, 
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especially for different nonlinearly behaving relations between the X-variables and Y-

variables, overfitting could be the result due to few training objects and/or due to too much 

noise in the data. The reason for that is that nonlinear relations need more than one PC for 

modelling and that noise reduction also is Pc-consuming. Nonlinearity can also be handled 

using quadratic and other expansions of the X-variables, a strategy demonstrated in Chapter 

6.2.3. 

The reason for calling the method MIPLS instead of third generation PLS is its exclusive 

implementation for image stacks based on the Nffl-image pubhc domain software (Written by 

Wayne Rasband, US National Institutes of Health) done by Stig Grundberg, LuTH/TRATEK 

and Olle Hagman, LuTH. The NTH image subroutines mn on any Macintosh computer, the 

image-stack dimensions are only restricted by the amount of RAM memory (preferably > 50 

Mbyte) installed and a maximum 512 pixel width. 

6.2 Feature fusion network 

Introducing network strategy much like the one explained below in Chapter 6.3, Neural 

network, with several hidden layers, can increase the prediction abihty for human-identified 

features. These features can be a mixture of different measurable features. By separating these 

two feature-levels into a "modelling network", better performance can be obtained. In short: 

• identify separable features by MIA and predict them with MIPLS. 

• expand the predicted feature-vector obtained with a screening procedure, i.e. expand 

the vector by quadrants and combinations of the predicted variables to identify 

interaction and nonlinear behaviour. 

• make a new MIPLS model on the expanded vector and optimize the final model for 

performance and calculation speed. 

Known, often externally caused features, that can be controlled are not necessary to introduce 

to the model i f it is possible to calibrate for them, thus making the model less complex and 

easy to grasp and interpret Multiplicative Signal Correction (MSC) is such a cahbration 

strategy that can be used as a preprocessor. 

By introducing methods combining spatial and contextural information, i.e. pixel neighbour's 

behaviour, in mean value plane or in all spectral planes into the model, latent structures 

obtained can hold both spectral and spatial information of each pixel, thus indicating the 

chemical and physical composition of the scanned surface but also the orientation and shape of 

the object of which it is a part. The "one-dimensional" fusion, i.e. utilizing one spatial plane, 
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is shown in an example in Chapter 6.2.4. More complex models are discussed in Chapter 

13.4.2, Theoretical approach. 

6.2.1 Basic features—human perceived features 

The major problem when looking for hardware and software solutions and algorithms for 

feature extraction for automatic grading installations is the lack of knowledge of the features 

used by the human graders. A complex system of defined mles is overruled by human 

interpretations of these rules and other environmental and psychological factors. In the worst 

case every grader has his or her own interpretation and in the best case the graders are 

cahbrated by some standardization procedure. The procedure can be training courses, 

evaluation or cahbration by chief grader. Unfortunately, these " standard graders" also vary in 

their grading (Grönlund, 1995b). In softwood grading the common features are the type, 

number, position and size of quahty defining objects (very often knots). This reduces the 

problem to one of finding the rules for these object pattern borders for each class. The result 

might be interpretable for the operators and thus evaluable. 

When dealing with hardwood classification, and especially where colour features are 

concerned, we have severe problems. A parquet sorting example as an iUustration: 

Pieces of different grading classes were marked and scanned with the VIS PGP scanner. The 

prejudgement was done by experts on parquet from that species. The grading mles were 

claimed to be based on colour perception to a large extent. No significant features were found  

that could separate the classes according to the preset classes. This could of course be the case 

for a number of reasons beside the hypothesis of lack of classes. Although less probable, bad 

scanning and errors in marking the pieces can interfere when modelling the classes. The 

presence of unidentified features interfering with the colour features is more likely. 

6.2.2 Preprocessing by reduction of multiplicative 
effects 

Multiplicative Signal Correction (MSC) is a method (Martens et al., 1989b) developed for 

correcting the enormous light scattering variations in reflectance spectroscopy where 

multiphcative problems cause interference problems with both additive and multiplicative 

component effect and hence cannot just be divided away. The signal is affected according to a 

linear function, 
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Xinp~<Xm+Xtrue*ßm (6.2.2.1) 

compared to the true signal. I f one could identify Cfmand ßm by their estimates then the 

correct signal would be 

* - r ) / K (6-2.2.2) 

This can be done by using the fact that wood, i.e. hydro carbons, absorbs hght in a more or 

less similar way. The basis is that light scattering has a dependency on wavelength different 

from that of chemicaUy based light absorbency. Using MSC as a pre-processor reduces the 

number of latent variables (i.e. Pc's or hidden nodes) in the prediction models (Martens et al.. 

1989b) due to the fact that certain mechanisms are calibrated for and hence do not need to be 

modelled. 

An example: Cahbration for varying moisture content for the scanned surfaces changes the 

colour spectrum. 

Drying of wood, natural or artificial, affects the colour spectrum and lightness (Hagman, 

1996). Why? Many hypotheses can be proposed — changes in optical refraction and hght 

interaction depth due to decreased scattering, oxidation processes, flux of pigments, spectral 

reflections etc. If one is interested in wood features, not moisture content (MC) or air or light 

exposure time, then it would be practical to cahbrate for these features. These features on the 

other hand, themselves can carry information about surface treatment or fibre size and thus be 

used as input variables used for other purposes. 

The test surfaces (Figure 6.2.2.1) show the same piece of lumber (except for some planing 

and sanding) at various MC. The increased complexity of the surfaces compared to normal 

surfaces with less variation in MC can be illustrated by the high number of principal 

components that is needed to fully explain the spectral and stmctural context in the image. In 

Figure 6.2.2.2 it is shown that at least 6 Pc's are needed. This is somewhat unusual as shown 

later in this thesis and also discussed in previous chapters. 
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Figure 6.2.2.1 Four scans of the same knot and clear wood at various moisture contents and 

surface treatments, a, green wood (Raw); b, artificially dried to 18% MC; c, 

6% MC planed surface; d, 6% sanded surface, (scanning and preparation by 

J.Oja & M.Öhman) 

The calibration procedure is as follows: calculate a mean grey-level value x for ah pixel 

spectra (Figure 6.2.2.3). Plot the individual spectral values for each pixel against the mean 

value (Figure 6.2.2.4). From domain-specific knowledge and from the appearance of the 

curves in Figure 6.2.2.4 it is apparent what kind of function is needed to model the general 

trends in a model. In this case there are small differences between the curve shapes, thus 

implying that there are minor changes in spectrum when the moisture content changes from 

high to low (6%) and the surface roughness changes from rough to sanded. Notable is— there 

seem to be different mechanisms affecting the cahbration on the blue and the red side of the 

spectrum, occurring as different curve shapes for the different spectral domains. This effect 

had been noticed as a winding in the curve i f the reflectance spectra had been continuously 

increasing instead of, as now, having a maximum in the middle. This is, as mentioned earlier a 

function of the combination of system component's spectral behaviour. The magnitude of the 

differences has to be compared to the magnitude of the differences caused by the quality-

moulding features. 
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Figure 6.2.2.2 Principal component score plots for the six first Pc's (1-6) indicating different 

mechanisms separated in the different components. The context of the knot is 

still visible in Pc6. Pc4,for example, separates the green ( = high MC) 

surface from the others. 
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Figure 6.2.2.3 MSC spectra (clear wood) for the four test surfaces in Figure 6.22.1 and for 

their grey-scale meanvalue. 
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Figure 6.2.2.4 The basis for MSC, the individual mean spectral value plotted against the 

average spectral value. Each curve form gives the coefficients am and 

ßm used to estimate the general trends. For each surface two trends are 

visible, seen as two almost parallel curves corresponding to different 

behaviour in mainly blue and red spectra. 
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6.2.3 Interaction in an RGB test image 

This section is a tutorial on the MIA/MIPLS strategy and at the same time an introduction of a 

nonlinear colour modelhng strategy. If the nonlinear approach seem confusing at this stage, 

the expanded images can be concerned as ordinary variable images similar to the RGB-images. 

This example is an introduction to a normal modelling process commonly used on one-

dimensional data (Box et al., 1978), but not on multispectral images. The example is chosen to 

be pedagogical and easily interpretable, by showing an image of a European woman, 

something we all are familiar with, an image that we are used to interpreting in colour and 

shape features. The feature separation is not a completely trivial task in one dimensional 

classification, i.e. thresholding in grey-scale, R, G or B, due to the shadows occurring. 

A multivariate image stack was created representing the expanded RGB image (Figure 

6.2.3.1) of a woman with nine images R, G, B, R*R, G*G, B*B, R*G, R*B and G*B 

respectively (Figure 6.2.3.2), thus the third order interaction is left out. The obtained images 

are scaled to 8-bit resolution. The image stack represents six major features in the image 

background, skin, hair, sweater, shirt and bowtie. 

After the initial MIA analysis the score images (Figure 6.2.3.3) were investigated and feature-

classes were identified and separated in the score plots (Figure 6.2.3.4). Al l the classes pre-

identified were clearly separated by their clusters in the score plots. Thresholding operations 

resulted in binary Y- variable images (Figure 6.2.3 2) used as dummies in the MIR analysis. A 

training set was set up by using the nine images (R, G,... G*B), the thresholded dummy 

image areas as Y-variables and a dummy image defining selected training areas using masked 

"white" pixels (Figure 6.2.3 2). 

The Y-predicting score images obtained after each principal component are shown in Figure 

6.2.3.5 where dark pixels indicate high probability of the modelled feature. A thresholding 

operation is one way to apply a classification rule. After thresholding the result image is 

compared to the initial test area by adding the two images (Figure 6.2.3.6). Observe that the 

predicted image is obtained by using an equation (6.12) where regression matrix B(Table 

6.2.3 1) is based on 4% of the total area i.e. 96% of the pixels are a test set. 
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Figure 6.2.3.2 A multivariate image stack representing the image of a woman by nine 

images (R, G, B, R*R, G*G, B*B, R*G, R*B, G*B). Binary Y-variable 

images after thresholding operation (Y1-Y6) and one image (TR) showing 

selected training pixels as white areas. 
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Figure 6.2.3.3 Score images of the first 5 principal components. 
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Figure 6.2.3.4 Feature classes identified as clusters in the score plots shown as projections 

of the pixels in the feature-space classes to the corresponding scene-space 

locations. (See also colour appendix) 
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Figure 6.2.3.5 The Y-predicting score images obtained after each principal component. Each 

column corresponds to Y-dummy 1 to 6, respectively. Dark grey-scale in the 

image indicates high probability of predicted Y-variable. 
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Figure 6.2.3.6 Comparison oftest image, obtained by projection of the pixels in the feature-

space classes to the corresponding seen- space locations, and the predicted 

score image by adding the thresholded predicted Y-score image to the test 

image. Grey areas indicate that the prediction based classification differs from 

the training set classification. A black level indicates a correct positive feature 

classification and white level indicates a correct negative feature classification. 

Table. 6.2.3.1 Regression coefficients(B- matrix) for prediction models for Y-variables after 

7 PC. (All X-variables are within the range 0 to 255). Bold figures indicate 

strong modelling influence. 

Y I Y 2 Y 3 Y4 Y 5 Y 6 

R 5,04 1,42 -11,22 -2,17 -1,83 8,72 
G -21,95 -11,20 -4,84 -13,22 1,93 43,47 
B 18,19 10,17 16,98 16,89 -0,62 -52,26 

R * R 3,18 -10,48 7,01 -4,23 5,34 -0,99 
G * G 6,66 7,97 0,57 9,80 0,69 -19,77 
B*B -1,09 -15,76 -0,02 -16,94 2,78 23,40 
R * G -15,11 30,62 -13,08 16,87 -13,63 -5,02 
R * B 3,18 -10,48 7,01 -4,23 5,34 -0,99 
G * B 2,81 -2,74 0,18 -2,56 1,42 0,39 

Summary of tutorial 
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A model for prediction of feature probability in an RGB image has been obtained utilizing 

nonlinear modelhng performed by screening operations on the original RGB-images. 

Classification by thresholding in the obtained probability image and comparison with MIA 

segmented facit images indicates good performance for five out of six models. Model four 

(Y4), the bowtie, shows a tendency to predict face, background and sweater as bowtie. The 

weak model can be observed in Figure 6.2.3.6 as well as in Table 6.2.3.1. This interpretation 

can be done due to the fact that the variables are almost equal-scaled (256 grey-levels), thus 

making the absolute values of the coefficients an indicator of variable importance and model 

strength. In total 81% of the pixels were correctly classified as belonging/not belonging to that 

class. A classifier utilizing a combination of the six predicted probabilities would perform far 

better. 

6.2.4 How to incorporate spatial features into the 
single-pixel classification 

The features of a pixel in the three dimensional x, y, spectral space as measured and stored, 

using the PGP imaging spectrometer in a three-dimensional image are extracted by basically 

one- or two-dimensional statistics. We use the spectra alone, or the two-dimensional spatial 

appearance by means of gradients, grey-scale differences or pattern descriptions, i.e. 

correlation, latent spatial variables etc. or a reduced combination of these in small areas of the 

image (Forrer, 1987). This reduction of the information is probably done due to two reasons: 

• lack of computational capacity 

• and/or lack of knowledge, 

This leaves the possibihty for low-level use of the possible latent variables holding information 

about shape, directionality, borders and spectra. 

Below is proposed and exemplified a principal method for multivariate image regression (also 

of course apphcable by ANN) called Spatial Enhanced Multivariate Image Projection to Latent 

Structures (SpaMIPLS). 

As an example, an image of a piece of Juniperus communis L. was scanned with the MR-

PGP (450-860 nm), Figure 6.2.4.1. The surface was chosen to exemplify two basic spatial 

features of the exposed piece of wood, knots compressed longitudinally and thus oriented in 

the transverse direction and stripes of blue stain oriented along the grain direction. The MIA 

analyses on the spectral data reveal that there are no distinct classes found in the score plot 
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(Figure 6.2.4.2). This may be somewhat surprising, assuming that the blue stain is blue, but 

the effective scanned spectrum is above the blue region. To keep the data within the capacity 

limit, the spectral data is reduced to 8 spectral bands, each with a bandwidth of 1 nm and 

evenly spread over the spectrum 450 to 860 nm. The eight spectral images are filtered using 

the four filter functions illustrated in Figure 6.2.4.3, i.e. substituting the pixel value with its 

neighbour in four directions giving 8*4 = 32 new images. The obtained predictions using 

MIPLS on both the 8-spectral-images data stack and the expanded data stack (Figure 6.2.4.3) 

reveal that the differences in contrast observed are due to directionality of the objects. Thus, 

better contrast (= class probabihty) is obtained for those objects that are oriented in the same 

direction as the training objects. 

Figure 6.2.4.1 Example surface: Juniperus communis L. 1, image obtained at 500 nm; 

2, 660 nm; 3, 800 nm; 4. average image of 60 spectral images from 450 -

860 nm. 
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0 0 0 1 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 1 0 0 0 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 
1 0 0 0 0 0 0 0 0 0 0 0 0 1 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 
0 0 0 0 0 0 0 0 0 0 0 0 0 0 

Figure 6.2.4.2 Filter masks used to introduce spatial oriented information into the data set. 

Figure 6.2.4.3 Obtained prediction images, 1. Blue stain stripe modelled by 8 spectral 

images, 2. Blue stain stripe modelled by spatial enhanced spectral images 3. 

knot modelled by 8 spectral images, 4. Knot modelled by spatial enhanced 

spectral images. Dark grey-scale indicate high probability of class. (See also 

colour appendix) 
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6.3 Neural networks 

Another method used is an Artificial back-propagation Neural Network (ANN). An artificial 

neural network (Eberhard et al., 1990) is an iterative learning system trying to simulate the 

human brain and nervous system. The back-propagation ANN used in this test has one- or 

two-dimensional spatial interpreted architecture according to where the input layer (here X-

variables) is connected to the output layer (here Y-variables) through a hidden layer. The 

output of a hidden node is a function of its inputs. In this network a sigmoid function is used. 

Between the layers there are connections with weights. The weights represent the way the 

system has formulated the relation between X and Y. In the iterative learning stage there is a 

training set where both X and Y are known. The idea is to reduce the sum-squared error 

between the Y-true and the Y-model. This is done by starting with a randomized weight 

pattern and more or less slowly changing it. After every change the error is calculated. By 

looking at the error it is possible to see if or how well the system has formulated the mles 

between X and Y. NormaUy a low level of error indicates that there is a strong model between 

X and Y, but there is a problem. When trying to f i t the model to the training set there is a risk 

of modelling the noise in X and Y. This noise is often, in wood research, considerably high. 

By overfitting, a low level of error is achieved, but the model is only fitted to the training set 

and might be useless in predicting a test set 

Use of neural network in first order data cases, i.e. based on histogram information, is found 

in Labeda, 1993; Labeda, 1995. The use of the ANN strategy in second order (i.e. including 

spatial position) wood feature classification is demonstrated in Hagman, 1993b; Hagman et 

al., 1995; Schmoldt et al. 1995. No higher order examples (including two-dimensional spatial 

information, spectral dimension or transform etc.) are found in wood applications. 

Using an ANN as a 1 of M problem (one output unit corresponding to the correct class, aU 

others zero) classifier has been proven (Richard et al., 1991; Ruck et al., 1990) to approximate 

Bayesian probabüities (Duda & Hart, 1973). This aUows the output of an ANN to be used in 

further classifications, makes it possible to compensate for differences between pattern-class 

probabilities in training and test data, and aUows output to be used to mmimize alternative risk 

functions. 

By introducing more than one hidden layer nonhnear behaviour can be modeUed i f continuous 

nonlinear transfer functions are used (Cybenko, 1988). 
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6.4 The importance of statistical distributions 

Statistical distributions are important in experimental research for three reasons: 

• for planning the experiments and the experimental design. 

• models used yield statistical considerations and summaries that can be compared to more 

theoretical statistical distributions, for error warnings and validation. 

• the optimal choice of modelling or cahbration method depends on theoretical distribution 

assumptions about the input data, but in practice this is not very critical (Martens et al., 

1989a). 

Very often, in wood research as well as in other fields, the true distribution is not known. A 

good guess then is the normal distribution, often motivated by the central hmit theorem, being 

a good approximation and easy to use and leading to statistical results that are quite robust 

against departures from normality (Martens et al., 1989a). The MIA/MIPLS or PLS methods 

used in this research make it possible to pay less attention to assumptions about the actual 

distributions, independence of residual elements, orthogonality of independent variables and 

estimates of degrees of freedom. It is not even necessary to apply statistical hypothesis tests 

using these methods (Martens et al., 1989a). Instead, validation is based on prediction ability 

and interpretability. 
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Chapter 7 

Real-time application 

Research carried out in this project is mostly done on a nomeal-time basis, i.e. the objective is 

to test hypotheses and gain knowledge. Due to collaboration with a research group at 

Linköping University conducting research in both wood inspection and smart sensors 

(Åström, 1993) some real-time application hypotheses have been tested. A real-time 

apphcation is here defined as an on-hne scanning procedure delivering a classification decision 

at the rate of the object-inspection speed. A smart sensor is capable of doing hard- or software 

processing of the image data. There are several cameras that fulf i l l that definition (Åström, 

1993), but the MAPP (Matrix Array Picture Processor) sensor is the only commercial camera 

known that can perform feature extraction of the kind discussed below. 

In the second part of this chapter a description of a future on-line system for macroscopical 

(i.e. whole objects or board surfaces) classification is introduced. Some of the ideas are tested 

and thus reported in Chapter 8, and some are just hypothes based on more or less referenced 

ideas. These are clearly pointed out in the text. 
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7.1 A smart image sensor 

7.1.1 MAPP camera 

The MAPP camera is based on the MAPP2200 chip, consisting of a two-dimensional 256x256 

pixel sensor array, a line parallel A/D-converter for 256 pixels and 256 bit-serial processor 

elements (PE). The PE's work in simultaneous mode, i.e. one instruction is executed by all 

processors at the same time. The chip does not contain any instruction memory or any 

instmction sequencing logic. The readout from the photodiode columns is controlled by three 

switches, one, S1, is uniquely addressable at any time for each sensor element in the column. 

Readout from the pixel resets the status of the photon counter, or to be more precise, 

precharges the capacitor to the level before discharging by ülurnination of the photodiode pixel 

element area. This gives two interesting possibilities for the camera. First, the exposure time 

for a given sensor row is given by the time between two readouts, thus giving individual 

exposure time control for each row. Second, a columnwise analogue summation of intensities 

from any selected sensor rows is possible. 

The spectral sensitivity of the chip is illustrated in Figure 7.1.1.1. The exposure needed to 

have sufficient signal/noise ratio is >200 nJ* cm~2, and thus the intensity needed in the 400-

450 nm wavelength spectrum to give a length resolution of 1 mm/pixel at a feed speed of 

2m/sec indicates the need for 1 W * m~2 * wn" 1 of effective light effect at 425 nm, thus 

indicating the need for a highly focused high VIS output light source. 

o o o o o o o o 
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Figure 7.1.1.1 Relative spectral responsefor the MAPP chip. 
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7.1.2 PGP-MAPP 

An instrument for implementation of linear m^crirninant functions based on spectral calibration 

variables such as PLS or MIPLS prediction models is obtained by combining the MAPP-

sensor with a PGP and a lens. The models used can be obtained off-line by using the MAPP-

PGP as an "ordinary" PGP-camera, i.e. scanning a three-dimensional spatial spectral image 

stack or by using another matrix camera as sensor. The benefit of using the PGP-MAPP 

system in spite of its low resolution is that the overall spectral characteristics of the system 

comprising the lens, the iUumination and the spectral sensitivity of the sensor wül thus be 

embedded in the model (Åstrand, 1996). Considering the linear model (equation. 6.12): 

Ypred - X B 

with B being the regression coefficient vector or matrix that is trained with some kind of 

procedure (MIPLS/PLS or other) working on the spectral feature matrix X. The sum can be 

calculated direcdy in the processor array or by an even more near-sensor approach exploiting 

the MAPP readout logic, the latter with some limitations of the constraints. In the first case, 

the bit-serial multiplications are time-consuming and wiU timit the performance of the system 

and therefore were not further tested. The second case generates the sums by selecting 

integration time for each spectral row and then summing up the spectral row making up a 

given sum. The implementation of a given set of coefficients comes down to the generation of 

a suitable timing scheme and to defining when the exposure of different rows should be 

initiated and when the summation and A/D-conversion should be performed (Åstrand, 1996). 

The limitations are that one spectral row can only be used once and that the hmitation in the 

iUumination intensity used sets the practical number of spectral variables to a fraction of the 

initial 256. The number of classes also limits the number of spectral variables for each class. 

For further discussions of problems and limitations see Åstrand, 1996. 

To get it all to work, at least two strategies can be found, the first discussed and performed by 

Åstrand, 1996, together with Österberg et al., calculating the weight (or regression) 

coefficients by choosing an optimization approach handling the hmited dynamic range of the 

A/D-conversion, the spectral channel exclusion (i.e. one channel is used only once) and 

maximizing hght usage. This strategy is based on the assumption that the ratio between light 

intensity and sensor sensitivity is critical due to low intensity in Ulumination. Thus the use of 

photons has to be optimized when training the model. In previous work, hght sources 

(Tungsten halogen) with a small output of effective hght (400-700 nm) of the input effect 
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were used. The usage of more powerful light sources (u-wave Plasma) reduces the need for 

optimization towards the use of photons to increase real-time speed. 

The other strategy, suggested by the author, is to use models for different classes with 

variables selected for good prediction behaviour for each class. I f a variable is chosen for one 

class it is Discriminated for others. This approach has not been tested yet due to the problems 

that arise when testing the first strategy on wood samples. A new MAPP generation with a 

better dynamic range is under development and further tests will be made with that camera. 

Some results are obtained using the optimizing strategy exemplified in Figure 7.1.2.1 showing 

the result from a real-time on-hne classification of a Spruce board with a MAPP-PGP system. 

Figure 7.1.2.1 Classification of features on a Spruce board surface using the MAPP-PGP 

system. The classified surface contains two black ringed knots (black and 

grey), sound wood (light grey) and blue stain (dark grey). By courtesy ofE. 
o 

Åstrand. (See also colour appendix) 
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7.2 A multisensor, feature and decision fusion 

system for predicting quality 

Fusion of information can be done in many ways, by combining raw data from sensors, after 

feature extraction in classifiers or combining a priori knowledge with information from 

different sensors. A further discussion is found in Appendix: Licentiate Thesis. 

This system proposal has several levels of sensor fusion. 

• The first level is the transformation of reflected or transmitted energy to analogue or digital 

signals from the sensor chip, signals describing raw features such as behaviour in different 

spectra. Transformation between differences in sensor resolution has to be carried out in 

this level. 

• The second level is the compression of raw data into information for each pixel by hnear 

transformation of the variable space. This step can be directed towards direct classification 

in end-user interpretable features such as knot type, blue stain or sound wood or towards 

more material-descriptive features in aspects of biology, chemical composition or physical 

behaviour. 

• Having found the basic features, a screening operation can be obtained to find the 

interactions between these basic features in aspects of end-user classification interpretation. 

After this step the pixels are labelled with prediction features describing the probability for 

different classes that can be used in classification or for further use in spatial segmentation. 

• In this optional level the pixel can be further described by using the spatial neighbourhood 

in the images obtained by spatial organization in one or two dimensions of the different 

predicted features. This step is not necessarily separated from those above. 

• Object segmentation by thresholding operations in the feature vectors combined with 

segmentation techniques obtained in one or two dimensions gives a segmented and 

classified surface in aspects of sound wood and objects. This step can be carried out by 

more direct methods based on pattern recognition and predictions, i.e. PLS, ANN etc. that 

are less time consuming. 

• Having the surface objects classified, the next step is to give the overall judgement of the 

surface(s). This can be done by implementing an expert-system-like algorithm based on 

grading rales, i f a proper one is available, or by using another classifier or predictor. The 

algorithms can be implemented in many ways. 
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I f the inspection/grading/decision problem is of low complexity, many of these steps can be 

combined to one or two levels, at least in software solutions with no real-time demands. The 

following sections describe a system based on feature evolution from reflected wavelengths 

within the visible spectrum with the PGP/MAPP concept and further processing in the main 

computer software using techniques developed and demonstrated by Åstrand, 1996. 

7.2.1 Pixel level 

The system consists of a board transporting system, iUumination and the PGP/MAPP camera 

and a host computer. The PGP/MAPP system acts as imaging spectrometer when the scanned 

surface is moving. 

The iUumination is tungsten halogen and fibre optics (described in Chapter 4.4.1) at non-

specular angle towards the normal of the scanned surface combined with two laser (650 and 

670 nm) lines, one at specular angle towards the PGP/MAPP camera to trace shadows and 

fiber angle effects and the other one focused beside the scanning line to trace the tracheid 

effect. 

The hnear models that transform raw spectral reflection data are obtained by MIA/MIPLS after 

initial selection of variables with strong influence on modelhng for each selected class by PLS 

The number of features that can be predicted simultaneously is set by the initial raw data 

dimension (256 spectral variables) divided by the number of necessary variables for each 

class. Each variable can be used only once. A further restriction can be that large coefficients 

have to be obtained by integration of more than one variable, thus reducing the initial number 

of available variables. The output from the MAPP camera is the predicted feature-probability 

value vector for each pixel or pixels labeUed after maximal probability classification. The 

classification is obtained by individual thresholding for the different features. Observe that a 

cahbrated individual thresholding must be set for each pixel column output, i.e. pixel in the 

scanned line, to compensate for sensor variations as mentioned in chapter 4.6.1. In this 

example the features obtained express biological components and grain angle effects exposed 

on the surface and thus we use the feature output. 

7.2.2 Line level 

Considering the organization of the MAPP-chip, the pixel hne transverse to the feeding 

direction (256 pixels), aU these pixels are labeUed simultaneously, although sequentiaUy 

transmitted to the host. This suggests the use of paraUel processing hardware, although it was 

not used in this project 
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The new feature vector is then used for predicting quality moulding features such as knots, 

rot, compression wood etc. using hnear models obtained by PLS or MIPLS. A hne 

segmentation is then obtained by classifying in the new feature space. At its simplest level this 

means finding line segments by individual thresholding, segmentation operations and line 

growing. The result of this can be a list of objects for each line. 

This has been described and tested by Åstrand, 1996, where an experimental system is set up 

using features extractors based on grey-scale, tracheid effect and a difference image indicating 

surface roughness. The set-up uses an ordinary lens and three different lasers settings from 

various angles to extract the features. Four different thresholds are used to segment the objects 

separately. 

7.2.3 Surface level 

The pixel line obtained described by the feature vector, or as an object-segmented and 

classified hne can be further processed within the MAPP chip or in the external host computer. 

There is no advantage using the MAPP at this stage. Here, a data reduction can be applied 

which expels lines only containing sound wood from further calculations. I f the pixel feature 

vector is processed in the host, improved modelling can be performed i f the obtained features 

are expand by multiplication of features with proved interaction. Nonlinear behaviour is dealt 

with by adding powers of the initial feature to the vector (Chapter 6.2.3, Interaction in an 

RGB test image) 

The line objects are then added to two-dimensional objects by labelling connected objects from 

each line. The objects can then be given new features describing spectral, spatial and surface 

features of the objects. These features can then be used for further predictions obtained by 

PLS or ANN modelling (Chapter 9, Morphological features) or by direct thresholding as 

described by Åstrand, 1996. He demonstrates the use of low-level features such as type, Min 

/Max coordinates, area, number of pixels below or above the thresholds etc., as well as high-

level features, i.e. object length and width, elongation of the object, ratios between 

thresholded fractions etc. A rule-based tree classifier is then apphed to the obtained features as 

an example, thus classifying the objects into defects by human defined mles. The results 

indicate high precision in defect detection for defects that are visible and resolvable by the low 

resolution MAPP camera. 
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7.2.4 Grading level 

The surface now described by the segmented and labelled spatial appearance, i.e. shape, size 

and position of classified objects (defects) and the overall dimension can be addressed as 

holding a grade compared to a trained (PLS, ANN etc.), deterministic or a hybrid mle system. 

With proper deterministic mles expressed in features obtainable by the above mentioned 

sensor system, the performance of the surface classification is a straight forward mathematical 

algorithm. In the case of trained rules, additional components such as Facit error, training-

sample size, experimental design and model complexity have to be considered. No such 

results are reported, thus this is a matter for future research. 
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Chapter 8 

Softwood features 

in electro-magnetic spectra 

Soft modelling 

In this chapter and in Chapter 9 and 10 ideas for soft modelling of wood features by PCA, 

PLS, MIA and MIPLS are tested. The tests utilize the algorithms apphed to single boards, with 

a natural variety of features such as knots, stain, rot, compression etc., and to specially 

designed test boards or board sets utilizing feature variation. The purpose of these chapters is to 

demonstrate the method itself, its various possibilities and to show that the models are 

significant, significant meaning that the resulting prediction-probability image 

can be recognized as a carrier of information about the feature modelled. The 

main model testing is that of looking at the prediction images, the images obtained after 

thresholding classification or by combining them with the facit images. In some cases a more 

statistical approach is used and results in contingency tables. They are of no real value since the 

exact figures are controlled by the amount of "tuning" of the thresholds to optimize the 

classification and also by the complexity of the models. The images bear the same information 

but are faster to interpret and also give a clue about where the problems are, such as object 

borders, deviating grain, etc. PLS models are also checked, utilizing explained variance in X 

and Y, cross validation, significance of model and variable importance. 

The models are kept to a rninimum of complexity by utilizing a small number of Pc's and highly 

complex models, though significant, are avoided. The results are summarized and discussed in 

more detail in Chapter 12. The resulting loading vectors and regression coefficients are shown 

as spectra for the various models in cases where the X data matrix is of spectral nature, i.e. the 

variables are sampled and digitized in constant intervals from a continuous spectrum, such as 

VIS. The idea of showing them is to enhance the interpretation of the general trends observed 

as low-frequency or high-amphmde variations. 

If the reader feels a bit confused when approaching by the various soft modelhng strategies 

shown, Chapter 8.3, Predicting compression wood, may serve as a good repetition of previous 

chapters and a basic introduction to MIA/MIPLS modelling. 
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8.1 Spruce in V I S spectrum 

8.1 Spruce (Picea abies) in VIS spectrum 

8.1.1 Modelling of features on a single board 

This test embodies modelling many of the variations occurring in Norway spruce (Picea abies.) 

The method utilizes the modelling of features manually classified by a human observer and 

validated in SEM micrographs. The test piece wss scanned in different faces, tangential/radial 

and transverse, at different resolutions (1-50 pixel/mm) to compare the models. Models are 

obtained using PLS and MIPLS. Three properties are modelled, clear wood, compression 

wood and rot. 

Models obtained by simultaneous modelling or individual modelling utilizing unsealed, 

uncentred or scaled and centred X data are shown and compared. 

The PLS models of the macroscopical surface features for both faces are similar in terms of low 

frequency behaviour, although sampled at various spectral resolutions. The MIPLS models are 

different from those obtained by PLS. MIPLS models mainly utilize differences in the blue and 

red wavelengths to separate compression wood from rot and clear wood, while rot and 

clearwood are separated in the yellow spectmm. The microscopical object models utilize mainly 

the blue and red spectra for class separation. 

Test piece 

The longitudinal and the transverse faces of a piece of dried (4-10% MC) lumber were scanned, 

freshly sawn and sanded (120 grit) with less than 24 hours of exposure to indoor climate and 

hght. The wood piece itself is a demonstration of many biological variations occurring in wood. 

In the transverse and radial/tangential surfaces the following properties are visible (Figure 

8.1.1.1) clear wood, compression wood, brown rot, sound and dead knots and the pith. To 

verify the appearance of these features, test pieces were taken and examined in SEM (Figures 

8.1.1.2 to 8.1.1.5). Positive identification was found for compression wood, rot fungi and 

clear wood. The proof for compression wood was the tracheid cells found in the transverse cut 

(Figure 8.1.1.3) showing grade I and grade I ' compression wood tracheids (Timell, 1986), 

indicated by thick cell walls, distinct hehcal cavities and intercellular spaces. The proof for 

fungi was the hypae seen in rot-infected cells (Figures 8.1.1.4 and 8.1.1.5). The other 

features, clear wood (appearing as normal cells in SEM), knots and the pith were visually 

classified. 
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Rot Compression wood 

Pith 

Knot 

Rot 

Figure 8.1.1.1. Images showing longitudinal and transverse face of a board of Spruce affected 

by rot, also showing clear wood, compression wood and knot areas. 

Figure 8.1.1.2. SEM micrograph showing clear wood cells in a longitudinal face. 

(M. Sehlstedt-Persson) 
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Figure 8.1.1.3. SEM micrograph showing compression wood cells in a transverse face. 

(M. Sehlstedt-Persson) 

Figure 8.1.1.4. SEM micrograph showing the hypae in rot-infected cells in a transverse face. 

(M. Sehlstedt-Persson) 
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Figure 8.1.1.5. SEM micrograph showing the hypae in rot infected cells around a hole (one of 

many appearing in rot area) in the tangential face. (M. Sehlstedt-Persson) 

Scanning 

The two surfaces were scanned with a PGP-CCD scanner obtaining a three-dimensional (x, y 

and spectral (X)) image stack. The iUumination used was tungsten halogen and fibre optics 

applied with light angle (la, defined in Figure 10.1.1) = 45° and camera angle (Ca) = 90°. 

Image stack transformation and resampling 

The obtained thre- dimensional image stack shown in x, X spectral image plane was 

transformed and resampled into x, y image plane and resampled to lower spectral resolution. 

This was done by choosing one of (5-10) spectral images for every spectmm part without any 

change of the information. 

Modelling 

Spatial hnes within chosen feature areas were selected showing the spectral behaviour of these 

areas. Prediction models for pixel wise classification were obtained using PLS and MIPLS. 

Pixel classification according to thresholding in predicted-feature probabüity vectors was 

carried out and compared. 
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8.1 Spruce in V I S spectrum 

Models obtained using PLS calibration 

Significant models for the human-identified and selected features, clear wood, sound knot, 

compression wood and rot, were obtained for both transverse and longitudinal faces. Models 

are based on a small set of selected pixels in the classified areas. Models for the longitudinal 

face utilize 52 spectral variables selected out of 700 available in the spectrum 423-720 nm, 

selected by sampling every eighth variable. The models for the transverse face utilize 207 

spectral variables selected out of 700 available from the spectrum 416-708 nm. The models are 

shown in Figures 8.1.1.6 and 8.1.1.7, indicating the importance of the spectra near the VIS 

borders on both the UV and NIR side. Classification based on thresholding in the membership 

probability (p) output with a positive class membership for p>0.5 gives 100% correct 

classification for the training set No validation on test sets was done. 

0,4 T 

Wavelength (nm) 

CW Rot Compr Knot 

Figure 8.1.1.6 PLS calibrated regression coefficients (scaled and centred) for clear wood, 

knot, rot and compression wood features scanned on the longitudinal face of 

Spruce. Model based on a 4 principal components reduction from 52 spectral 

variables representing the spectrum from 423-720 nm 
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Picea abies Rot Compression wood 

-0, 1 5 J -

Wavelength (nm) 

Figure 8.1.1.7 PLS calibrated regression coefficients (scaled and centred) for clear wood, 

knot, rot and compression wood features scanned on the transverse surface oj 

Spruce. Model based on a principal components reduction from 207 spectral 

variables representing the spectrum from 416 - 708 nm.(See also colour 

appendix) 

Models obtained using MIPLS 

Modelling with MIPLS utilize at least the second power of the amount of pixel objects utilized 

in the PLS modelling, thus covering a wider feature variation. The models for the longitudinal 

face utilize 56 spectral variables selected in the spectrum 425-720 nm. The modelling is done 

separately for each feature and also simultaneously. The Y-variable dummies are segmented by 

human decisions based on causal knowledge and interpretation of the surface properties. 

Models are obtained for clear wood, compression wood and rot. 

Significant models for the selected features, clear wood, compression wood and rot, were 

obtained for the tangential/radial surface using spectral images in the spectral range 425-720 nm 

exemplified in Figure 8.1.1.8. The models are shown in Figure 8.1.1.9, indicating the 

importance of the spectrum near the VIS border in UV. Classification based on thresholding in 

probability output with different threshold settings gives high correct classification for the 

training and test set image (Figure 8.1.1.10). The models are different from those obtained by 

PLS. They have a different spectral resolution, 56 spectral variables, and also a different, 

larger training set area within the surface. These models are obtained without the constant used 

for the PLS models. Shown models are obtained separately, modelling them together gives a 

much more complex and less interpretable pattern of the coefficients, but the classification 
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output is about the same. Note especially that the rot area (around the knot) inside the 

compression wood area is correctly classified as rot (Figure 8.1.1.10b). There were no 

significant models obtained for the sound knots, indicating bad selection of training areas, due 

to the complex nature of the knots. The model for compression wood predicted compression 

wood in some areas inside the knot (Figure 8.1.1.10c) and as seen in chapter 8.3.4, SEM 

investigation of a small knot, compression wood occurs in knots, thus making knot modelling 

need a "more-than-one-class solution". This was not given much attention in this test, thus 

addressed in Chapter 8.2.3, Comparison of features in a single knot. 

Figure 8.1.1.8 Spectral image examples of the test board 1, blue; 2, yellow, and 3, red . 

Picea abies MIPLS 3 Pc 
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O 
o 
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Figure 8.1.1.9 MIPLS coefficients for clear wood, rot and compression wood features 

scanned on the radial surface of Spruce. The models are obtained separately. 

Figure 8.1.1.10 Thresholded MIPLS predictions. Black areas in a, b and c indicate classified 

feature, a, Clear wood; b, Rot; c, Compression wood; d, Black areas are 

correctly predicted, white areas are false negative. 

The same procedure in microscale 

To investigate if the models are dependent on resolution, models are developed that are based 

on VIS spectrum for pixel objects in microsopical resolution. The test pieces are the same as 

earher. 

Scanning 

By adding the two-dimensional CCD attached PGP to a hght microscope a line spectrometer is 

obtained. The pixels with 60X magnification give a resolution of 0.02 mm/pixel along a spatial 

hne and the same spectral resolution as for the macroscopical scanning. The radial surface was 

scanned freshly sawn and sanded (120 grit) after less than one hour's exposure to light. The 

transverse surface was exposed to indoor climate for more than 8 months. The spectral 

resolution was 2 nm, i.e. 128 X-variables. 

Modelling 

The models obtained with scaled and centred x-variables for the tangential/radial surface and 

the transverse surface are shown in Figures 8.1.1.11 and 8.1.1.12. 
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Models obtained with scaled and centred X-variables for the transverse face are significant in 

terms of cross validation and predict the classes 83% (pith) to 97% (clear wood) correcüy with 

a constant thresholding applied utilizing the outer parts of the VIS spectrum as strong 

predictors. 

Models obtained with singular-feature modelling for the longitadinal face with unsealed X-

variables are shown in Figure 8.1.1.13. A l l models obtained for the tangential/radial face 

predict the classes correcüy to 95% 

Picea abies Transversal PLS 

0.3 -r 

W a v e l e n g t h (nm) 

Figure 8.1.1.11 PLS calibrated regression coefficients for clear wood, rot and compression 

wood features scanned with PGP and microscope on the transverse surface of 

Spruce. (See also colour appendix) 

Picea abies PLS 

Wavelength (nm) 
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Figure 8.1.1.12 PLS calibrated regression coefficients (scaled and centred) for clear wood, rot 

and compression wood features scanned with PGP and microscope on 

longitudinal face of Spruce. (See also colour appendix) 

Picea abies Tangential/radial PLS 
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CW(3pc) Compr (1pc) Rot(1pc) 

Figure 8.1.1.13 PLS calibrated regression (scaled and centred) coefficients for clear wood, rot 

and compression wood features scanned with PGP and microscope on the 

longitudinal face of Spruce boards modelled one at a time. Significant and 

sufficient models are obtained after one Pc for compression wood and rot and 

after 3 Pc's for clear wood. 

Summary 

Features found in one sample from the population of spruce are significandy modeUed. The 

models obtained are different, indicating differences caused by the selection of training objects 

in the PLS-MIPLS case and compared to the microscopical training objects. The largest 

sirnUarity between models is between the two macroscopical models of longitudinal faces, 

Figure 8.1.1.6 and Figure 8.1.1.9, utilizing the same data. The conclusion is that classification 

of different wood features on one spruce wood sample is possible to obtain with the suggested 

multivariate method, MIPLS, utilizing the VIS spectral differences in reflected hght The 

models utilize mainly the differences in the 450 nm and 670 nm spectral areas, but rot is 

separated from clear wood and compression wood in the spectrum around 580 nm. No major 

differences are found between the obtained models, but the models vary when different features 

are included in the model and with chosen significant complexity, i.e. the number of Pc's 

included. 
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8.1.2 Comparison of features on a designed test 

board 
To test i f the conclusion drawn in the previous paragraph stands for a generalization, a designed 

training and testing set was modelled. The strategy was expanded by: 

• testing different light sources 

• adding a new feature extracted by a laser giving a sharp shadow for dimension variations 

and fibre distortions 

• expanding the MIA obtained Pc's with their squares and primary interactions. 

Test board 

The test board was designed to exemplify some common features on spmce (Picea abies) 

surfaces. The features, compression wood, dead and sound knots, were picked to give a 

variation of these defects. The lumber, 8 different boards, was randomly selected from a 

population designed to be representative of Swedish mechanically graded lumber (Figure 

8.1.2.14). A l l test objects were artificially dried to 12-18 % MC and stored in ordinary room 

chmate in the northern part of Sweden, ending at 6-10% MC. 

Scanning 

The surface was scanned with a PGP-CCD scanner obtaining a three-dimensional (x, y, X) 

image stack. Two different illumination settings were used: 

• tungsten halogen (fibre optics) 

• u-wave plasma light combined with laser (670 nm). 

The camera was simated at an angle of (Ca) 50° and the focused iUumination at (la) 72 0 from 

the board surface feeding direction. The camera (Ca = 45°)/plasma Ulumination angle was 

approximately specular, the light tabe (opaque Plexiglas) giving a large area of the Ulumination 

source. The laser was placed to give a sharp shadow effect, due to discontinuities in the 

surface, on the scanned line. 

Modelling 

Spatial lines within chosen feature areas were selected showing the spectral behaviour of these 

areas. Prediction models for pixelwise classification were obtained using PLS and MIPLS. A 

preprocessing algorithm was tested utilizing an expanded independent variable set. The sets 

comprise the first five (Halogen data) or four (Plasma data) principal components from the 

spectral variables (79 representing the VIS spectmm from 400 nm to 720 nm, laser = 670 nm 

included) extracted by MIA, and the grey-scale meanvalue of the 79 spectral images is 
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Figure 8.1.2.14 Parts of the test board constructed to expose selected features from spruce 

(Picea abies), grey-scale meanvalue of the VIS spectrum images scanned with 

PGP spectrum decomposition and ß-wave plasma illumination in specular 

angle (three rows to the left) and with fibre optical halogen illumination (row 

to the right) in a non specular angle to the camera. The image is compressed in 

the vertical direction due to lower resolution (spatial) in longitudinal sampling. 
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Figure 8.1.2.15. Pre-processed and expanded training data set. 

1-5: principal components extracted from 79 spectral variable images. 

6: meanvalue of 79 spectral variable images. 

7-12: image 1-6 squared and scaled to 256 levels. 

13-27: interaction images H*i2., il*i3 i5*i6. 

28-32: Y-dummy variable images. The images show a small part of the 

processed surface area. Illumination: Halogen. 
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expanded by their quadratic terms and first order interaction (Figure 8.1.2.14). MIPLS 

modelhng was obtained using the training areas 28 - 32 in Figure 8.1.2.15. Pixel classification 

according to thresholding in predicted feature probability vectors was carried out and compared. 

The features are easily separated by thresholding in the MIPLS prediction probability images, 

except for the compression wood feature (Figures 8.1.2.16 and 8.1.2.17). The reason for that 

might be the mixture of compression wood in both longitadinal surfaces and in the transverse 

surfaces of the knots containing compression wood areas. Compression wood modelling is 

handled exclusively in Chapter 8.3. The MIPLS models obtained for Halogen data are seen in 

Table 8.1.2.1, where important variable coefficients are marked bold. 

The models obtained for the Li-wave plasma iUumination data with the shadow variable 

excluded show approximately the same predictions with strong models for aU features except 

for compression wood. 

1 2 3 4 5 

Figure 8.12.16 MIPLS prediction images based on data set in Figure 8.12.15. The darker the 

pixel the higher membership probability of feature. The features predicted are: 

1, Clear wood; 2, Sound knot; 3, Black knot; 4, Late wood; 5. Compression 

wood. 
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Table 8.1.2.1. Regression coefficients for the predictions shown in Figure 8.1.2.16 after 10 

principal components in the MIPLS model. Important coefficients are in bold 

type. (Halogen data) 

Var iab le / CW Sound knot Black knot Latewood ComprW 

Feature 
Pe l -0 ,04 1 ,79 -1 ,00 - 0 , 5 7 0,18 
Pc2 -4 ,36 6,06 -2 ,59 0,19 0,56 
Pc3 3,11 -1 ,90 0,24 - 0 , 5 5 -0 ,22 
Pc4 -5 ,96 2,22 0,43 3,45 0,34 
Pc5 5,93 -4,31 1,15 -1 ,53 -0 ,42 

Average 2,29 - 0 , 8 3 - 0 , 1 2 - 0 , 4 5 - 0 , 0 7 

PC1*2 1,74 -2 ,34 1,10 - 0 , 1 7 -0 ,24 
2* -0 ,60 -0,1 1 0,20 0,40 -0 ,08 

3* - 1 , 5 2 1,39 -0 ,66 0,57 0,05 

5,37 - 3 , 7 7 0,67 -1 ,76 -0 ,29 

5* - 3 , 9 5 1,71 - 0 , 0 3 2,11 0,1 1 

AverageA - 1 , 1 5 1,50 -0,51 -0 ,04 0,12 
Pc1*pc2 0,09 - 0 , 8 3 0,54 0,23 - 0 , 1 2 

1 *3 1 ,63 -2 ,44 1,63 -0 ,54 -0 ,18 
1 * 4 1 ,57 -1 ,38 0,37 - 0 , 2 3 - 0 , 2 5 
1 *5 -0 ,13 -0 ,88 0,46 0,46 0,08 
1 * A 0,36 -0 ,34 0,23 - 0 , 1 7 - 0 , 0 5 

Pc2*pc3 - 0 , 2 9 -0 ,38 0,76 - 0 , 2 5 0,00 
2 * 4 3,60 -1 ,70 -0 ,24 -1 ,34 - 0 , 3 3 
2 * 5 - 2 , 3 2 1,60 -0 ,68 0,78 0,30 
2* A -2 ,08 1,98 - 0 , 6 3 0,34 0,14 

Pc3*pc4 -2 ,46 1 ,73 - 0 , 6 5 1 ,04 0,15 

3 * 5 -1 ,70 2,14 -0 ,94 -0,01 0,1 1 
3* A 1 ,29 - 1 , 4 3 0,89 -0 ,48 -0 ,12 

Pc4*pc5 1 ,51 0,69 - 0 , 3 7 - 2 , 1 2 0,03 
4 * a - 3 ,17 1 ,28 0,09 1 ,80 0,09 

Pc5*A 1,13 -1 ,22 0,38 -0 ,16 -0,01 

141 



Sof twood features in electromagnetic spectra 

1 2 3 4 

Figure 8.1.2.17 MIPLS predictions after modelling the surface features with expanded (4 Pc 

squares and multiplication) data scanned with ji-wave plasma illumination. 1: 

Clear wood, 2: Sound knot, 3: Black knot. 4: Compression wood. Dark pixel 

= high probability. 

P L S 

Modelling the surface features with PLS utilizing spectral variables from 400 to 710 nm 

utilizing the Li-wave illumination and a shadow effect variable (laser 670 nm) gives significant 

models utilizing three Pc's for: knot features, clear wood and compression wood, as well as for 

holes created by shakes in the knots and bad manufacturing of the test board. Significant for 

PLS meaning, at the 5% confidence level, PRESS/SS<= 0.9 (Lindgren, 1994) using cross 

validation. Classification based on thresholding in the class-membership probabihty (p) output 

with a positive class membership for p>0.5 gives 90-100% correct classification for the traimng 

set. The weakest model was obtained for compression wood. Observe the great influence of the 

shadow variable (670 nm, in Figure 8.1.2.18) indicating holes quite powerfully, and also 

indicating a difference between defect features and clear wood. The obtained models are seen in 

Figure 8.1.2.18. 
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Picea abies PLS laser 

Shadow variable 

(laser 670 nm) 

Wavelength (nm) 
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Ho 

Figure 8.1.2.18. Regression coefficients for test board obtained by PLS utilizing a small 

number of training pixels for six surface features, CW (Clear wood), Co 

(Compression wood), SK (Sound knot), BK (Black knot), RK (Rotten knot) 

and Ho (Hole), respectively. (See also colour appendix) 

Summary 

The results of these tests indicate that feature models can be generahzed by using design in the 

training set. The models are significant for the training and test data sets except for compression 

wood, which obtains a higher rate of misclassification. The expanded MIPLS models indicate 

nonlinearity and an interaction between basic spectral mechanisms, occurring in the different 

Pc's, thus interpreted by the strong modelling power for some of the quadratic and interaction 

variables. This is indicated by large regression coefficients (bold in Table 8.1.2.1). The test of 

a multisensor strategy, i.e. combining spectral and physical variables, as done by the 

combination of spectrum and shadow variables, indicate a strong influence from the shadow 

variable. 
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8.2 Scots pine {Pinus silvestris L. karst) 

in VIS spectrum 

8.2.1 Comparison of features on a single board 

This test embodies modelling many of the variations occurring in Scots pine (Pinus silvestris L. 

karst). Modelhng results indicate possible spectral classification of surface features on one test 

piece of pine when using MIA, Pc screening operations and MIPLS. Indications are clusters in 

the score scatter plot and the significant prediction models. 

Test piece 

The longitadinal face of a piece of dried (4-10% MC) lumber was scanned, freshly sawn and 

sanded (120 grit). Part of the surface (Figure 8.2.1.1) is analyzed for the following features: 

sound knot, late and early wood, rot with large amount of hypae and rot, light brown or brown 

appearance. 

Scanning 

Surface scanning was done with a PGP-CCD scanner obtaining a three-dimensional (x, y, A) 

image stack. The illumination used was tungsten halogen and fibre optics apphed with la = 72° 

and camera angle Ca = 90° (Figure 10.1.1). PGP scanning collecting from 430 nm to 700 nm. 

Image-stack transformation and resampling 

The three-dimensional stack was transformed to spectral images resampled to 80 spectral 

variables with 4 nm resampling steps. 

Modelling 

MIA analysis showed separation of class features in the score scatter plot (Figure 8.2.1.2) for 

Pc2 and Pc3, only three Pc's were identified as carrying relevant information obtained from the 

surface scene. A screening operation, i.e. expanding the three Pc variables with their squares 

and mutual multiplication to nine variables, was performed. MIPLS prediction models were 

obtained for the knots, clear wood and slightly decayed rot and heavily decayed areas. The 

separation of the classes was good (Figure 8.2.1.3). By observation of the regression 

coefficients obtained (Table 8.2.1.1) it is seen that there seems to be interaction between the 

mechanisms revealed by the Pc's and a possible nonlinear behaviour observed as large 

influence by some (bold marked) nonhnear coefficients. This can be interpreted, hence all 

variables are scaled to the 8-bit image representation.Thus the size of the regression coefficient 

indicates model influence. The overall low values for the regression coefficients compared to 
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Figure 8.2.1.1 Scots pine surface exposing areas of clear wood, sound knots, areas decay by 

rot fungi in three different stages: white totally degraded areas, light degraded 

areas in early and late wood. 

Figure 8.2.1.2 Score scatter plot for Pc2 and Pc3 indicating verified classes on a Scots pine 

surface. Classes are: a, Sound knot; b, Late wood; c, Early wood; d, Rot 

white surface with large amount of hypae; e, Rot, light brown appearance; 

f , Rot, brown appearance. (See also colour appendix) 
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Figure 8.2.1.3 MIPLS predictions of four surface features: 1, Sound knot; 2, Rot, light 

brown and brown appearance; 3, Sound late and early wood; 4, Rot, white 

surface with large amount of hypae. Upper row: prediction of class 

probability. Dark pixels indicate high probability of class belonging. Lower 

row: classification obtained by thresholding with various thresholds. Dark 

pixels indicate predicted feature. 
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Table 8.2.1.1 MIPLS coefficients for the features shown in Figure 8.2.1.3. 

Sound knot Rot Brown Sound wood Rot white 
Pel -0,006 0,029 -0,020 0,0002 
Pc2 -0,006 0,042 -0 ,032 0,0004 
Pc3 0,004 -0,016 0,020 0,0001 
Pc1A2 0,002 -0,016 0,014 -0,0003 
Pc2A2 0,011 -0 ,035 0,024 0,0001 
Pc3A2 0,005 -0 ,030 0,023 -0,0003 
Pc1*Pc2 0,006 -0,022 0,016 0,0000 
Pc1*Pc3 -0,007 0,025 -0,019 -0,0002 
Pc2*Pc3 -0,006 0,039 - 0 ,035 0,0003 

8.2.2 Comparison of features on a designed board 

To test i f the conclusion drawn in the previous paragraph can be expanded to less usual 

properties, such as pitch wood and curly grain, a designed training and testing set was 

modelled utilizing surface features exposing combined physical and chemical properties on the 

surface. The same surface was scanned with the 450-900 nm PGP using halogen illumination 

in specular angle. 

Test board design 

Lumber from selected stems reveahng defect features, compression wood, pitch wood, knots, 

curly grain and clear wood, as indicated by a grader, were sawn to produce a test board 

represented by its PC score plots (Figure 8.2.2.1). Al l test objects were artificially dried to 12-

18% MC and stored in ordinary room climate in the northern part of Sweden, ending at 6-10% 

MC. 

Scanning 

The surface was scanned with a PGP-CCD (Ca= 110°) scanner obtaining a three-dimensional 

(x, y, X) image stack. Illumination source: tangsten halogen and fibre optics (Ia= 45°). In the 

additional test with the 450-900 nm PGP the ülumination/camera setting was semispecular 

(Ca= Ia= 45°). 
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Modelling 

The MIA/ MIPLS- analysis resulted in observed variable reduction to 5 or perhaps 6 principal 

components (Figure 8.2.2.1. and 8.2.2.2) and MIPLS-predictions (Figure 8.2.2.3 and 

8.2.2.4). Thresholding indicates feature mixing in the selected feature surfaces or bad 

modelling/prediction for pitch and compression wood. Checking the compression wood 

surfaces and the other surfaces graded as miscellaneous features (Figure 8.2.2.3) in SEM 

micrographs indicates compression wood in all surfaces predicted as compression wood. 

Checking for resin in pitch wood and the other surfaces by vacuum treatment and the inspection 

of the surface in a microscope indicates a resin flow from surfaces predicted as pitch wood 

(Figure 8.2.2.4). The models are significant and makes reliable predictions. 

Figure 8.2.2.1 Principal components score plots nos 1 to 6 
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Wavelength (nm) 

Figure 8.2.2.2 Loading coefficients for Pel to Pc6. (See also colour appendix) 

Figure 8.2.2.3 MIPLS prediction probability plots: 1, clear wood; 2, knot; 3, pitch wood; 

4, compression wood. Black pixel indicates high feature probability. 
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Figure 8.2.2.4 MIPLS regression coefficients obtained after modelling with 6 Pc's. Models 

are: Sound knot; Black knot; Pitch wood (Pitch). (See also colour appendix) 
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Figure 8.2.2.5 MIPLS prediction of compression wood probability overlaid by a thresholded 

classification result surrounded by SEM images verifying correct class 

membership by appearance of compression wood cells. 
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Figure 8.2.2.6 MIPLS prediction of pitch wood probability overlaid by a thresholded 

classification result surrounded by microscope images verifying correct class 

membership by appearance of pitch within the wood cells. 

Summary 

The models obtained for compression wood and pitch wood that seemed rather weak were 

after verification rather good in their predictions, better than the human classifier. The MIA 

analysis revealed a higher spectral complexity in the training set than for normal pine wood 

surfaces, as seen in Figure 8.2.2.1. This was also indicated by the MIPLS modelling 
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where the regression coefficient plot shows models that are hard, not to say impossible, to 

interpret. The interesting result is that the compression wood model can separate compression 

wood both in a normal surface and in surfaces more or less impregnated with pitch. Clear 

wood is as always easy to predict Knot modelhng seems more delicate and the prediction 

image shows similarities to the pitch prediction; probably the model addresses pitch modelling 

as a part of the knot model. This test is an example of extremely equipment-setup-related 

modelhng due to the bad cahbration procedure. The models obtained are only valid for these 

bad cahbration conditions. 

Additional models obtained from the semispecular angle scanning and utilizing the spectmm 

from 450 to 900 nm could not match the ones above. 

8.2.3 Comparison of features from a single knot 

To test the hypothesis concerning knot modelhng in the previous section, a more careful 

investigation of a knot and its different features was made. The strategy reveals unsupervised 

cluster classification as preprocessor, selecting the number of class models. 

Test knot 

A Scots pine knot from an artificially dried piece of lumber was sawn into 13 mm slices and 

mounted on a frame. The obtained surface exposed the transverse surfaces of the knot from a 

radius of 25 mm to 130 mm in discrete intervals (Figure 8.2.3.1). The three last slices show a 

partially dead knot with decayed areas of rot surrounded by a ring dividing the clear wood 

from the knot by a dark split. Note that the last surface shows a surface directly exposed to the 

surrounding drying climate and light (Figure 8.2.3.1). 

Scanning 

The surfaces were scanned with a PGP-CCD scanner obtaining a three dimensional (x, y, X) 

image stack. The Ulumination used was tungsten halogen and fibre optics mounted Ca=l 10° 

and la= 45°. 
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Modelling 

Spatial lines within chosen feature areas were selected to show the spectral behaviour of these 

areas. A cluster identification was made with MIA (Figures 8.2.3.2 and 8.2.3.3). In the score 

scatter plot Pc4 towards Pc3 at least five clusters (Figure 8.2.3.4) were identified. Prediction 

models for pixelwise classification for the different properties as identified in the score plots 

were obtained using MIPLS. Classes were: 

• decay on the outer surface 

• pitch on the surface 

• decay in inner surfaces of the knot 

• sound knot surfaces 

• clear wood inner surfaces 

Due to the complexity revealed by the MIA analysis the classes were modelled separately. 

Models are shown in Figure 8.2.3.5. To compare the two methods (PLS and MIPLS), models 

were made using both methods. The result was that the models showed many similarities as 

exemplified by the model for the bark-encased area around the outer part of the knot (Figure 

8.2.3.6) and rot on the inner knot surfaces (Figure 8.2.3.7). 

Figure 8.2.3.1. Image scanned at 540 nm exposing the transverse surfaces of a knot from a 

radius of 25 mm to 130 mm in discrete intervals. 
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Figure 8.2.3.2. Principal component score plots ofthe 10 first Pc' s. 
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Figure 8.2.3.3. Principal component coefficients of the 5 first Pc's. (See also colour 

appendix) 

Figure 8.2.3.4. Score scatter plot (Pc4IPc3) with obvious clusters identified in the surface 

image, a, Decayed rot area on the dried surface of the knot; b, Pitch area on 

the dried surface of the knot; c, Decayed area within the knot on the sawn 

surfaces; d, Sound knot surface on the sawn surfaces; e, Clear wood outside 

the knot. (See also colour appendix) 
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Scots pine knot 

1 T 

Wavelength (nm) 

Figure 8.2.3.5 MIPLS regression coefficients after 4 Pc's (modelledseparately) for the 

features found in the MIA analysis. (See also colour appendix) 

MIPLS 

Figure 8.2.3.6 MIPLS and PLS models for predicting bark-encased area around the knot. 
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Figure 8.2.2.7 MIPLS and PLS models predicting rot surface on inner knot surfaces. 

Summary 

A knot is defined by more then one feature. These features can be modelled separately by their 

spectral appearance and combined spatially to define a knot at some biological stage. 

158 



8.3 Compress ion wood 

8.3 Compression wood 

8.3.1 Compression wood in softwood VIS 
spectrum 

Compression wood modelling in the previous chapters has shown the weakest models and is 

therefore given a deeper modelling design. Compression wood from spruce and pine samples 

was modelled together. Two methods (MIA/MIPLS and PLS) were tested to obtain prediction 

models. The reasons for using two methods are: 

• to compare the ability of and validate the image based algorithms to the more tested iterative 

method PLS 

• to test i f the spectral variables could be used with similar results for both methods. 

Modelling performance was tested by comparing the thresholded predicted class membership 

probabihty with the dependent y-variable dummy. This can be utilized by plotting observed 

value towards predicted or by spreadsheet operations to obtain statistics, i.e. calculate number 

of misclassifications. The calculation for the MIPLS prediction performance was somewhat 

more complicated, utilizing image subtraction between predicted image and training image and 

then calculating areas belonging to false positive respective false negative predictions. The 

result indicates poor classification for some of the training and test areas. A vahdation method, 

human classification in SEM micrographs, revealed some misclassifiction in the initial training 

set. 

Training and test set 

A test and training set containing samples from five different Scots pine (Pinus silvestris) logs 

and three different Norway spruce (Picea abies L. karst) logs, (Figure 8.3.1) was trained and 

classified to three different classes: clear wood (CW), compression wood (Compr) and black 

knot (knot). 
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Figure 8.3.1 The training and test set board scanned at 470 nm wavelength with the PGP 

imaging spectrometer, showing a pine board with black knots, lower left, a 

hole, lower middle, some streaks of compression wood and 11 eleven 

samples containing more or less compression wood. (The board appear 

compressed in the longitudinal direction due to lower spatial resolution.) 

Scanning 

A three-dimensional image stack was obtained by scanning with a hnear scanner provided 

with the PGP imaging spectrometer with a Nikkor 20 mm lens mounted to the MTI matrix 

CCD-camera. Framegrabbing was done with a Macintosh Quadra 950 and data were stored in 

a three dimensional (x,y, X) image stack . Maximal image size used for real time scanning 

was 150 Mbytes utilizing 8-bit grey-scale resolution, set by the amount of primary memory in 

the computer. Maximal stack dimensions were hmited by sensor size in x and X and by the 

storage capacity in y. In practice the x, X dimensions have to be reduced due to hght variations 

in x (shading operations on 150 Mbytes takes time when not using a smart sensor) and 

aberrations in parts of the PGP (explained in chapter 4.2.3). 

The illumination used was tungsten halogen and fibre optics apphed with la (defined in Figure 

10.1.1) = 45° and camera angle (Ca) = 90°. 

Image stack transformation and resampling 

The initial multispectral image stack with the size x (across the board) and y (longitadinal) of 

258 by 226 pixels and X, 768 spectral levels representing the VIS spectmm from 400 nm to 

720 nm was reduced to a 258 (x) by 226 (y) by 56 (X) image stack for MIA/MIPLS analysis 

and to a 557 (points on surface) by 56 (X ) matrix for PLS. In Figure 8.3.2 the image stack is 

shown in three different cuts, XY, X X, and Y X. The image spectrum transformed to spectral 

images is exemplified and shown in Figure 8.3.3. 
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• r V x 

Figure 8.32 Reduced spectral image stack represented by three cuts, xy (upper left), 

xX(lower left), andy X (upper right), respectively. ThexX andyXplanes 

are sliced as indicated by white lines in xy plane, xy plane is cut in the 470 

nm wavelength. 
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Figure 8.3.3 Spectral images of the test board. Each image, red (440 nm ), green (520 

nm), yellow (580 nm) and red (630 nm) is the result of a spectral range 

integration of 6 nm 

Modelling 

A MIA analysis was done, Pc score plots shown in Figure 8.3.4, indicating that the desired 

classes are separable in the score scatter plots Pc2 against Pc3, Figure 8.3.5. A training set 

was obtained using the technique described in Chapter 6.2 by masking in the score plot 

Pc2/Pc3 resulting in the Y-dummy images shown in Figure 8.3.6. Figure 8.3.7 shows 

selected training areas containing clear wood areas, compression wood areas and knot areas 

representing the main features in the scene. The selected training areas cover approximately 

12% of the scene. 
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Figure 8.3.4 Pc score plots showing principal components 1 to 7. Pc's 1-6 contain 

information clearly correlated to the scanned board, but Pc 7 shows another 

mechanism, probably variation in the spatial x-direction of the CCD-sensor. 
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Figure 8.3.5 PC score scatter plot with areas masked for dummy segmentation marked 

with white borders. (See also colour appendix) 
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Figure 8.3.6 A y dummy showing segmented compression wood areas in the training 

image. 

The PLS training set was selected using a "sawing in the X Y view" operation, where 

rectangular shaped pixel sets were selected within the different feature areas (Figure 8.3.7). 

Figure 8.3.7 Position of selected training areas. Pos. 1-24 compression wood areas, 25-

26 knot areas and 27-33 clear wood areas. 12 pixels are chosen from every 

position. 
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The selected training set was converted to text files, dummy variables added and then exported 

to SIMCA for PLS analysis. 

The problem was solved after three principal components, i.e. that two Pc's were needed in 

the MIPLS modelhng. The first Pc is mainly a scaling and centring transformation. The 

regression coefficients (Figure 8.3.8) indicate that the separating information is within the blue 

spectrum and the bluer the better, except when approaching near 400 nm where the sensor 

sensitivity decreases the signal/noise ratio. The PLS model is somewhat different, a bit 

sharper, in selecting prediction coefficients and it is clear that the model complexity could be 

reduced rather dramatically. Tests with a reduction to 5 strongly predictive x-variables 429, 

487, 575, 639 and 679 nm or even 3 x-variables, 429, 487 and 575 nm show almost equal 

prediction results. 

Wavelength (nm) 

Figure 8.3.8 Regression coefficients for predicting compression wood in training and 

testing area using PLS and MIPLS methods. 

The performance of the model prediction can be shown in sensitivity (Chapter 11.5.2) or in 

contingency tables (Table 8.3.1 and 8.3.2). A prediction is judged correct for a prediction 

value, considered as a class membership probability for that feature, higher than 0.5 (Hagman, 

1993). The threshold can be adapted and optimized to the various models, i f necessary. Weak 

models tend to give a low dynamic in predictions, thus setting the need for "tighter" 

thresholding. 
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Table 8.3.1 Contingency table for compression wood feature prediction PLS model (%). 

Status Facit pos. Facit neg. 

Pred. pos. 94 6 

Pred. neg. 6 94 

The resulting images from the performance calculation indicate good performance for the 

prediction model. This is intuitively reahzed by a human being when it is known that grey 

areas indicate good behaviour. 

Table 8.3.1 Contingency table for compression wood feature prediction MIPLS model 

(%) 

Stams Facit pos. Facit neg. 

Pred. pos. 92 3 

Pred. neg. 8 97 
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Figure 8.3.9 Resulting image after adding the thresholded predicted image and the training 

image. Grey areas are correctly predicted, white areas are false positive and 

black areas are false negative. 
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8.3.2 Validation 

The models above were obtained by a preliminary selection of compression wood samples and 

by segmentation in the PC score scatter plots. A more profound investigation of the samples 

by SEM micrograph inspection of the cells in the scanned surfaces resulted in minor changes 

in the training set. The results of the SEM analysis summarized in Figure 8.3.10 indicate false 

human classification of sample 5; no compression wood cells were identified in the sample. 

Models obtained (Figure 8.3.11) and thresholding in the compression wood probability-

prediction image (Figure 8.3.12) reveal similar results as earlier, a high precision 

classification. One question is raised: why are areas within the knot classified as compression 

wood? This has been observed in earlier chapters; a possible answer is that there are 

compression wood cells within the knot. This hypothesis, not especially daring, is tested in 

the next section. 

Summary 

A model for prediction of compression wood in smooth Scots pine and Norwegian spruce 

longitadinal faces was obtained. The model can be obtained utilizing PLS or MIPLS as 

modelhng tools. The possible reduction of the model to a three-variable linear model was 

indicated. SEM vahdation of the training surfaces indicated some incorrectly human-classified 

surfaces in the training set forced into the modelling. After corrections, an improved MIPLS 

model was able to classify aU compression wood areas. The model also predicted compression 

wood inside the knots appearing in the testing surface. 
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Figure 8.3.10 

SEM micrographs 

(xlOOO) as indicators of 

compression wood areas 

within the training 

surface. 

a, Compression wood 

(Cow) stripe on the frame 

board (Norwegian 

spruce(Ns)); 

b, Cow stripe Ns; c, 

Narrow Cow stripe (Scots 

pine (Sp)); 

d, Cow stripe Ns; e, 

Cow stripe Sp; 

f , Narrow Cow stripe Ns; 

g, Clear wood frame 

board; 

h, Cow stripe Ns; i, 

Narrow Cow stripe Sp;j, 

Cow stripe Ns; 

k, Late wood with high 

pitch content Sp; I, Cow 

stripe Ns; 

m, Cow stripe Ns. 
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Figure 8.3.11 Regression coefficients for predicting compression wood in training and 

testing area using MIPLS. (See also colour appendix) 

Figure 8.3.12. Results after thresholding in the compression wood probability image. Black 

areas indicate compression wood. 
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8.3.3 SEM investigation of a small knot 

As indicated in previous chapters, compression wood is predicted by many models as 

appearing inside the knots. An investigation utilizing SEM micrographs on a randomly chosen 

knot can verify i f compression wood occurs in the knots. The knot is not utihzed in the earher 

modelling. 

A small Norwegian spruce knot was prepared and examined in SEM micrographs. An area 

within the knot surface (Cow in Figure 8.3.13) was manually classified as compression wood 

considering the shape and structure of cells (Figure 8.3.14). 

Figure 8.3.13 SEM micrograph exposing the centre of a small Norwegian spruce knot. In 

the middle the knot pith, Cow, area with compression wood cells. 

(M. Sehlstedt-Persson) 
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8.4 Bluestain in VIS spectrum 

Blue stain is impossible to classify in grey-scale images due to lack of spatial features and 

contrast towards other properties on the surface. But is blue stain blue or green or grey? This 

test utilizes colour samples to create a colour space in a score scatter plot that shows that the 

"blue" stain samples investigated are more green than blue. A model for prediction of "blue" 

stain utilizes the difference between the blue and the red spectrum. The surfaces are 

investigated in SEM micrographs to verify the occurrence of fungi and to give a hint of the 

complexity of the different surfaces that interact with the hght 

8.4.1 Blue stain in a YRGB-space 

To verify the colour of a sample of blue stain, a PCA was made on PGP-scanned spectral data 

from blue stained surfaces, clear wood surfaces and four colour paper samples (Figure 

8.4.1.1 and Table 8.4.1.1). The clear wood surfaces were designed to exemplify longitudinal 

surfaces with normal variations in a population of Scots pine (Figure 8.4.1.7). 

The surfaces are examined in SEM micrographs showing the sanded scanned surfaces and 

clean cut indicating the morphological stmcture of the material. In the blue stained areas hypae 

of blue stain fungi are identified, showing hypae in cell lumina (Figures 8.4.1.8 and 8.4.1.9) 

often concentrated to the rays. 

Models for the colour sample surfaces, as well as for the wood surfaces, were obtained using 

MIA (Figure 8.4.1.2), MIPLS (Figures 8.4.1.3, 8.4.1.4 and 8.4.1.6) and PLS (Figure 

8.4.1.5). Classification obtained by the models is quite accurate, i.e. more than 95% were 

correctly classified pixels. For the colour samples only a few border pixels were wrongly 

classified. This is also indicated by the strong cluster separation in Figures 8.4.1.2 and 

8.4.1.3. 

One model was obtained utihzing laser ülumination in semispecular angle in combination with 

the nonspecular diffuse Halogen illumination used. The laser variable made no principal 

difference compared to the model obtained with halogen solely (Figures 8.4.1.4 and 8.4.1.5). 

Figure 8.4.1.1 Test board for clear and blue-stained wood together with colour samples 

surfaces to the left. 
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Table 8.4.1.1 Colour sample surfaces from the NCS colour notation system. 

Standard N C S C I E Tristimulus value 
Values Exact def. X Y Z 
Yellow 0480-Y 64.7 65.1 7.8 

Red 1178-R97R 24.3 15.1 7.8 

Green 2365-G01Y 11.4 20.7 13.2 

Blue 2365-B01G 13.4 18.4 41.2 

Pc2 

Green "Blue" .; • V 
stain ; : 

Heart wood 

Yellow 

Si *• " •.»..... 

Pc3 

Figure 8.4.12 Pc score scatter plot for clear and blue-stained wood test board modelled 

together with colour samples surfaces (Tab 8.4.1.1). (See also colour 
appendix) 
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Figure 8.4.13 MIPLS prediction scatter plot (blue probability/red probability) after 4 Pc's 

modelled together with blue stain. (See also colour appendix) 

Blue stain laser 

CD 
o 
O 
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CD 

cc 
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Figure 8.4.1.4 MIPLS regression coefficients for blue stain modelled separately. 

Illumination: Halogen and laser (670 nm). 
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Blue stain PLS 

Pc2 PLS 

Wavelength (nm) 

Figure 8.4.1.5 PLS regression coefficients for blue stain modelled separately. Illumination: 

Halogen. 

MIR Red, Blue & Blue stain 

Wavelength (nm) 

Figure 8.4.1.6 MIPLS regression coefficients for blue stain and red and blue colour sample 

modelled together. Illumination: Halogen and laser (670 nm). 
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Figure 8.4.1.7 SEM micrographs showing surfaces of the scanned test board. Left 

column: Actual scanned surface sanded (120 grain) across the fibre 

direction. Right column: clean cut surface. 1,2, Tangential/radial surface 

of pitch rich heart wood, late wood; 3,5, Tangential/radial surface of pitch 

rich heart wood, late- and early wood; 5, 6, Tangential/radial surface of blue 

stained sap wood, no hypae visible; 7,8, Radial surface of sap wood, early 

and late wood; 9,10, Radial surface of heart wood, early and late wood. 

(M. Sehlstedt-Persson) 
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Figure 8.4.1.8 SEM micrograph showing hypae of blue stain fungi in surface 7 in Figure 

8.4.1.7. (M. Sehlstedt-Persson) 

Figure 8.4.1.9 SEM micrograph showing hypae of blue stain fungi in transverse cut from 

surface 7 in Figure 8.4.1.7. (M. Sehlstedt-Persson) 

Summary 

Blue stain is not necessary blue; in this case it is a mixture between green and blue. The blue 

feature can be predicted by PLS or MIPLS models independent of angular variations on the 

exposed longitudinal face of the board or late/early wood in sap-/heartwood. 
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8.5 Fusion of features in VIS, |u-wave and X-ray 

spectra 

This test was done to investigate whether sensor fusion is possible utilizing imaging sensors 

based on absorption of electromagnetic radiation (X-ray and fi-wave) and reflection sensing 

devices (CCD). Results of the test indicate the possible combination of these sensors but also 

indicate problems concerning resolution and spatial appearance due to the nature of the sensor. 

Linear models for prediction of wood properties were developed with MIPLS that include 

VIS, Li-wave and X-ray sensor obtained variables. X-ray in particular showed modelling 

power for decay and pitch wood; (i-wave dephasing was important for clear and pitch wood. 

This test was carried out before the MAPP-PGP tool was available utilizing commercial wood 

inspection equipment The spectral scanning was carried out with interference filters. 

Test pieces 

Scots pine {Pinus sylvestris) boards containing defects and features such as knot types, pitch 

wood, interlocked grain, compression wood, scar, blue stain, decay, cross grain and checks 

were extracted from a set of boards. The set was selected to be representative for areas in 

southern and northern Sweden. The boards selected were those containing defects that are 

hard to classify in automatic univariate systems. In order to concentrate the amount of 

representative defects and hmit the number of test boards, parts of the boards were cut out and 

glued together into new experimentally designed boards (Figure 8.5.1). 

Figure 8.5.1 Experimentally designed test board containing different defect features such 

as: different knot types, pitch wood, interlocked grain, blue stain, cross 

grain. 
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Softwood features 

Sensors 

Sensors in the visible light, NIR, X-ray and microwave spectra were used to give multivariate 

stacks of test boards of Scots pine (Pinus sylvestris ). The different x-variables (images) used 

were: 

• AT: 

• FA: 

• WE450: 

• WE580: 

• WE680: 

• X-ray: 

Microwave attenuation, mean standardized (Cottard et al., 1992) 

Microwave dephasing, mean standardized (Cottard et al., 1992) 

CCD scanned image 450 nm wavelength, interference filter 

CCD scanned image 580 nm wavelength, interference filter 

CCD scanned image 680 nm wavelength, interference filter 

X-ray topogram scanned with a SIEMENS Somatom ART CT 

The spatial resolution for the images has a variation from 0.125 pixels/mm to 3 pixels/mm in 

the transverse direction (Table 8.5.1) The test boards were transformed to equal resolution for 

MIA and MIPLS analysis, methods that are based on equal spatial resolution and position for 

the scene analyzed (Figure 8.5.2). 

Figure 8.52 Test board scanned with sensors AT, FA, WE450-680 and X-ray, 

respectively. Transformed to equal spatial resolution and 8 bit grey-scale 

resolution. 
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8.5 F u s i o n of features 

Table. 8.5.1. Resolution in longitudinal and transverse direction for the scanned images 

from different sensors. 

Sensor type Transverse resolution 

(pixel/mm) 

Longitudinal resolution 

(pixel/mm) 

Microwave AT,FA 0.125 0.250 

CCD WE450-680 3.11 0.36 

X-ray 0.51 0.48 

CT-scout 2.29 0.92 

To increase precision in the y-variable dummies, the appearance of the test boards was 

examined in the three-dimensional CT-image stack. The distribution of density related defect 

features was examined in slices in transverse and longitudinal planes (Figure 8.5.3). 

Figure 8.5.3 Longitudinal slice, sliced 5 mm below the upper surface and transverse slices 

from left (2) to right (80) showing the density variation in the test board 

(Fr005). The black areas in transverse cuts 2 to 26 are decay areas. 
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Sof twood features 

Knots Pitch wood radial surf ac e 

Interlocked grain Pitch wood tang. surf. 

Htch wood 

(log blue) 
Sapwood 

Interlocked grain 
Scar (hidden) 

Check Compr. wood 

Knots 
Compression wood 

Decay Pith (top fracture) Knots 

Decay Heartwood 
Knots 

Knots 

Figure 8.5.4 Image of test boards used in test (represented by their appearance at 580 nm) 

showing the wood features analyzed. 
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8.5 F u s i o n of features 

Modelling 

A multivariate image stack was created containing eight test boards (Figure 8.5.4), each 

represented by six images (AT, FA, WE450-680 and X-ray). The image stack represents 

Scots pine wood features such as: clear wood (with normal density variation, heartwood and 

sapwood), knots (bark ringed knots, black knots, sound knots and splay knots visible or not 

visible on the surface), bark pockets, scar, pitch wood, interlocked grain, compression wood, 

cross grain, decay and log blue. 

After initial MIA analysis the score images (Figure 8.5.5) were investigated and classes were 

separated in the score plots (Figure 8.5.6 and Figure 8.5.7). One of the classes identified was 

knots (Figure 8.5.7), although some knots were not totally separated and some areas of pitch 

wood are included in the segmentation. Thresholding operations resulted in a binary y-variable 

image (Figure 8.5.8). 

Figure 8.55 Pc-score images showing Pc 1 to 6. 
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Sof twood features 

A first training set was set up by using the thresholded visible knot areas, hidden knot areas, 

pitch wood areas, decay areas and clear wood areas as y-variables (Figure 8.5.9) and a 

training area using masked "white" pixels in image 13 in Figure 8.5.9. Log blue is not 

separable with the same type of technique due to a small area containing blue stain and the fact 

that the colour information in it does not sufficiendy separate it from other features. 

The y-predicting score images obtained are shown in Figure 8.5.10, where dark pixels 

indicate high probability of the feature modelled. A thresholding operation is one way to apply 

a classification rule. After thresholding, the result image is compared to the initial training and 

test area by adding the two images (Figure 8.5.11). Observe that the predicted image is 

obtained by using 15% of the total area as training area. 

Figure 8.5.6 Scatter plots of scores versus each other for Pc 1 to 6. (See also colour 

appendix) 
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8.5 F u s i o n of features 

Figure 8.5.7 Scatter plot showing Pc 1 versus Pc 2. The masked class (left, below) and 

the projection of the pixels in the feature-space class to the corresponding 

scene space locations (right), respectively, reveal some of the knots in the test 

set. (See also colour appendix) 
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Figure 8.5.8 Binary y-variable image obtained by a feature space segmentation and 

thresholding operation showing knots as a separated feature. 
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Softwood features 

A second training test including y-variable dummies for compression wood, clear wood, 

interlocked grain, knots and checks results in Y-predicting score images (Figure 8.5.12) and 

regression coefficient matrices (Table 8.5.3). The x-variable X-ray has been transformed to 

enhance contrast by using histogram equalization. 

Figure 8.5.9. Image stack ready for MIPLS analysis containing x-variable images: AT (1), 

FA (2), WE450 (3), WE 580 (4), WE 680 (5) and X-ray (6). y-variable 

images 7-12: visible knot (7), hidden knot (8), pitch wood (9), decay (10), 

log blue(ll) and clear wood(12), and selected training area image (13), 

where white pixel within the wood area indicates selected training pixels. 
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8.5 F u s i o n of features 

Figure 8.5.10 The y-predicting score images obtained for visible knot (1), hidden knot (2), 

pitch wood (3), decay (4), log blue (5) and clear wood (6). Dark grey-scale 

in the image indicates high probability of membership for predicted y-

variable. 
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Softwood features 

Table 8.5.2 Regression coefficients (B - matrix) for prediction models for Y-variables for 

visible knot (YJ), hidden knot (Y2), pitch wood (Y3), decay (Y4), log blue 

(Y5) and clear wood (Y6). All coefficients were modelled simultaneously. 

(All X-variables are within the range 0 to 255). 

Variable Y I Y 2 Y3 Y4 Y 5 Y 6 

AT 0.06 -0.11 -0.06 -0.02 0.03 -0.12 

F A 0.15 0.06 0.04 -0.55 -0.02 1.29 

WE450 0.51 0.01 -0.91 1.16 -0.72 0.92 

WE580 -0.02 0.03 1.41 -0.44 -0.21 -1.52 

WE680 -0.46 0.46 1.1 -0.52 0.99 -0.83 

X-ray -0.26 -0.3 -1.03 0.31 0.22 0.98 

Table 8.5.3 Regression coefficients (B -matrix)for prediction models for the following 

wood features: compression wood (YJ), clear wood (Y2), interlocked grain 

(Y3), knots (Y4) and checks (Y5). All coefficients were modelled 

simultaneously. (All x-variables are within the range 0 to 255) 

Variable Y I Y 2 Y 3 Y4 Y5 

AT -0.07 0.13 0.06 -0.16 -0.06 

F A 0 1.35 -0.21 -0.26 0 

WE450 0.08 0.03 0.51 -0.56 0.04 

WE580 0.12 0.45 -1.08 0.81 0.03 

WE680 -0.08 -1.22 0.56 0.63 -0.1 

X-ray -0.01 0.06 0.31 -0.08 0.11 
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8.5 F u s i o n of features 

Figure 8.5.1 J Thresholded Y-predicting score images compared to training Y-dummy 

images by adding the two images to a resulting image for visible knot (1), 

hidden knot (2), pitch wood (3), decay (4), log blue (5) and clear wood (6). 

(Grey areas indicate that the prediction-based classification differs from the 

training-set classification. Black levels indicate correct positive feature 

classification and white levels indicate correct negative feature classification ). 
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Sof twood features 

Figure 8.5.12 The y-prediction score images obtained (first row) for compression wood, 

clear wood, interlocked grain, knots and checks. Dark grey-scale in the image 

indicates high probability of predicted y-variable. Thresholded y-predicting 

score images (row two) compared to training y-dummy images by adding 

the two images to a resulting image for the same features. (Grey areas 

indicate that the prediction-based classification differs from the training-set 

classification. Black level indicates correct positive feature classification and 

white level indicates correct negative feature classification). 

Table 8.5.4. Regression coefficients (B - matrix) for prediction models for wood features. 

All coefficients were modelled separately (All X variables 0 to 255) 

Variable 
Log 
blue 

Decay Knot 
Visible 

Knot 
hidden 

Pitch 
wood 

Compr 
wood 

Interl. 
grain 

Clear 
wood 

AT -0.04 0.22 -0.08 -0.07 -0.23 0.18 0.08 0.21 

F A 0.16 0.1 -0.23 0.02 -0.82 -0.43 -0.25 1.28 

WE450 -1.82 0.75 -0.49 0.16 0.87 -0.56 0.11 0.27 

WE580 -0.17 0.9 0.73 0.01 -0.36 0.21 -1.12 -0.22 

WE680 2.49 -1.04 0.87 0.25 1.34 0.61 1.05 -0.86 

X-ray 0 -0.87 -0.37 -0.24 -0.2 0.37 0.4 0.23 
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8.6 B a r k 

Summary 

Sensor fusion and pixelwise classification require high accuracy in the scanning equipment 

and similarity in spatial resolution to be fully evaluated. This test reveals that all sensors tested 

extract data that can be utilized for wood feature extraction. The u-wave, with its low 

resolution, probably should act as a low resolution preprocessor instead of being integrated in 

the prediction models. The X-ray image will probably perform best in a combined spatial and 

pixelwise classification model. It carries information about the cross-section of the board, 

giving information sometimes deviating from that visible on the surface. 

The operation of interference filter and separate line scanning for each filter utihzing a belt 

conveyor brought unnecessary noise to the material due to variations in board feeding speed. 

Al l problems with spatial matching in the research situation thus point out the need for 

simultaneous scanning in a multisensor solution as carried out in the PGP combined with the 

MAPP sensor. The design of the test set was too wide. A l l problems mentioned can be 

investigated by a more thorough examination and validation of the different properties. This 

could not be done due too much noise in the spatial calibration. 

8.6 Bark 

In an attempt to classify separate logs from Scots pine and Norway spmce, a bark type model 

was developed. VIS spectra from 50 samples (25/25) from logs were scanned with the PGP 

scanner. The training covers as wide colour variabihty as possible without claiming complete 

coverage of all variations in Sweden. 

Spruce has at least two distinct colour classes and pine three. Prediction models for class 

probability are seen in Figures 8.6.1 and 8.6.2. The models obtained are based on low 

variance explanation in Y, 20-40% for each class, but uses more than 90% of the X-variance 

in three principal components. The prediction abihty is low due to the highly complex shadow 

and surface stmcture situation. The models seem thus to be very stable and to utilize these 

models a shadow calibration procedure as indicated in Chapter 6.2.2 would improve the 

performance of the models. 

191 
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Wavelength (nm) 

Figure 8.6.1 PLS models for prediction of bark classes in Norway spruce. Classes are: 

average model for spruce bark; bark appearing red/pink; bark appearing grey 

to the human observer. 

Wavelength (nm) 

Figure 8.6.2 PLS models fir prediction of bark classes in Scots pine. Classes are: average 

model for pine bark; bark appearing green or yellow; bark appearing red/pink; 

cork bark appearing brown/grey to the human observer. 

Summary 

Models were obtained for predictions and classification of bark. The models found in the latent 

structure seem significant, however the structure in the bark gives a high amount of noise in 

the X-matrix. These variations indicate that a pixelwize classifier should be based on a mean 

value of several measurements. 
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Chapter 9 

Morphological features 

The objects appearing on the face of a piece of lumber often have characteristic patterns that can 

be interpreted by human graders as properties or defects. These patterns often have a context in 

two dimensions but many can be reduced to single dimensionality. The pattern recognition 

models provided in this chapter are hints of how a hne classifier may be developed and trained 

to search for special objects in a scanned line of a wood surface. The line may be one dimension 

in a grey-scale image, a spectral image or a classified and labelled output from the PGP-MAPP 

camera. For a complete description of modelling of two-dimensional objects see appendix: 

Licentiate Thesis, showing an example of pattern recognition of knots appearing in faces of 

timber represented by grey-scale images. 
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Morphological features 

9.1 Prediction of type and position of knots and 

pitch pockets 

Training and test set 

A Norwegian spruce board (Figure 9.1.1) with several knots and pitch pockets was selected for 

testing a PLS model for predicting position and type for different objects. The board was 

scanned with a grey-scale CCD hne scan camera and Tungsten halogen illumination distributed 

with optical fibre. 

Modelling 

The model was based on spatial grey-scale patterns in single-pixel rows. Two representatives, 

one knot and one pitch pocket, were selected and repositioned in seven positions (knot) and five 

positions (pitch pocket) along the pixel hne (Figures 9.1.2 and 9.1.3) to give a design for 

traimng the position. The knot and the pitch pocket were represented by three different 

transverse lines from each object. By superposition of the object containing part of the hne into 

different positions, a training set was built up combined with selected clear-wood lines. 

The independent X-variables were the 128 grey-scale values along the line and the dependent 

variables were object type, i.e. knot, pitch pocket or clear wood, and the position of the object. 

The obtained models were tested against selected pixel rows from the initial board including 

knots, pitch pockets and clear-wood lines. The resolution of the grey-scale image was reduced 

from original 0.5*1 mm 2 to 1*1 mm 2 . 

Result 

The result obtained by thresholding in the probabihty predictions for a test set of 500 lines 

excluding the training-set lines indicates 60% correct classification for knots and 62% for 

prediction of clear wood but only 20% for pitch pockets (Table 9.1.1). The percentages do not 

correspond to those that can be alculated from the number in the table due to the varying 

thresholds set in classification, allowing several classes to be classified at the same time. The 

training set predictions match to 100%. The conclusion is that the patterns for knots and clear 

wood are modeUed to a certain degree; some knot are completely lost, having a pattern totally 

different from the trained one. The patterns of many of the pitch pockets are differing from the 

trained one; they are also sharper than the knots, i.e. have a higher frequency, and therefore 

must have a higher frequency in the position design. To obtain an appropriate model for these 

features, many knot types and pitch pockets must be shown and trained. 
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9.2 Predic t ion of board face orientation 

The positions for correctly classified knots and pitch pockets were predicted with a standard 

deviation (s) of 16 mm and 5 mm, respectively. Wrongly classified objects have a much larger 

standard deviation that seems randomized. 

Figure 9.1.1 

Figure 9.1.1 Test surface for PLS modelling of line prediction of knots and pitch 

pockets. Left: grey-scale image of the Norway spruce surface. 

Middle: a thresholded image showing the tested objects. Right: 

resulting image after object segmentation and positioning. 
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Morphological features 

Table 9.1.1 Confusion matrix: wood feature classification 

Knot facit Clear wood facit Pitch pocket facit 
Classified knot 101 63 17 
Classified clear 
wood 

54 184 7 

Classified pitch 
pocket 

21 10 7 

Figure 9.1.2 The two selected training samples from the test surface represented 

by three lines across the object. Left: the knot. Right: the pitch 

pocket. 

Tra in ing set 
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X - p o s i t i o n 

Figure 9.1.3 A two-dimensional plot of the training set artificially designed 

using three lines representing one selected knot from the test set 

and one pitch pocket positioned at different locations along the 

pixel line transverse to the grain. (See also colour appendix) 

196 



9.2 Predic t ion of board face orientation 

9.2 Prediction of board face orientation 

As an industrial assignment a model was obtained for prediction of board face intended for 

implementation in equipment for board revolution to keep wane up when fed into the next 

machine. The idea was based on the assumption that there is a difference in macroscopical 

pattern fabricated by the annual rings on each side of the board, that is i f the centre of the board 

deviates from the pith of the log. I f it does not it does not matter, because wane is not likely on 

boards sawn that way. 

Models for prediction of the surface position of lumber sawn at a position outside the pith were 

obtained by training on the pattern obtained by one-dimensional FFT power spectra of the 

early/late wood pattern on the surface. The pattern was sensed by a photo diode sampling the 

hght reflection from the surface into a line profile across the fibre direction of the lumber. The 

result of the predictions expressed as correct classification by thresholding in the surface 

probability, i.e. i f the side is properly classified, was that more than 80% of the surfaces were 

properly classified. And i f one uses five independent sensors along the boards the classification 

was correct in more than 95 % of the boards. I f the opposite side FFT power spectra were 

included in the model only a shght improvement was obtained. The results were not validated 

for a test set organized according to experimental design or for all the variations of softwoods. 

Thus they were only possible indicators which can be used in other models, i.e. as preprocessor 

in an expert system utilizing different models for the pith and sap faces of the board. 
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Chapter 10 

Spectral variations due to scanning 

geometry and wood-species 

variations 

The colour of a lumber surface appear different to the observer due to a number of reasons 

such as: within and between species variations, moisture content, degradation, observing and 

iUumination angle but also due to the power spectrum of the light. In this chapter some of these 

variations are shown with respect to their influence upon the modelling noise. 

10.1 The importance of angles 

When scanning for features on lumber using the interaction iUumination-surface-reflectance-

absorption-sensor, the angles between these components heavily affects the intensity and 

spectra obtained for the different surface elements (Klinker, 1988; Soest et al., 1993). 

In this chapter these effects are demonstrated on various lumber surfaces scanned at various 

camera, iUumination and wood-fibre angles. Examples of discontinuous and continuous 

variation are reported exemplifying expected behaviour of the Ulumination-surface-sensor 
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10.1 The importance of angles 

system indicating possible error sources or increased classification possibilities due to the 

addition of new features. 

One example is using the difference between specular and diffuse reflection as a feature (Soest 

et al., 1993; Åstrand, 1996) that strongly separates clear wood from defects with different 

fibre direction or specular reflectance behaviour. 

Al l tests except for variation of fibre angle were made with unfiltered Tungsten halogen hght, 

fibre optics (nonfocused), a VIS/NIR PGP (450-900 nm) and an MTI CCD matrix camera. 

The test with fibre angle variation used the VIS PGP (400-720 nm). The following 

experimental setups are demonstrated: 

• constant camera angle; variation of iUumination angle with constant fibre and surface angle 

(Figure 10.1.1) 

• constant iUumination angle; variation of camera angle with constant fibre and surface angle 

(Figure 10.1.1) 

• constant iUumination and camera angle; variation of fibre angle from across the grain to 

paraUel to the grain (Figure 10.1.2) 

Figure 10.1.1 Scanner setup for testing camera and illumination angle. Light focusing lens 

is optional. 
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Spectral variat ions due to scanning and wood species 

PGP-
matr ix 
CCD 

Figure 10.1.2 Scanner setup for scanning round test pieces. 

10.1.1 Variation of the illumination angle 

Three different tests were made using a fixed line on three surfaces, one Scots pine sap surface 

including pitch wood, sound wood, and bark inclusions, and two Norwegian spruce surfaces 

including compression and sound wood on pith and sap side. The illumination angle (la in 

Figure 10.1.1) was changed in steps of 10° from 15° to 85° and the camera angle (Ca in Figure 

10.1.1) was a constant 75°. The spectrum was scanned at a resolution of 1.5 nm/pixel and 

MIA models were calculated on transformed spectral images with 7 nm intervals from 450 to 

900 nm. 

Scots pine 

An MIA analysis of the 68 spectral images from the spectrum of 450 nm to 900 nm reveals that 

for the surface areas that have semi-specular reflection properties (all except bark inclusions) 

are spread in Pc2 (vertical direction in Figure 10.1.3) due to lightness changes by increasing 

the ülumination angle according to Lambert's cosine law. Pc2 is mainly an integration over the 

whole spectrum corresponding to a grey-scale intensity function. The separation in Pc3 is 

constant but with a linear amplification due to increase in intensity. 
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10.1 The importance of angles 

Norway spruce 

A MIA analysis of the 68 spectral images from the spectmm of 450 to 900 nm reveals that for 

the surface containing clear early and late wood and compression wood, areas are spread in Pc 

2 (vertical direction in Figure 10.1.5 and Figure 10.1.7) due to hghtness changes by 

increasing the illumination angle. Notice that for the sap side (Figure 10.1.7), semi-specular 

reflections from the late wood gives somewhat different projection of the pixel clusters, 

indicating a need for separate modelling or cahbration to handle this mechanism. A tendency of 

a skewed T is also noticeable, indicating semi-specular reflectance as described in the 

dichromatic model in Chapter 3.3.3. The rotation of the cluster can also be observed by 

comparing the loadings for each side for Pc3 in Figure 10.1.6 and Figure 10.1.8. Note also 

the similarity between the models for Spruce and Pine sapwood (Figure 10.1.4 and 10.1.8) at 

a first glance they seem identical. 

Pc3 
Figure 10.1.3 Score scatter plot for Pc2 IPc3 with labelled clusters from a Scots pine 

surface. (See also colour appendix) 
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Spectral variat ions due to scanning and wood species 

S c o t s pine 

Figure 10.1.4 Pc loadings for Scots pine model. 

Pc2 

Compression 
wood 

# 15° 

i i i a > 

111!•> 

Sound late 75° 
wood 

eariy 
WOftl lit? \ 

Sound late 75° 
wood 

Pc3 

Figure 10.1 J Score scatter plot for Pc2 IPc3 with labelled clusters for Norway spruce pith 

side 15°-75°indicates variation in illumination angle. (See also colour 

appendix) 
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10.1 The importance of angles 

l luminat ion angle S p r u c e 

Wave length (nm) 

Figure 10.1.6 Pc loadings Norwegian spruce pit side . 

Pc2 

Pc3 

Figure 10.1.7 Score scatter plot for Pc2 IPc3 with labelled clusters for Norway spruce sap 

side; 15°- 75° indicates variation in illumination angle. (See also colour 

appendix) 
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Figure 10.1.8 Pc loadings Norwegian spruce sap side. 

10.1.2 Feature prediction at different camera angles 

Three different tests were made using three different camera angles (Ca in Figure 10.1.1) on 

one Scots pine test board, showing four features on two faces. One surface including pitch 

wood and the other early and late areas of clear wood and compression wood. The iUumination 

angle (la in Figure 10.1.1) was constant 30° and the camera angle (Ca in Figure 10.1.1) 

changed into three different angles 20°, 65° and 95°. The spectrum was scanned with a 

resolution of 1.5 nm/pixel and MIA models calculated on transformed spectral images with 5 

nm intervals from 450 to 900 nm for each camera angle. The results are shown in score plots 

(Figure 10.1.9) and by comparing the prediction models (Figure 10.1.10) obtained for each 

camera angle. Models for predicting compression wood are compared by their ability to 

separate compression wood from other features (Figure 10.1.11). Models are based on 5 

Pc's. 
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10.1 The importance of angles 

Figure 10.1.9 Score plots (Pc2IPc3)for the three models based on scanning with three 

different camera angles 20° (1), 65° (2) and 95° (3) on the Scots pine surfaces 

shown at the lower right. (See also colour appendix) 

C a m e r a angle Pc2 

C20 Pc2 

C65Pc2 

C95PC2 
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Figure 10.1.10(a) Regression coefficient Pc2. 
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Figure 10.1.10(b) Regression coefficient Pc3. 
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Figure 10.1.10(c) Regression coefficient Pc4. 
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Figure 10.1.10(d) A comparison of regression coefficients for the three models for 

compression-wood prediction based on colour spectra obtained for the three 

different camera angles 20 ° 650 and 95 °, respectively. Each graph (a-d) 

represents one Pc-component out ofPc2-Pc5. 
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10.1 The importance of angles 

Figure 10.1.11 A comparison on MIPLS predictions for the three models for compression 

wood prediction based on colour spectra obtained for the three different 

camera angles 20°(1),65 °(2) and 95°(3) respectively. Grey-scale images 

with dark pixels indicate high probability for compression wood, above, and 

classified compression wood (black pixels) surface, below. The classification 

obtained by thresholding. Correct classification is the dark strip to the left on 

the surface. 

Summary 

The model for Ca= 95° has a complete different shape in the beginning but after 5 Pc's all 

models have similar shape, thus including the cahbration for semi-specular behaviour in the 

20° and 65° spectra. The 95° camera angle model utilizing only the body reflected spectra seem 

to separate the compression wood area from all other feamres shghtly better then the other 

models. 

10.1.3 Changing the fibre angle 

Discrete variations of the fibre angle for Scots pine 

Five surfaces from one piece of lumber were mounted in a frame in different fibre directions 

(Figure 10.1.12). The designed test set were scanned simultaneously with two synchronised 

line-scan cameras at two angles (Ca) 15° and 90°. The results seen in Figure 10.1.12 indicate 

the mechanisms that can occur when the fibre direction varies within the scanned surface. The 

relative grey-scale varies between early and late wood and interacts differenüy due to grain 

angle. 
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Spectral variat ions due to scanning and wood species 

Figure 10.1.12 Designed test board with different samples from one Scots pine stem oriented 

in different directions and scanned simultaneously utilizing two different 

camera angles (Ca) 15°and 90°(left). Illumination angle (la) 15°. Surface a, 

fibre direction along the pith; b, perpendicular to the pith; c; transverse face; 

d, as a but angled 45 °; e, as a but angled 135 °. 

Continuous change of the fibre direction 

Round test pieces, Norway spruce and Scots pine, were scanned according to scanner set-up 

in Figure 10.1.2. The rotation symmetry is around an axis through the pith and perpendicular 

to the length direction of the stem, thus exposing the surface from transverse to tangential 

surface of the stem. The camera angle (Ca) was approximately 45° from the surface normal and 

the fibre-optic hght angle (la) was approximately 45°. The surface was scanned with a grey-

scale hne camera (DALSA-CL-C3-512) and with the PGP (400-720 nm) MTI image 

spectrometer semp. Results from grey-scale scanning are shown in Figure 10.1.13, indicating 

specular reflection and by that intensity maximum at tangential surfaces angle 90° and 270°. 
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10.1 The importance of angles 

Figure 10.1.13 Intensity as a function of angle around an axis perpendicular to length of a 

dried (8% MC) piece of Scots pine lumber scanned in clockwice and 

counterclockwice direction (transformed to same spatial appearance). 

The intensity/spectral behaviour with varying fibre angles is illustrated in Figures 10.1.14 and 

10.1.15 for Norwegian spruce and Figures 10.1.16 and 10.1.17 for Scots pine samples. The 

score plots (Pc2/Pc3) separate intensity variation due to camera/fibre angle and spectral 

differences for different wood features. 
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Figure 10.1.14 Score plot Pc2lPc3for round Norwegian spruce sample showing fibre angle 

influence on cluster behaviour for surface features. Score images for Pel to 

PcS. (See also colour appendix) 

Norway spruce camera angle 

Wavelength (nm) 

Figure 10.1.15 . Pc loadings for Pc 1-3 for Norwegian spruce sample. 
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10.1 The importance of angles 

Figure 10.1.16 Score plot Pc2IPc3 for round Scots pine sample showing fibre angle 

influence on cluster behaviour of surface features. Score images for Pel to 

Pc3. (See also colour appendix) 

Camera angle Scots pine 

0.3 T 

Wave length (nm) 

Figure 10.1.17 Pc loadings for Pel-3 for Scots pine sample. 
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Summary 

The results reveal that mechanisms caused by camera angle can be separated as variations in 

one dimension, separable by MIA. These variations, interpreted as grey-scale variations (Pc2), 

are (if decomposed with MIA) independent of the colour based variations due to variations 

between: early and late wood; heart- and sapwood 

10.2 Colour variation in wood species 

Wood colour variations, reported in literature as being small with a monotone dominant 

wavelength for most species around 580 nm (Sullivan, 1967, and Beckwith, 1976) were 

measured to verify earher studies but also to detect the shape of the wood colour cluster in the 

L,C,h colour space and also in the soft-modelled colour space. 

The cluster shape was two-dimensional (a plane in colour space) or almost one-dimensional, 

i.e. variations between species can be measured with a one-dimensional sensor, utihzing a 

filter designed for separation in the main orientation of the wood colour cluster. This statement 

holds for European species but is false i f certain rain forest species (Ebenholz (ebony), 

Pockenholtz (guaiacum), Jacaranda etc.) are included as shown in figure 10.2.3. These 

species have a distinct deviation in colour appearance. 

The study of clear wood variations in one species, Scots pine, reveal small nonsignificant 

colour variations for all common properties except the difference between heart- and sapwood. 

10.2.1 Colorimetrical measurements 
Measurements with a Minolta Colorimeter CR-310 on 68 different sanded clearwood surfaces 

from a mixture of 33 soft- and hardwood species give the foUowing variations in LCh-values 

represented by the statistics in Table 10.2.1 and by appearance in Figure 10.2.1 and Figure 

10.2.2 showing the high correlation between L and h indicating that the color of clear wood is 

a two-dimensional problem. 

Table 10.2.1 Colour statistics for soft- and hardwoods 

L-value C-value h-value 

Mean 53,74 23,40 62,87 
Min 32,63 10,66 49,10 
Max 71,20 37,04 74,70 
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10.3 Indoor/outdoor effects 

Figure 10.2.1 LCh-values plotted in a three dimensional scatter plot, x, y, z correspond to 

L, C, h respectively. 

L C h - v a l u e s clear wood 

Figure 102.2 LCh-values for the wood-species samples plotted in increasing value of the 

L-values. 
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10.2.2 Variations in VIS-spectrum 

Another test utilizing the NIR-PGP spectrograph with diffuse halogen hght setting on sanded 

samples of different species is visualised in Figure 10.2.3, indicating distinct variations in 

spectrum and thereby well separated clusters for some species in the Pc-score scatter plot of 

Pc2/Pc3. The score scatter plot (Pc2/Pc3) exposes >90 % of the spectral variation in the 

scanned data from 450 nm to 870 nm. Domestic commercial wood species for Sweden are 

more equal in appearance. 

Figure 10.2.3 Pc-score scatter plot ofPc2IPc3from NIR-PGP spectra from sound wood 

surfaces with some species labelled clusters. See also colour appendix. 

(Surface preparation O. Broman) 

10.2.3 Clear wood variations for Scots pine 

A test was designed with maximal colour variation between the surfaces suggested, prepared 

and measured by O. Broman and O. Holmgren (Hagman, 1996). The foUowing variations 

were measured with a Minolta CR-310 colorimeter, Standard iUumination C. 50 mm 

integration area and 10° viewing angle. 120 samples of artificially dried Scots pine varied 

according to experimental design exposing three feature groups: 

• sap-/heartwood (60/60) 

• radial/tangential (60/60) 

• sanded/planed/sawn (40/40/40) 
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10.3 Indoor/outdoor ef fects 

The measurement was expressed in L, C, h values.(Table 10.2.3.1) 

Table 10.2.3.1 L, C, h measurements on clear-wood Scots pine surfaces. 

Property Mean value S.dev. 

L C h L C h 

Radial 83.4 23.1 80.5 1.8 1.4 2.5 

Tangential 82.2 24.2 79.6 2.0 1.2 3.23 

Heart wood 81.5 24.0 78.0 1.8 1.3 2.6 

Sap wood 84.1 23.3 82.2 1.1 1.4 1.2 

Sanded 82.7 23.1 80.1 2.1 1.54 3.1 

Planed 82.8 24.3 79.9 2.04 1.2 3.1 

Sawn 83.0 23.6 80.2 1.9 1.2 2.6 

All surfaces 82.2 23.7 80.1 2.0 1.4 2.9 

10.3 Indoor/outdoor effects 

A test measuring the colour changes of green freshly sawn Scots pine lumber over a period of 

time reveals a time-dependent behaviour of the surface colour. External effects acting on the 

surface are: 

• drying (due to a difference in potential i.e. the difference between the moisture content at 

the surface and the moisture content in equilibrium with the surrounding humid air (Morén, 

1993)) 

• exposure to air 

• exposure to hght, artificial and/or natural 

In this test, sapwood boards were measured with the PGP/MTI scanner six times during the 

first eighteen hours after sawing, and with a Minolta CromaMeter CR-310 (L, C, h- values) 

every 20 minutes for the first 800 minutes and then after longer and various time intervals. The 

measuring schedule is shown in Table 12.1.3.1. 
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• Board 1 ( w l , w2) has not been exposed to direct sunlight during the test. 

• Board 2 (w3) has after drying (6-10% MC) been exposed to direct sunlight during four 

periods of time adding up to 30 hours exposure. 

• Board 3 (w4, w5) has been exposed to direct sunhght in green condition (5 hours) and then 

in dry condition during two periods (20 hours). 

The results of the measurements are shown as absolute L (Figure 10.3.1), C (Figure 10.3.2), 

and h (Figure 10.3.3) -values for the first 800 minutes. The relative values, a comparison 

between the first surface on the indoor board (wl) and the others (w2-w5) at the moment of 

each measurement, are shown for the whole period of time. The result indicates small but 

clearly visible changes, both to the human eye (visible comparison in pairs) and to the 

colorimeter. 

Table 12 .13.1. Colour-measuring schedule for L, C, h values on wl to w5 

Time (min) Remark 
0 Sawing 
20 2nd measurement 
40 3 
60 4 
80 5 
100 6 
120 7 
140 8 
180 9 
300 10 
800 11 
920 sun w4 w5 
950 it 

1010 it 

1070 I I 

1130 I I 

1190 w4, w5 indoor 
1610 All indoor 

30240 After 3 weeks 
30780 sun w3 w4 w5 
31620 Indoor 14 h 

sun w3 7 h 
sun w3-w5 7 h 

sun w3 8 h 
194000 indoor 3 months 



10.3 Indoor/outdoor effects 
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Figure 10.3.1 L-valuefor the first 800 minutes of indoor exposure measured with a 

Minolta CromaMeter CR-310 
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Figure 10.3.2 C-value for the first 800 minutes of indoor exposure measured with a 

Minolta CromaMeter CR-310. 
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Figure 10.3.3 h-value measured for the first 800 minutes of indoor exposure measured with 

Minolta CromaMeter CR-310. 
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Figure 10.3.4 Relative change in L-value (compared to surface wl) after in- and outdoor 

exposure for various times (Table 12.1.3.1). Note the discontinuity in time 
scale. 
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10.3 Indoor/outdoor effects 

Figure 10.35 The relative change in C-value (compared to surface wl) after in- and outdoor 

exposure for various times (Table 12.1.3.1). Note the discontinuity in time 

scale. 
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Figure 10.3.6 The relative change in h-value (compared to surface wl) after in- and outdoor 

exposure for various time (Table 12.1.3.1). Note the discontinuity in time 

scale 

To examine the differences measured with the PGP a model was made that predicted the 

surface exposure time. The obtained model is shown in Figure 10.3.7, indicating that the 

colour difference is a change in the blue and red or both spectral bands, thus the exposure time 

can be predicted by a difference between blue and red. 
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Wavelength (nm) 

Figure 10.3.7 PLS model for prediction of exposure time of sawn surface. 

10.4 MSC correction for time-dependent 

behaviour 

As indicated above, the change due to the exposure to hght and chmate can be modeUed. This 

reveals cahbration possibihties i f these changes are irrelevant for other purposes. One way of 

data cahbration is to involve it in the principal component decomposition as indicated above, 

another is to a Multiplicative Signal Correction (MSC) (Chapter 6.2.2). 

Test set 

A green freshly sawn Scots pine surface was scanned with the VIS-PGP at various time 

intervals during exposure to indoor climate. Mean value spectra for the surface are shown in 

Figure 10.4.1. Calibration to average spectrum assuming that the hght scattering effects are the 

same at all the wavelengths in the plot is obtained by applying equation 6.2.2.2 to the data. 

The coefficients or and ß are calculated (Table 10.4.1) as a linear approximation hne for the 

functions visuahzed in Figure 10.4.2. The MSC-corrected spectral data are seen in Figure 

10.4.3. 
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Figure 10.4.1. Mean value spectra for the surface of freshly sawn Scots pine. The surface 

was scanned 25 min after sawing(T= 0 h) and at h=3,4, 5,14 ,18, 

respectively. 
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Figure 10.4.2 The spectra for the mean values of the surface spectra scanned at different 

times plotted against the average spectrum. 

To investigate whether this calibration improved or simplified the modelling of certain 

features, another surface with blue stain (sawn and scanned at the same time) was MSC 

corrected using the coefficients above. The result when predicting blue stain was compared in 

aspects of model complexity and precision. Models based on four (Raw data) or three 

principal components (MSC data) (Table 10.4.2) were obtained using standard PLS-settings 

to get significant and sufficient models for prediction of blue stain on a freshly sawn Scots 
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pine surface. The models had almost the same prediction ability, the MSC model had a small 

tendency to better segregation but with no practical use. There were no significant differences 

in performance and almost identical classification results based on the thresholding rule: i f 

(abs(observed-predicted)<0.5) then OK! The models have the same basic shape (Figure 

10.4.4) 

Table 10.4.1 Regression coefficients for MSC correction according to equation (6.2.2.2). 

Regr . coeff . ß a 
0 h 1.12 12.27 

3 h 1.10 7.13 
4 h 1.11 4.67 

5 h 1.09 -0 .97 
14 h 0.80 -15 .22 

18 h 0.65 -16 .46 

M S C - c o r r e c t e d data 

Wavelength (nm) 

Figure 10.4.3 MSC-corrected spectra according to equation 6.2.22 and with coefficients 

for surfaces at each scanning time. 
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Table 10.4.2 Model statistics when modelling blue stain using raw spectral data and MSC 

spectral data. 

Data Significant model R2X R2Y Correct prediction (%) 

Raw data 4 pc 1 0.7 95 

MSC corrected 3 pc 0.9 0.8 96 

Raw data 4pc 

o 
a 

a) 
r r 

0 ,3 J-

Wavelength (nm) 

Figure 10.4.4 A comparison between regression coefficients obtained to predict blue stained 

surface based on raw data and MSC-corrected data. 

Summary 

Calibration that reduces the complexity of the model can be done by using MSC. The use of 

linear coefficients is sufficient for the first five hours of exposure but a curvature in Figure 

10.4.2 for the longer exposure times indicate the need for nonlinear cahbration models. The 

principal shape of the model is not affected by MSC. 
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Chapter 11 

Implementation of automatic quality grading in the 

forest industry 

Statements and discussions in this chapter is based on six years of experience of utihzing 

wood inspection tools based on scanning. The experience is based on: 

• the development and use of the research equipment in the laboratory 

• scanning of lumber at a wood-component factory for practical tests and data collection. 

• evaluation of different wood-inspection installations 

• work in a group for evaluation of standardized tests for automatic wood inspection 

The scanning experience involves the scanning and storage of more than 3000 pieces of 

lumber (Gmndberg et al., 1995 and Grönlund et al., 1992) combined with the construction of 

one and calibration of two different systems. I have been involved in the first attempts at 

evaluation of the commercially available systems in Sweden during the period 1990-1995. 
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11.1 Man/machine interface 

Machine environment 

A machine, as well as a man or woman, needs an acceptable environment to produce results 

on the level of its ability (Lycken et al., 1993). The environment around automatic inspection 

or grading equipment can be divided into at least three different components: 

• the environment for the human operator 

• the environment for the machine 

• the organization climate 

Each of these demands knowledge from different paradigms to create acceptable working 

conditions in order to obtain quahty and high production. A lack of understanding for one of 

these automatically creates problems that often make the investment in automation a failure. 

The operator needs knowledge of the system, must be involved in and have an understanding 

for the process in which the machine is a part He or she must have good working conditions 

as regards mental and physical parameters. An important part of that is feedback from the 

system and organization. To get feedback the operator must be allowed to interact with the 

process and test its performance while doing so. 

The machine itself also needs good physical working conditions in terms of healthy 

surroundings (meaning dust, vibrations, temperature etc.), maintenance and logistics. 

Management must be ready to optimize the use of automatic equipment. This means material-

flow organisation, knowing the optimal number of input and output classes, evaluation of 

quahty acceptance mles etc. The most important thing is to find a language that can be accepted 

by all actors in the system. 
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11.1 Man/machine interface 

A man/machine interface has two tasks. The first is to get information (stimuli) from the 

operator to the machine to control or change the process. The second is to get feedback on the 

process from the machine to the operator. This gives certain criteria to fulf i l . The machine and 

the operator must understand each other, i.e. they must have a language in common. There are 

four principal ways to solve the communication: 

• the machine learns the operator's language. 

• the operator learns the computer language 

• create a new language 

• use an interpreter/technician. 

Today many computer-based systems have been introduced that learn human language in 

different aspects to make it possible for people without computer knowledge to use computer-

based systems. By using A I and learning strategies, grading rules can be obtained without 

being expliciüy expressed in figures and numbers by the operator. It is, however, more 

difficult to give feedback using such strategies. 

Computer languages are known by many today and there are only minor variations among 

different languages, except when there is a paradigm shift, e.g. object-oriented programming. 

The problem is that these computer-skilled people are not available in the wood industry. So 

the problem can only be solved by teaching the technician wood quality language or teaching 

the operator computer language. 

With the new tools available for computer programming, the interface can be built up by 

interaction between system supervisors and the operator her-/himself. This makes it easy to 

give information that is effective under the precaution that one knows what information is 

essential. 

It is also essential to verify the feedback from the system by external evaluation. This means 

that both the information flux and the production flow must be available for investigation. The 

important thing is to freeze both these flows momentarily or to have individual identification 

on both. 
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11.1 Man/machine interface 

Figure 11.1 The automatic sorting system and its in- and output. 

Language 

The information flow between the operator and the automatic machine system (Figure 11.1) 

fulfills many different purposes. A protocol defining all information levels should embody 

basic feature criteria for defect detection, quality mles for the product, basic optimizing 

criteria, customer-based optimizing criteria, production information, management information, 

evaluation parameters, process-control information etc. Unformnately, such standardized 

protocols do not exist, so the language spoken by the operator does not have a grammar and it 

is likely that people corning from different paradigms need interpretation to avoid 

misunderstanding. In fact, a great many of the problems with automatic inspection, as 

indicated by the required time for introduction or by the unsuccessful implementations that 

have been done, are due to poor communication between system sellers, system manufacturers 

and system users. 

There are proposals for a grammar for wood inspection; the problem is that they are written by 

people from a nonrepresentative mixture of the involved areas indicated above. Complex 

grading mles based on cultural standards and tradition acting as a base for trade instead of 

measurable features in exact numbers are hard to code into the computer. The solution must be 

an adaptation to measurable and programmable mles instead of costly fittings to the impossible 

ones. 

Conclusion: To make a successful investment in these technique one of this criteria must be 

fulfilled: 
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• a cross-disciplinary project group defining the frames and the protocols for the systems 

• a quality operator that controls the system. 

11.2 Level of knowledge 

The operator, here referred to in the singular but in reality possibly a group of persons, needs 

competence in many areas. Some of the most important are briefly introduced below to create a 

competence profile of this person. 

Wood-quality rules. On its way from being a part of a tree to a product component the 

piece of wood passes through a lot of different production systems. The silvacultural aspect, 

the sawmill aspect, the secondary manufacture aspect and the end-user aspect of wood quahty 

features and the mumal correspondence involved in the total production system define the level 

of knowledge for this process. 

Programming. Interaction with a computer often, but not necessarily always, assumes 

communication by reading and writing. A low-educated user demands a high contribution 

from the system programmer when creating the graphical user interface. A self-teaching 

system (Flatman, 1989; Labeda, 1993; Lampinen, 1994) reduces the level of skill needed in 

using the keyboard but increases other demands (see below). Manuals (of course written in 

domestic language), examples and tutorials (of course a lot of them) and help menus (of 

course relevant) still need a good and competent reader. The operator needs a correct model for 

the system he or she controls, so there is a demand for knowledge of the basic components of 

the system. Sensors, image analysis, segmentation, classification, optimization and process 

control are system components that, no matter what the level, need a correct modelling and 

interpretation in the operator's mind. 

Optimization. To operate a system including an optimization algorithm is not an easy task 

for a human being. One of the great benefits from systems of this type compared to man is the 

abihty to implement complicated and complex mles in the system and change the presettings 

and parameters dynamically. This means that somebody watching the system from outside has 

severe problems to evaluate a single event or the whole process. To evaluate a system one 

therefore needs tools for doing so. These tools are systematization, experimental design, and 

statistical methods. None of these tools are easy to master; they require a high level of 

education. It is not likely that all operators have this level of theoretical understanding for the 
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process, but simplified methods can be implemented. By identifying the most important 

properties, i.e. knots, focusing on these mles and interpreting them, a human decision model 

is shaped that works better than the ones used normally. Significant improvements are 

indicated (Ahlskog, 1993). 

Production control. The task of controlling the production spans a space from a visual 

registration that the flow seems OK to tiimming adaptive thresholds for adequate variations 

within the board. The borderline between the responsibility of expertise and that of the 

operator must therefore be defined. Errors in the domain of expertise must be taken care of by 

automatic alarm systems to avoid problems due to operator's the lack of understanding. The 

"poka yoke" philosophy (Shingo, 1984) is one way of eliminating such errors. 

Given the possibihties the multimedia explosion has created, the process interface to the 

operator should be operator defined. The implementation process should need a short 

introduction, no more. This is not to say that the quahty of the information automatically 

reaches the desired standards. This is instead taken care by involving the operator in the 

investment procedure, meeting other operators and having time to evaluate different operations 

in the process. 

Maintenance. That a machine never gets tired is a selling slogan often used to motivate the 

investment. Is that really true? A human being gets tired when short of some kind of resource, 

energy, sleep or whatever. The same thing is valid for a machine. The sportsman or 

sportswoman achieving top scores knows his or her body down to the smallest cell and is 

aware of its signals. The operator must act in the same way, by having good sensors in the 

"body" of the process system. Knowing optimal conditions, or at least the maximal limits for 

the operation, maintenance is an easy task. Once again, the important knowledge is: get a 

correct model of what is happening inside the system! 

A warning example: When a group, intended to evaluate automatic sorting equipment, visited 

an installation to make some tests, it was found that the equipment, running in production, 

was totally malfunctioning. After some short checks it was found, by a technician 

accompanying the group, that one of the lights was out of order. This is a quite severe error 

for equipment using thresholding operations based on light sensitivity. 

Conclusion: I f you know you are using a camera you know you should check the lights. If 

you do not know that it is a camera inside, it is hard to figure out what is wrong. 
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11.3 Who has the fiery spirit? 

The picture of the operator given above indicates a man or a woman with many skills. These 

skills must be combined with a dedication to achieve the goals of a never-ending improvement 

of the automatic equipment. 

This tool, the automatic sorting equipment, is the same as a racehorse, a match race sailing 

boat or an engine in a formula 1 car. It can dehver top class performance, but it can also be a 

complete failure. The difference is determined by the human beings operating the equipment. It 

could be a group of people with different skills or one dedicated person. 

Where to find these people? Just check out who is sailing 0.5 knot faster than any one else, 

winning more races than average or always wanting to improve what they are doing. Too bad, 

these people are expensive if they are recognized because they are earning their money, but 

there are some basic features to look for. The operator with the skills we are looking for: 

• is aware of the competitors 

• knows his "body" 

• tests and analyzes the result 

• is communicative, i.e. he or she gets the information that is needed 

• never stops 

The picture could be somewhat terrifying for the management, because he or she would likely 

spend a lot of time and money. So there must be an opposite pole around. But with a crew like 

this an investment in this technique would earn a competitive advantage in production process, 

and that is what it is all about 

11.4 Cybernetics 

The process studied here is basically comprised of an inflow of low-refined wood material, a 

process attempting to refine the wood material and an out-flow of more refined wood 

components, information and waste as shown in Figure 11.1. In comparison with 

multivariate modelling of a process, it is noticeable that in both cases it is quite important to 

control the model output (product or function/prediction value) and the residual (waste or 

noise). 
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11.4 Cybernet ics 

Could this process be under control? 

As indicated earher, wood is a biological material with all its variations caused by different 

aspects of environment. The harvesting and transportation process, as well as other 

operations, creates both refined wood material as well as variations. Foresters have long since 

reahzed that experimental design is needed to handle biological material. The problem with 

noise in the material is often solved by handling large test sets and using mean values as 

representatives. This is a method that works when the individuals are not considered, as they 

are in our system. In our case, methods must deal with information based on individuals as 

well as groups of individuals. The main problem is investigating the variation limits for the 

input. Hardware settings and classification algorithms can, i f they are properly designed, be 

controlled by ordinary statistical and process control methods. Soft modelhng, i.e. multivariate 

process control and monitoring methods (Skagerberg et al., 1993), can be a successful 

technique to handle complete systems. 

What are multivariate process control and monitoring? 

They are a way to make a mathematical model of the process system by using experimental 

design on process parameters such as input variations and hardware/software set-ups. This 

model can be used for on-line evaluation of the system, process control and optimization of the 

process. The idea is to present the process parameters in a concentrated form, one or two score 

plots, where the "temperature" of the process is easily observed. The observation is a time 

serial of the process shown as a worm crawling in the process space. Depending on what 

position in space the worm has, it gives information about how far from optimum the process 

is, and also what parameters are giving that behaviour. 

In a wood-inspection system the method could be integrated by experimental design in input 

material, i.e. using as much variation as possible for the wood pieces entering the system. It is 

not necessary nor desirably to stay within the variation hmits for the system. It is a way to 

teach the system when it is acting outside the limits, a very important task. When the training 

material is properly under control, the system is processed under various (experimentally 

designed) conditions. The model obtained gives two opportunities, the first is the above 

mentioned process-control possibihty, and the second a possibility to optimize the process 

condition. Questions that could be asked of the simulated system are: Batch size? Input-quahty 

mix? Classification thresholds ? Number of output classes? Questions that today have very 

vague answers, i f any. Unfortunately, no research or practical test of these have been done in 

sawmilling or secondary manufacturing of wood products. 
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Are we there yet? 

No, the question of on-hne process control implemented in this equipment is not being 

discussed at this moment due to two reasons. The first is that these are new ideas (Lee, 1992) 

and the second, that nobody asks for it. The customers still have a vision of a "fully automatic 

system" not needing to be trimmed or evaluated. 

11.5 Evaluation of systems for automatic 

inspection and quality sorting of wood 

products 

A project concerning evaluation of automatic wood sorting equipment was completed during 

the period 1991 to 1994. The project was organized by TRATEK, the Swedish Institute for 

Wood Technology Research, as an answer to initiatives taken by the supphers of these 

systems. Their main concerns were: 

• We have no language for communication between suppher and end-user. 

• How to evaluate the performance of the system? 

• How to demonstrate the good performance and possibilities of the equipment compared to 

human beings sorting? 

The project group, consisting of suppliers, possible end-users and researchers could after 

hours of discussions agree upon the following questions: 

• What is an automatic grading/sorting system? 

• What are its capabilities today? 

• How to evaluate it ? 

The group agreed to the foUowing statement defining the system: " It is a system based on an 

image producing sensor that, under certain conditions, can detect and quantify base variables 

such as dimension and defect features, as well as compound variables such as quality. This 

information used together with parameters such as price, output number of class, dimension 

and quality, is used by the system to optimize the output. To be able to execute the desired 
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output the system must be wired to executing machines such as crosscutting equipment, 

trimmers, edgers, green sorters etc." 

To evaluate a system, knowledge of the expectation of the system's performance is needed. 

This was not an easy task on the earlier installations. Once again, the lack of a standardized 

protocol, or language, is crucial. Another problem is that the expectations for the system 

change during the process from investment decision to on-line working machine. This is due 

to the increasing understanding of the system's capabilities among users, where possibihties, 

initially not known or understood, suddenly appear to them. 

Knowing what to look for, one realizes that one must measure something to test i f the goals 

that have been defined are obtained. Then the need for measuring tools and standardized 

methods appears. The group has tested different methods and tools with three basic testing 

platforms: 

• defect detection abihty 

• repetitive tests 

• optimization 

These tests immediately defined the need for a "facit", a key to the correct judgements, 

whatever was being used. These facits were, and still are, a matter of discussion in many 

group meetings. In defect detection the discussion is directed towards: when is the defect 

correctly classified in terms of shape, size, dimension, position and class ? The same 

discussion arises about repetitive tests where a standardized solution is in sight, but for 

evaluation optimization the facit is only relevant to the acmal process and its ruhng parameters. 

So who has the cry stall ball to give the tme answer? 

11.5.1 Know-how 

Who has got the know-how today? 

It is clear that there is a lack of knowledge within the forest industry of how to test these 

systems. The know-how must be spread from academical institutions, research institutes and 

developer centres to people in the industry. Statisticians, quahty people, optimizers and 

systematizers have know-how not available to the average sawmill manager. 
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Were can the know-how for system testing be found? 

Given the complexity of evaluating these systems, the question is not easily answered. 

For the benefit of the company, system competence should be local, but that on the other hand 

reduces the rehabihty of standardization and standardized measurements. The manufacturer, 

on the other hand, would benefit from more objective testing. 

The idea of a reference group of representatives from research, skilled and standardized testing 

personnel, system manufacturers and end-users was good at least while the test system was 

being developed and would most probably be the solution to problems regarding the 

performance of systems that require heavy investments. 

The idea of a standardized test was buried due to the fact that these systems always are 

designed for a special purpose. Thus the individual specifications interact considerably with 

the system performance. 

11.5.2 Defect detection 

A board is defined by its features. If the features are not considered to belong to or being 

allowed to a small extent in area or numbers for a product, the features are called defects. 

mstinctively it seems as though defect detection is the most critical part of the system. 

Surprisingly, it has been shown that this not an absolute truth. Tests (Silvén et al., 1994) have 

shown a low dependence between correct grading and correct defect classification. An increase 

in defect detection probabihty from 0.7 to 1.0 increases the grading probability from 0.7 to 

0.83 at 0% false alarm frequency. The same observations are made, but not quantified, in the 

project. It is an indication of the fact that board quality is not a direct function of the number of 

defects. This is also seen in grading mles. The important thing is to detect features with major 

impact on surface quahty mles, i.e. features that are large and easily visible to the human eye. 

For a grey-scale based system this is sometimes an easy task, i.e. large black knots and major 

shakes, and sometime almost impossible, i.e. light rot, low-contrast sound knots and 

compression wood. 

To evaluate defect detection, some kind of comparison between the classified defect 

parameters and the tme defect parameters (facit) must be done. Parameters can be size, 

relations between dimensions, position and type. Once again we are back to the need for an 

exact language. Furthermore, we need two index lists, one from the machine and one for the 

facit, each printed in a form that is interpretable for a computer. 
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Example: Does the class "dry knot" contain only dry knot or are other knot types within the 

class? This complication often occurs due to a mix between true feature classes, i.e. between 

biological classification and local quahty language. And sometimes one class overlaps another 

such as rot in a dry knot. I f the knot is positioned correctly in x-direction but differs in y, is it 

the same knot or how should it be handled? When these definition problems have been more 

or less solved, the evaluation process can start. 

With so many features used for describing the objects, testing for performance becomes quite 

delicate. I f one does not allow fuzzy thresholds on the parameters tested, the probabihty for a 

satisfying evaluation of a tme positive classification is rather low. 

What is a true positive classification? An example wil l clarify this. A contingency table 

can be shown for an easy classification situation with two possible outputs for both the system 

output and the true facit, (Table 11.5.2.1). 

Table 11.52.1 Contingency table 

Status Facit pos. Facit neg. 

System pos. T P (true pos.) F P (false pos.) 

System neg. F N (false neg.) T N (true neg.) 

To evaluate a system's performance, two ratios can be calculated and plotted against each other 

in an Relative Operating Characteristics (ROC) curve (Eberhart et al., 1990). The first ratio, 

called the tme positive ratio or sensitivity, is TP/(TP+FN) and the second is FP/(FP+TN), the 

false positive ratio. By testing the equipment with various settings, e.g. thresholds, the ROC 

curve can be obtained. By looking at the shape of the ROC curve, the system could be 

analysed in different aspects such as sensitivity to threshold settings. There are other ROC-

related measures that can be used for system evaluation. By "cutting" the data in different way, 

other ratios from the contingency table appear. What metric to choose is a matter of 

application, i.e. what are the critical decisions for the overall performance? 
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In the evaluation project (Lycken et al., 1994) we chose two ratios, sensitivity (TP/(TP+FN)) 

and wrong classification risk (FP/(TP+FP)) as key figures for performance in defect 

detection. A system setup for quahty sorting based on knot features, when tested for some 

other features, can have a result as seen in Figure 11.5.2.1, i.e. good performance when 

finding knots, but poor performance for other features. 
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Figure 11.5.2.1 The correspondence between sensitivity and wrong classification risk for an 

automatic sorting system calibrated for finding knots. S K not is sound knot 

and BKnot is black knot. 

Repeatability 

One of the most reliable test methods is the repeatability of defect detection. Unfortunately, 

that is not to say that it is a perfect method for evaluation of the system. When testing, one or 

several boards are fed five times through the system and defects are listed and are preferably 

plotted side by side (Figure 11.5.2.2). The first step is to compare whether defects are found 

at approximately the same position. One way of doing it is found in Lycken et al., 1994, 

where methods are demonstrated that can be used to test both the ability to find defects on the 

same position and the ability to classify their stams. 

Example: To find out a comparable index for repeatability the foUowing method is used. An 

index is calculated (Equation. 11.1) that compares how many times a defect, detected on some 

board mns (Figure 11.5.2.2), has been judged the same (within some limits). The judgement 
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could be the position or the classification. Using the equations 11.1 and 11.2, the table 

11.5.2.2 can be obtained showing the repeatabihty for every defect and overall for the system. 

Notice that we avoided one problem by letting the first board run contain all detected defects. 

Otherwise all boards must be checked for defects to give a complete list of defects (false or 

true detected). 

Figure 11.5.2.2 Example of how a system has identified the same board in 5 repetitive runs . 
1 m 

* f l =-*2X ( I L D 

* * = T ^ £ i < v i o ° w h e n Kj={od*=d,inj*k} (11.2) 

Where overall defect detection repeatabihty 

x* repeatabihty for one defect 

s the defect given 

d detected defect, position or type 

j run number 

k run number 
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/ defect number 

m number of defects 

n number of runs 

Table 11.5.2.2 Defect position detection for run number 1 to 5, the Rdl for each defect found 

and the overall repeatability, RD,for the system (example data). 

Defect 
no. 

Run 1 Run 2 Run 3 Run 4 Run 5 Rd,noo 

1 1 1 1 1 1 (4+4+4+4+4)/20 100 

2 1 1 1 - 1 (3+3+3+0+3)/20 60 

3 1 - 1 1 1 (3+0+3+3+3)/20 60 

4 1 - - 1 1 (2+l+l+2+2)/20 40 

5 1 - - 1 (l+2+2+2+l)/20 40 

6 1 1 1 1 1 (4+4+4+4+4)/20 100 

7 1 1 - - (l+l+2+2+2)/20 40 

8 1 1 1 1 1 (4+4+4+4+4)/20 100 

9 1 1 - 1 - (2+2+l+2+l)/20 40 

64.45 

11.5.3 Quality prediction 

The quahty of a log, plank, board, veneer or component is a function of its quality defining or 

moulding features and an observer. Wood, and especially wood used in a visible position can 

be graded quite differently, due to its final use, fashion (Broman, 1995) or the grader's 

orientation towards a particular type of finished product (Grönlund, 1992). 

In cases when quality is only a matter of clear definitions, the quality prediction evaluation is 

an easy task. Clear definitions mean that the amount of defects, their size and position are 

controlled by easily interpretable mles. These rules, often found in wood component quality 

definitions, are then implemented in the system by straightforward mathematics. The testing 

will then be reduced to testing the correctness of these implemented rules if the defect detection 

sensitivity and the repeatability are high, at least for the strong, in a quahty defining sense, 

defect features. If, on the other hand, the mles are learned from human beings by a learning 
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system, the evaluation is much more comphcated, and one is back to the problem with noise 

and error in the facit as discussed in earlier chapters. The problem is that there are different 

unknown, often latent variables (Martens et al., 1989b) that set the thresholds for quahty. 

Even i f one knows the variables, i.e. as principal components, it is not an easy task to measure 

them on a board. Even in the least comphcated case the manual or the semimanual measuring 

operation is time-consuming and sets high demands on time, space and good measuring 

devices. It is hardly an on-hne operation. 

To evaluate the optimization process in the system many components must be known — the 

input raw material, the input mles in form of the desired quahty volumes and dimensions, the 

price hst for the output, the time allowed and the optimal output as well as the hmits that are set 

by the production system. Of those, the input mles, the price list and output decisions are easy 

enough to acquire. The hard numbers to get and evaluate are those connected to the "optimal" 

decision, whether it is the decision for one single board or for a set of boards. To create the 

facit a usual procedure is to do a manual optimization with all available help, even the system 

output. The problem is that the operator, usually without training in optimization theory, has 

limited ability to make a more complex (i.e. more than 3 parameters) optimization and to 

preserve given mles. Rules of thumb are often used and are necessary in manual optimization 

on-line. 

When optimizing cutting and trimming for higher value in sawmill grading, this evaluation 

method is still useful. As a result, the comparison between the facit and the system optimum is 

shown as AV, value exchange (Lycken et al., 1994). This number is expressed in the 

optimization key numbers as value or points. This number does not give the whole truth of the 

behaviour of the system. Overvalues, V0 and value loss, V{, must be considered. V0 is 

obtained when the system has given a board a value higher than the maximal value. Vl is 

obtained when the system has given a board a value lower than the maximal value. 

11.5.4 Optimal decision 

n 

^V = ^ ( V A k - V F k ) (11.3) 

n 

Vo = I<(vM-vFky,vA >vf (11.4) 

n 

(11.5) 
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Where: V Ak is optimal value from system 

V, Fk manual value from facit 

n number of boards evaluated 

A test where AV, V0 and Vf equal zero indicates a perfect machine, i.e. the mles implemented 

and the defect detection are exactly the same as the for the human operator(s). It is important to 

observe that a mean value such as AV can be zero and can indicate a good behaviour although 

the individual optima differ a lot and thus give high values in V0 and V f , indicating 

randomization in optimization decisions. This is probably the worst case of behaviour and 

could be a result of bad defect detection or bad optimization software. When one of the values 

V0 and Vf is high, bad calibration is indicated, a probably less troublesome adjustment to 

make. The same method can be used when evaluating human graders, and it would probably 

be wise to do so before buying automatic wood inspection equipment 

The abihty to optimize complex and dynamic rules is one of the most important potentials for 

automatic grading and optimization systems. In a crosscut saw, for example, information 

about every defect can be taken into account and the automated system can handle a greater 

variety of product combinations simultaneously (Åstrand et al., 1993). But how to evaluate 

without using the same algorithms or comparable ones that need a lot of mathematical 

knowledge? The answer has not yet been given, but a fundamental method is to preoptimize a 

number of boards/planks and then let the system fulf i l l its task, collect the obtained pieces, 

both products and waste, mark them, put them together and then compare and discuss the 

result. Differences obtained could then be agreed or disagreed upon, and the result would be a 

quahtative judgement of the performance. 
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Summary of results and discussion 

Wood features, normally used for wood surface inspection and visual grading, can be 

characterized by their appearance in the multivariate space set up by indirect measurements of 

the spectral behaviour, the stmcture and the density variations. The spectral measurements, 

here addressed as VIS and in some cases Near Infrared (NIR) measurements, reveal the colour 

of the surface. The tests indicate a monotone colour for wood in general, and especially within 

each species the population can be represented by a one-dimensional "cigar" in the colour 

space, thus indicating one-dimensional thresholding as a classification strategy. Variations 

from the cigar shape are predominantly caused by external influence such as biological 

deterioration, weathering, stain or hght reflections direct from the surface. These variations 

need a more multivariate cahbration/classification strategy to be characterized pixelwise by 

their feature vectors. 

The spectral (in a wide sense) feature vector cannot distinguish between all surface features, 

and a combination with features indicating spatial appearance (shape measurements, first- and 

second-order statistics etc.) wil l improve the classification for surface features appearing as 

objects that can be segmented. The segmentation can be performed in any of the spectral 

images or in the compressed images (principal components or other transformations). 
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Classification tests performed on knots in grey-scale represented CT-density images and 

supplemental tests on grey-scale represented surfaces show that morphological features for 

knots and other wood features can be modelled by primitives obtained by PLS or neural net 

classifiers. 

The problems that occur are mostly due to the poor resolution of the images used compared to 

the resolution of the material itself. In an apphcation of real-time classification (in laboratory or 

industrial applications) the resolution must be kept down either by the amount and size of test 

objects from the class population (SEM or high resolution microscopy images) or by using 

mean values of the surface components, i.e. low image resolution compared to size of wood 

cells. This induces many pixels that are sensed as a mixture between different classes in some 

sense and thus "blur up" the class clusters. 

Sensor fusion of different sensors can, if proper spatial matching can be performed, increase 

the precision of the obtained models. The sensors tested besides the PGP VIS/NIR concept 

have several drawbacks. Interference filters (used in research applications) need paraUel 

sensing or a high quahty transport system to achieve high spatial movement repetitions to get 

spatial identity to the pixels from each filter. X-ray and u-wave sensors give an integrated 

image of the sensed area depth, exposing objects that are not visible to the hght-sensing 

sensors; thus these features must be treated separately or excluded. The u-wave sensors used 

have a low resolution compared to the others and fusing them to others involves interpolations 

inducing an uncertainty that degrades the prediction-modeUing results. 

Variations in feature classes within the two softwood species tested are shown to be small 

compared to other features, thus they can be treated as noise. Larger variations due to external 

parameters can often be cahbrated for either by their appearance in the principal component 

transformed object space or by preprocessing methods. The two softwood species investigated 

are similar in their clear wood colour appearance, thus minor changes due to heartwood 

differences and knot appearance as seen in models imphes separate modelling for each species. 
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12.1 Characterization of softwood surface 

features 

Significant models, based on indirect sensing of absorption/reflection of electromagnetic 

waves and/or spatial behaviour, are obtained for the following wood surface features for the 

two softwood species Scots pine (Pinus silvestris) and Norway spruce (Picea abies). Models 

are usually obtained for dried (8% MC) clean, sanded surfaces, but the effects of rough 

surfaces, ageing and moisture content variations on the models are tested for some basic 

features. 

Clear wood as an overall feature or separated into two classes, early (spring) wood and late 

(summer) wood. Models can be obtained, by modelhng in the colour space or by using 

attenuation images from microwave and X-ray sensors combined with VIS images. 

(Chapters: 8.1; 8.2; 8.3; 8.4; 8.5) 

Knots in various stages of the biological life cycle function (Hagman et al., 1995), addressed 

as sound knots, dead knots, bark ringed knots etc., or sometimes as light knots, brown knots 

and black knots. Models can be obtained by modelhng the spatial morphology in density-

variation based images from a CT-scanner, by modelling in the colour space, or by using 

attenuation images from microwave and X-ray sensors combined with VIS images. 

(Chapters: 8.1; 8.2; 8.3) 

Decay caused by Brown-rot, White-rot or Soft -rot fungi can be classified in terms of 

nonsound wood. Models can be obtained by modelling in the colour space or by using 

attenuation images from microwave and X-ray sensors combined with VIS-images. In cases 

where the cell walls are damaged and the longitudinal hght transmission is therefore reduced, 

tracheid effect sensors are effective. Positive classification of verified fungus species attack is 

done in one case, but the various degrees of degradation and fungus species have not been 

modeUed. Models can be obtained by modeUing in the colour space, or by using attenuation 

images from microwave and X-ray sensors combined with VIS images. In cases where the 

ceU waUs are damaged and the longimdinal hght conduction of the ceUs is reduced, tracheid 

effect sensors (Åstrand et al., 1995) improve the models. The complexity of having rot species 

adapted models is indicated by the existence of at least 16 white-rot, 10 brown-rot and 9 soft-

rot fungus species (Fengel et al., 1984b), each of them appearing in various stages of wood 

degradation. (Chapter 8.1.1) 
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Blue and other colour stain models can be obtained by modelling in the RGB or 

multispectral colour space. There are at least 3 different fungus species that cause blue stain, 

and they can sometimes produce grey stain on wood surfaces (Fengel et al., 1984b). 

(Chapter 8.4.1) 

Pitch wood, pitch pockets and pitch stain models can be obtained by modelling in the 

colour space or by using attenuation images from microwave and X-ray sensors combined 

with VIS images. Pitch pockets are also visible in CT images showing the transverse plane or 

in other geometrical transformation planes as low density features (air in the pocket) or high 

density features (pitch in the pocket) combined with their special (constant radius) geometrical 

shape. (Chapters 8.2.2; 8.5) 

Compression wood, defined as grade I and Y (Timell, 1986), models can be obtained by 

modelling in the colour space or by using attenuation images from microwave and X-ray 

sensors combined with VIS images. The deep blue spectmm (420-450 nm) is especiaUy 

important when modelhng and predicting compression wood. Another important improvement 

can be obtained by combining VIS sensors, a specular-reflectance measuring sensor and a 

tracheid effect sensor. (Chapters 8.1.2; 8.2.2; 8.3; 10.1.2) 

Bark models can be obtained by modelhng in the colour space. There are no general models 

for soft wood bark, thus both species have to be classified in at least 3 different classes, one of 

them (weathered and aged bark) is equal in appearance for both species. (Chapter 8.6) 

12.1.1 Morphological features 

Density images of knots. 

Classification tests performed on knots in grey-scale represented CT-density images (Hagman 

et al., 1995) and supplemental tests on grey-scale represented surfaces (Chapter 11) show that 

morphological features for knots and other wood features can be modelled by primitives 

obtained by PLS or back-propagation neural net classifiers. Typical results obtained when 

separating and classifying knots and knot types in grey-scale images are 90% correct 

classification when using two-dimensional representation (Hagman et al., 1995). Prediction of 

geometrical position and knot type for two different simplified knot primitives in a one-

dimensional image is also possible by using a trained neural network (Hagman, 1993b). 
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Light reflection images. 

The same strategy was demonstrated on a grey-scale represented surface image. The sample is 

a Spruce surface, flat, sap side, including knots and pitch pockets. The training set is 

artificially designed using six lines representing three selected knots from the test set and three 

pitch pockets positioned at five different locations along the pixel line transverse to the fibre 

direction. The training set is modelled by PLS and the output is a decision, classifying a hne 

as clear wood or including a knot or pitch pocket and the position of the classified feature. No 

scaling or invariance methods are used. 

The result of the model apphed on the testing set, i.e. the rest of the surface was 61% correctly 

classified as knots with a position mean error of 20 pixels and a standard deviation of 16 

pixels. The pitch pockets could not be modelled by this training design due to the higher 

spatial frequency of these objects. Pitch pockets with positions that matched the training set 

positions were correctly classified (Chapter 9.2). 

12.1.2 Biological features 

Knots 

A knot is a part of the stem with different properties from the stem. It is an object defined for 

softwoods as starting at the pith at a certain height in the stem, containing fibres oriented along 

a more or less straight line distinctly separated from the normal orientation of fibres in the 

stem. The knot is at the beginning a copy of the part of the stem with same age at that height, 

this copy thus being somewhat distorted by external influences such as wind, snow, other 

branches and neighbouring trees. 

A sound knot is defined as a part of a live branch within the stem of the living tree. As the 

branch dies, the knot appearance changes and the knot fibres are separated from the stem 

fibres. The appearance is transformed by biological degradation, dimensional changes and 

properties of the branch, i.e. bark, tar etc. When setting up grading rules for lumber or wood 

components a macro language is used to try to define the various stages of the knot in respect 

to the cutting plane exposure of the three-dimensional knot object. Hence an attempt to define 

rules based on features appearing in the object area. A straight knot cut through the pith within 

the stem exposes many or all of the features mentioned above and is at least a two-dimensional 

object, yet it has to be defined by a single name. 
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When scanning for knots, the following properties must be handled by incorporating them into 

the model, by calibration procedures or ignored after a proper error analysis indicating small 

influence on the model: 

• fibre angle, affected by the knot itself and the distortion around the knot 

• annual ring pattern, i.e. early and late wood 

• moisture content differing from the sound wood 

• density, equal in green sap wood, higher than the sound wood in heartwood and in dried 

lumber 

• compression wood 

• rot in various stages affecting the interior or the exterior of the knot 

• shakes, interior in the dried sound knot, ring shaped outside the perimeter of the knot 

• bark inclusions between knot and sound wood 

• pitch stain in dried lumber 

• heat-caused stain in high-temperature dried lumber. 

These properties scanned with proper devices all generate feature vectors that give more or less 

separable clusters in the feature space. These clusters can be separated on a single-pixel basis 

by means of prediction modelhng and classification. Both single feature models, i.e. 

compression wood, rot, bark and lightness-defined surfaces within the knot, and more general 

knot features, i.e. sound knot, dead knot etc., are obtained. The modelling is described in 

Chapter 8. The design of the training set is essential, thus the nature of the classes and their 

spectral diversity affect the importance of the variable. A single feature modeUed together with 

sound wood alone would not have the same modelhng coefficients as if it had been modeUed 

with others at the same time. 

It is also very important to state that the models obtained in this thesis only give a 

qualitative guide for models obtained by other equipment due to the fact that the 

obtained spectra are influenced by: 

• iUumination spectrum 

• cahbration of lenses 

• spectral aberration 

• interference phenomena 
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• spectral sensor sensitivity 

• sensor and iUumination angles 

• the resolution and width of the variable spectmm 

• other parameters not included in the experimental design or error calculation. 

This, on the other hand, is not a severe problem when the design of the training set is good 

and the same equipment is used for tjaining and implementation. 

Compression wood 

In this paragraph we shaU discuss some causal explanations interacting to obtain a successful 

classification of compression wood. The contrast giving mechanisms are: 

• Opacity; compression wood is opaque to transmitted light, whereas normal early wood and 

late wood are equally translucent. One explanation might be the helical cavities in the 

secondary wall. 

• Lignin; compression wood has a high lignin content, giving a possible colour difference. In 

severe compression wood the lignin content is so high that there is a moderate difference 

between the SI and the S2 layers (TimeU, 1986) this might influence the mean colour of the 

fibre. 

• Fibril angle. 

• Density. 

• Tracheid effect. 

Clear wood and remaining common wood features 

Clear wood is often discriminated from other features by a difference in the blue spectrum 

420-460 nm. In fact, in most models the wavelength around 430 nm seems to have a high 

variable importance (Table 12.1.2.1). Note that the variables pointed out are just observed 

indications of important variables, thus they can be expeUed by others in other training sets. 
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Table 12.1.2.1 Important VIS-variables for prediction of biological features. 

Feature Model 
Significant 

model 
Most important 

variable 
Illumination Reference 

Knots sound knot 

black ringed 
knot 

rotten knot 

430-470 nm 

shadow 
red-blue 

560, 630 nm 

400,440,580, 680 
nm 

VIS (halogen), 
(plasma) 

laser halogen 

halogen 

halogen 

Ch. 8.1, 8.2 

Ch. 8.1.2 
Ch. 8.1.1 

Ch. 8.1.2 

Ch. 8.2.3 

Sound wood 420,570,700 nm 
430,460,700 nm 

VIS (halogen) 
halogen 

Ch. 8.1.1 
Ch. 8.2.3 

Bark: Spruce 
Pine 

410-440, 650-720 
480-720 nm 

Ch. 8.6 
Ch. 8.6 

Pith 410-440, 560-600, 
650-720 nm 

not reported 

Early wood 430,620,690 nm VIS (halogen) not reported 

Late wood 420-450, 650-700 
nm 

VIS (halogen) not reported 

Pitch pitch after 
drying 

440,510, 600, 700 
nm VIS (plasma) not reported 

Compression 
wood 

430 nm Ch. 8.3 

Decay 430,570,700 nm Ch. 8.1 

Blue stain Red-Blue VIS +laser Ch. 8.4 
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12.1 Character i sa t ion of features 

12.1.3 Externally caused features 

Artificial drying effects 

T. Morén, L. Antti and P. Wiberg in Hagman, 1996, report significant colour changes 

(measured in L, C, h-values) between green lumber and artificially dried lumber surfaces. 

Significant differences have also been observed between different drying methods, i.e. 

conventional soft wood low-temperature drying, softwood high-temperature drying 

(Sehlstedt-Persson, 1995) and p;-wave drying of hardwoods (L. Antti in Hagman, 1996). The 

colour changes are not homogeneous but increase towards the last milhmetres of depth from 

the surface. 

12.2 Characterisation of wood surface quality 

features 

No new algorithms have been tested other than those that are suggested by researchers 

(Åstrand, 1996) or are in commercial use (Anon., 1991a). Because the algorithms are straight

forward decision rules their performance is entirely based on their precision in defect 

recognition, especially the recognition of the major quality defining defects. They are not 

further evaluated. 

Soft modelhng tools have not yet been tested due to the lack of real-time based equipment for 

testing the defect recognition algorithms reported in this and the previous chapters. Thus the 

test set is too small to allow conclusions to be drawn. 
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12.3 Error estimation 

To make a proper estimation of the error in the output of the prediction models or the feature 

classification the following principal error sources have to be considered and measured, 

modeUed or estimated: 

• noise in the sensor (random or within pixel variation) 

• noise in optics (imperfection or physical Umitations) 

• noise in mumination (random or time dependent) 

• noise due to known or unknown chemical physical or structural interaction, light-wood 

surface 

• noise due to resolution-caused effects or border effects 

• noise due to bad algorithms or poor training 

• noise due to the human being involved. 

The sources are described in more detail in Chapter 4.6. Estimations have been made for many 

of these but not for all due to lack of statistics or time. The effect of the integrated error for the 

individual pixel is not likely to be a serious problem i f proper design and cahbration are used 

due to the fact that each object to be detected is covered by many pixels. If the objects to be 

classified are only covered by a few pixels, then careful calibrations must be done. In Table 

12.3.1 and Table 12.3.2 a short summary is given of the measurements, calculations and 

given component specifications that can be a basis for system-error calculations as being a 

function of the statements above. 
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12.3 E r r o r estimation 

Table 12.3.1 Error estimations 

Error source Based on Statistics 
error approximations 

Comment 

S.dev Min Max 

Dark current Measurement 1.0 0 2 Dalsa camera 1 Cl 3 70 p:s 
Measurement 0.25 0 2 Dalsa camera 2 Cl 3 70 |J,s 
Measurement 2.6 60 74 Dalsa camera 1 Cl 3 10 s 
Measurement 1.9 67 81 Dalsa camera 2 Cl 3 10 s 

Temperature 
variations 
dT=+10° 

Measurement 3.5 72 92 Dalsa camera 1 Cl 3 10 s 
Dark current doubling for 
every 6° increase (Casdeman, 
1996) 

Readout noise Constant, major noise source 
at short exposure and low 
hght 

Photon noise ^]photoelectron+ electron 
Chapter 4.6 

Photoresponce 
non-uniformity 

Can be calibrated for 

Clipping and 
blooming 

Must be cahbrated 

Imperfection in 
lens system 

Measurement in 
images 

<3 
pixels 

VIS PGP 

Chromatic 
aberration 

Difference 
measurement in 

images 

<3 
pixels 

VIS PGP 

Bending of 
spectral lines 

Measurement 
in image 

2 nm VIS PGP 
Also according to given spec. 

Stray light in 
PGP 

According to 
manufacturer 

Occur if wide aperture 

Inter refl. 
between objects Unknown 

Edge effects Object size 
dependency 

Ch. 4.6.2 
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Table 12.3.2 Colour variation 

Error source Based on Variation Comment 

Surface 
roughness 

Comparison 
planed, sanded 
sawn surface on 

sound wood 

no sign difference in 
colour spectra in diffuse 

reflection 
small differences when 

specular reflection 

Broman, Holmgren in 
(Hagman, 1996) 

Moisture 
content 

Measured fresh 
sawn lumber 
T = 0 - 5 h 

dL<0.5/h 
dC<-l/h 
dh<.5/h 

Minolta CromaMeter 310 

Indoor 
exposure 

d l x l / h 
dC<l/h 
dh<.5/h 

Minolta CromaMeter 310 

Outdoor 
exposure 

Measured fresh 
sawn lumber 
T 14- 18.5 h 

dL<l/h 
dC<l/h 
dh<.5/h 

Minolta CromaMeter 310 

Environment 7 Environment dependent 

12.3.1 Illumination 

Due to the low dynamics of the camera systems used (8-bit), in practice lower (6-7-bit), the 

spectral intensity curve of the ülumination is important for the obtained contrast in prediction 

probabilities for the feature classes. The blue spectmm, identified as an important feature for 

many wood surface objects, has low intensity output for all the light sources used. Daylight 

filtering is one way of smoothing the intensity curve to reduce blooming and overflow 

problems in the high intensity/sensitivity spectra, thus reducing the overall amount of photons 

reaching the sensors. The problem is that there is a lack of even hght sources with an even 

intensity distribution over the entire VIS spectra. This is a problem in the research situation 

when trying to figure out what wavelengths have the best model/prediction power, but i f 

overcome it can be solved in final implementation by choosing a combination of hght sources. 

This has another benefit, as mentioned earlier and proved by Åstrand, 1996. fllumination 

angles are important. By using a proper strategy when choosing Hght sources, e.g. a mix of 

different wavelength lasers in the VIS spectrum apphed from different angles and combining 

them, both spectral and physical information, i.e. specular reflection, tracheid effect, grain 

angle effect etc. can be identified and used or corrected for. A problem is the high prices for 
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12.3 E r r o r est imation 

blue and green lasers, but on the other hand the market for blue lasers has increased so lower 

prices are to be anticipated. 

The two main light sources used, Tungsten halogen and p.-wave plasma, have a somewhat 

different intensity curve with a relatively lower intensity in the blue region for the plasma bulb. 

In comparative tests (modelling the same features on the same board) some small differences 

were observed in the modelling behaviour. It seems as though the plasma iUumination gives 

less useful information. The results, are not verified yet, and conclusions cannot be drawn 

due to the fact that several factors differed in the experimental setup. To fully compare the two 

sources the following parameters must be alike: 

• the hght distribution along the scanned line 

• time dependency 

• camera and Ulumination angles. 

This was not done in the first comparisons. 

Angles and illumination focusing 

A major problem in this spectroscopic approach is the amount of light avaüable in the low 

sensitivity spectral bands, thus making focusing of the light attractive. A focused hght source 

is weU-defined and would be preferable to utilizing the dichromatic behaviour of the surface 

reflections. When doing so two main problems occur: 

• A high sensitivity to dimensional changes due to board dimension variation, movement due 

to transportation . This is a major problem when the board is transported transversely as in 

most sawmiUs due to vibrations and dimensional variations of the board. 
• An increase in specular reflection variations due to varying grain direction. 

I f the light is not focused during the use of standard hght sources, the high effect emitted as 

heat must be taken care of. The |>wave light source tested is interesting in that aspect, 

considering the low heat to visible radiation ratio. The problem is the unevenness of the 

distribution of hght, although this is low for this source. A 30% linear variation between ends 

of a 3 m hght distribution tabe is claimed and tamed out to be a 30% reduction after 2.5 m. 

For longitudinal scanning (width <0.3m) an even distribution of light is obtained. Due to the 

variations occurring it is assumed that shading operations must be done, accessed as adaptive 

hard- or software cahbration for each spatial pixel row. These calibrations can be a roUing 
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mean value or a more sophisticated cahbration, e.g. MSC, to compensate for both 

multiplicative and additive effects. 

12.3.2 Time-dependent variation of the material 

It seems as though time-dependent variations in colour are small compared to the natural 

variation of wood in and between species. The variation occurring are mainly due to controlled 

human actions and mainly influence the lightness of the surface. The main contributors are 

tight, moisture and drying conditions. This can be verified in the changes reported in Chapter 

10. 
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Chapter 13 

Conclusions and future work 

This thesis is a summary of my research based on multivariate modelling utilizing principal 

components analysis to predict the quahty of wood in many aspects. The work started in the 

late 1980's and has covered many aspects of wood quahty, from the prediction of the centre 

yield of logs based on two-dimensional scanning, modelling of inner knot stmcture of logs in 

three-dimensional CT-image stacks, to slowly increased spectral resolution and bandwidth of 

the surface multisensor. A multisensor approach was tested by combining physical and 

chemical property measurements using different image-based sensors. The previous work 

done concerning log modelling and initial MIA modelling of wood surface feamres was 

presented in my Licentiate Thesis (Appendix A) and has resulted in models that have been in 

commercial use for 5 years. The work from 1993 to 1996 is concluded here. 

I claim that the initial hypotheses 1- 8 are discussed and tested in an iterative scientific learning 

process involving: hypothesis (Chapter 1); deduction (Chapters 2-6, 14); consequences of 

hypothesis and data (Chapters 8-11); deduction (Chapter 12) and new or rephrased hypothesis 

(Chapters 7 and 13). I further claim that the initial hypothese have been proven tme in all 

important aspects by my experimental work (Hypothesis 1, 2, 4, 5, 6, 7 ), literature stady 

(Hypothesis 2, 3 and 5) and by my practical experiences from industrial installations as 

reported (Hypothesis 8). 

The goal has always been: improve the quality of the data to gain more information to test the 

hypothesis. The methods have been: 

• improve the scanning technique by means of precision in spatial and spectral resolution 

• improve the experimental design by means of feature variation concentration 
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13.1 Modelling wood surface features with 

multisensor data 

Soft modelling of wood features has been successful in using the VIS spectrum captured by 

the PGP imaging spectrometer and CCD matrix cameras. Using sensors outside the VIS 

spectmm, i.e. x-ray, u-wave, is also possible, but the total influence upon the modeUing has 

not been fully understood due to the variation of resolution and spatial identity causing 

disadvantageous noise. The restriction to VIS is not ideal for wood-feature modelling, but the 

strength of the strategy is clearly demonstrated, and this methodology can be used in other 

research areas and industrial applications. The use of physical modelling strategies, i.e. using 

dichromatic modelhng, optical anisotropy in the material and polarization combined with the 

possibility of decomposition of these effects using different spectra for different effects and by 

the MIPLS strategy, reveals strong classification possibilities. 

13.1.1 VIS and physical variations of VIS 

Limitations 

Models obtained are only valid given the limits of the experimental design and using the same 

setup and equipment specifications as used for obtaining the training data. The models 

obtained include system-specific effects and interactions. I f models are exported to other 

systems the system-specific parameters have to be identified and calibrated for. 

Today the modelling procedure is rather time-consuming in the CCD case: 

• experimental design (hours) 

• training and test set design (days) 

• scanning (minutes) 

• the image stack transformations (minutes) 

• MIA/MIPLS modeUing (hours), 

• validation (hours) 

The procedures used in this research make it a matter of a week to obtain a new model. The 

models obtained are not possible to use in real-time unless transformed to the MAPP sensor. 
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13.1 Model l ing wood surface features 

This has not yet been successful, due to the hmitations in the hardware construction within the 

MAPP chip and limitations in hght intensity necessitating coefficient optimization. 

In the proposed MAPP concept, all computer processing is faster, but the design remains the 

same because the MIA/MIPLS algorithms are not implemented in the PC/Windows platforms. 

Modelling 

The MIPLS modelling of the VIS spectrum combined with MAPP or other CCD-cameras 

makes it possible to combine spectral features (tested in more than 100 tests in this project) and 

physical features. The data, first compressed to information, then decomposed into desired 

mechanisms such as quality moulding features, chemical components, decayed material, 

moisture, time after sawing, sun exposure etc., are strong feature extractors. The models 

obtained are strong, reliable and rather insensitive to random noise or readout failures due to 

the large amount of variables being used. The simultaneous modeUing possible by using 

MIPLS makes it possible to use the prediction output as probabüities and thus to use them as 

input in further pattern classification. 

13.1.2 VIS, X-rays and j i-waves 

Limitations 

In the sensor fusion test (Chapter 8.5), the method MIA/MIPLS is used on data extracted with 

different spatial sensor resolution. Therefore the data were transformed to equal resolution and 

manually transformed to geometrical identity. Both methods induce errors and must be 

carefully smdied in further tests. Resolution problems have been discussed for |i-wave/grey-

scale sensor fusion by Portala, 1993. 

The models were not vahdated for new material and this must be done before using the 

models. The training set is obtained from material with good representativity of Scots pine in 

Sweden, and modelhng is done on minor parts of the pixels in the training set image and 

verified by prediction on the whole image. 

One or several y-variables modelled? 

ModeUing several y-variables together is time-saving and works weU with intercorrelated 

constiments. However, separate mechanisms and different nonhnear X-y relationships for 

each constituent may lead to suboptimal compromise between the different y variables. 

Otherwise, too many factors may be used, which leads to overfitting (Hagman, 1993) i f the 
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data are noisy. The change in coefficients for the model for sound wood when changing wood 

features in simultaneous modelhng indicates the need for good design (in terms of relevant and 

required prediction features) when training for a final prediction algorithm. Training the 

prediction models separately gives a strong indication of the importance of each of the x-

variables used. 

Sensor fusion aspects 

The resulting prediction images obtained in this test can be used for direct segmentation and 

classification of wood features based on single pixels. By using the resulting y-prediction 

feature vector as input in a decision system the precision of the system may increase. 

Using spatial information for feature classification is also a way of increasing the desired 

information for the final decision. The adaptation of sensor fusion architecture (Sims et al., 

1992) analyzed with MIA for wood purposes is an interesting research field. 

Models 

The models for prediction models for wood features log blue, visible knots, pitch wood, 

interlocked grain, and sound wood are useful for classification. The models for compression 

wood, decay and checks are more unstable and the predictions are not highly correlated to the 

training surfaces. This could be the result of lack of colour information in the feature combined 

with variations within the crosscut. For checks, a lack of precision when building the training 

set is severe because of the small dimensions of that feature. The model for sound wood varies 

in different modeUing apphcations, although the variables u-wave attenuation and 680 nm 

were stable in model appearance. Giving the models a causal explanation is not easy due to the 

complexity in modelhng structure, aUowing nontinearity and intercorrelations among X-

variables. In general, variable coefficients with small values are of little importance for the 

model and can be left out, thus needing a new traimng to obtain new coefficients. 

13.1.3 VIS and spatial data 

The combination of both spectral and spatial data reveals not only spectral fingerprints of the 

pixel but also includes spatial fingerprints of the object of which the pixel is a sensed part. In 

Chapter 6.2.4 the principal methodology is demonstrated using spatial features resolving the 

prolongation of the object in two directions. Of course, the number of possibüities for feature 

extractors applicable is enormous, i.e. all filters reported in digital image analysis and the 

signal processing field, but of course the computational complexity sets the limits. 
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The other way to combine the spectrally segmented pixels with the spatial appearance is to use 

conventional region-segmentation techniques on the classified pixels and in that way obtain 

surface objects that can be classified by means of spatial features, such as shape, ratios, and 

orientation. 

13.2 Conclusion 

To summarise the thesis, the claimed contributions to the field are the following: 

• The use of experimental design for wood surface object concentration on the test boards as 

a practical data compression method to reduce the amount of scanning needed. The 

designed variation is required to determine the variable space needed to get a proper 

description of the classes. Classes are used for describing the quality grade of a piece of 

softwood lumber. 

• The introduction of PLS and MIPLS as soft modelhng tools for cahbration and prediction 

modelhng of wood features. 

• The evaluation of the imaging spectrograph/MIPLS concept to model the spectral behaviour 

of the interaction between visible hght, the wood surface and the sensor. 

• The integration of a multisensor, i.e. a combination of sensors such as X-rays, u-waves 

and CCDs, and how to insert the obtained data into a linear or non linear model utilizing 

sufficient information from each sensor. 

• The recognition of usefull information in softwood scanning utihzing electromagnetic-

wave-interaction-based sensor-data revealing the latent variables and their variations with 

respect to quality grading. 

• The power of a multivariate concept (PLS, MIA and MIPLS) to determine latent variables 

in low and high resoluted measurements of wood is identified. It is shown that models 

based on these compressed data can be used for prediction of objects appearing on the 

surface of lumber. 

• The decomposition into latent variables also makes it possible to separate unwanted 

mechamsms that occur from the mechanisms caused by physical, chemical or optical 

features in the wood surface, thus making spectral classification possible. These external 

effects can be due to external influences such as moisture variations, drying, hght exposure 

or angular effects. 

• Latent variables based on principal component compression can be found for complex 

scenes that often are based on the dominating relationships in the measured (X) data or by 
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correlation between X and dependent (Y) variables. These latent variables can be studied 

and give causal insight into complex mechanisms such as the interaction between hght and 

wood surfaces, i.e. tracheid effects, dichromatic modelling etc. 

• The necessity of decomposition of the data into information and noise before modelling is 

demonstrated. 

• The possibihty of compressing the colour of sound, diffuse-reflected wood surfaces into a 

two-dimensional plane is demonstrated, thus indicating a better performance for RGB 

cameras than monochrome cameras to identify wood variations. 

The benefit of using multispectral data for identifying other defects than sound-wood 

variations compared to monochrome or RGB data is demonstrated. Proof can be found in 

the models sometimes expressing steep gradients and differences in narrow spectral bands. 

• The importance of the human being in the real world wood inspection processes is 

identified and discussed. 

13.3 Remaining questions 

• How many classes can we handle at the same time in the MAPP-concept? 

• Does the new version of the MAPP camera give sufficient precision and algorithm 

resolution? 

• Does the UY-spectrum contain more, relevant information? 

• How far can we compress the spectral information using a small set of distinct spectral 

features combined with physical property sensors? 

13.4 Future work 

13.4.1 Applications 

Implementation of the algorithms in industrial application 

The strategies and algorithms obtained should be tested in on-line scanning in a research miheu 

or as new industrial apphcations in co-operation with a small company specialized in smart 

sensor utilization. 
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13.4 Future work 

A compression wood scanner 

A compression wood scanner should be tested in a research application combining 

compression wood detection and shape deformation measurement 

A pitch pocket scanner combining X-ray and fL-wave sensors 

utilizing three-dimensional modelling of objects 

A project is planned where our main interest is the three-dimensional scanning of pitch pockets 

within Norway spruce. 

13.4.2 Theoretical approach 

The objective of the ongoing project is to investigate and describe the relationship between 

wood features, often represented by surface objects on boards, and their interaction with 

reflected/transmitted or absorbed electromagnetic waves. The idea is to find models for the 

interaction by using an imaging spectrometer, multivariate image analysis (MIA) and 

multivariate image projections to latent structures (MIPLS). The model developed should 

describe the line-scanning situation with hght source, macro- and microscopic orientation of 

the anisotropic object wood features and reflected light into the sensor. Scattering effects, 

absorption and transmission should be included or corrected for in the model or in the error 

analysis. 

Multidimensional data 

The use of more than one scanner or a multisensor or new reconstruction algorithms imphes 

the possibihty of high-order data. How to handle and decompose it to valuable feamres for 

wood inspection? What are the possibilities of Tensor formalism or high-order statistics for 

decomposing the three-dimensional data obtained using the imaging spectrometer? Could it be 

done in other ways than done today by the basically one-dimensional MIA/MIPLS 

decomposition? 

The problem is how to describe or classify an object in the three- or maybe four-, five-

dimensional space defined by three spatial dimensions, and at least one spectral or other 

dimension. What would the co- (or multi-) variance or co-occurrence hypercubes look like ? 

And are they sufficient for our problem? 

A description of a multiway array is appropriate here by way of a hypothetical example not far 

from the work in this thesis: Considering a multisensor consisting of a computer tomograph 

and an MRI-tomograph in combination with varying pulse parameters giving equal spatial 
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pixels or voxels i f the object is moving and time is considered as two dimensions, one, as the 

movement of the object in one spatial direction and two, as a time dependent mechanism 

within the object. The number of variables (and thus dimensions) can be increased by among 

other things changes in the pulse parameter combinations for the MRI and by taking several 

measurements at each position in the objects direction of movement. This would give 

approximately time-parallell measurements, at least i f the studied process is slow compared to 

the overall scanning time. 

Consider a log placed in the scanner and scanned repeated at different longitudinal positions 

during a longer period of time while the log is drying. The result of these measurements could 

be interpreted as at least a five-dimensional matrix. If a proper analysis of the data set 

(although far beyond the scope of this thesis) could be performed a lot of information would 

be extracted and the causal knowledge of the drying behaviour would probably increase. 
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Chapter 14 

Related fields 

14.1 Remote sensing 

The first article seen in the field of Multivariate image analysis was "Strategy of Multivariate 

Image Analysis (MIA)" by Esbensen et al., 1991, introducing MIA as a tool for unsupervised 

classification and exploratory data analysis. A LANDSAT remotely sensed multivariate image 

was the example of apphcable image data used as an illustration of the analysis strategy. It was 

stated " We trust that our readers will willingly relate this work to their own subject matter" 

and we did! Not only did we adopt the methodology and strategy. Four years later we adopted 

a remote sensing tool (Mäkisara et al., 1993), the PGP, as a research tool. 
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Remote sensing research is an important field worth observing due to the enormous amount of 

data coUected every day, creating a demand for fast and rehable data compression and 

classification techniques to retrieve information. One example of ongoing work which touches 

on the work described in this thesis is found in Schowengerdt et al., 1994. Neural networks 

were used as supervised multispectral classifiers in many previous experiments. A major 

challenge in the near future is the task of searching large remote-sensing image databases for 

patterns of interest in particular apphcations. These patterns might be spectral, spatial, 

temporal, or any combination thereof. In the example explored by Schowengerdt, a neural 

network was used to search some sample imagery for dense urban areas. A 3x3 window was 

used in each of the six nonthermal LANDSAT Thematic Mapper (TM) bands as input to the 

neural network. The example is essentiaUy a spectral problem, with the 3x3 windows 

providing a measure of texture, i.e. combining spatial and spectral information in a filtering 

operation. 

A method for semisupervised classification of sea ice using MIA was presented by Holbæk-

Hanssen et al. Synthetic Aperture Radar (SAR) images are normally classified by supervised 

classification i f in situ data are available. I f such in sita data are not present, the MIA approach 

can be used on Speckle-reduced backscatter images combined with a few texture features, i.e. 

variance, standard deviation, local standard deviation/local mean and some traditional texture 

measures based on the grey-level co-occurrence matrix. They found that an experienced 

operator could easUy recognize different ice categories (open water, new ice, one year ice and 

multiyear ice) by studying Pc score plots. A spin-off effect was that MIA will return which of 

the suite of potential texture measures actually do contribute to the structural classes. 

14.2 Colour calibration 

Quality functions for parallel selective principal component analysis 

A method of dealing with high-dimensional data vectors is to reduce the information to lower-

dimensional feature vectors. In his thesis, Österberg, 1994, points out some problems when 

using second-order statistics, i.e. based on the covariance matrix, when deahng with 

unsupervised classification. That is, there might exist a data set that appears different in a 

scatter plot but have the same second order statistics. He further states that learning can be a 

constrained optimization problem. He uses a strategy of changing the constrained to an 

unconstrained optimization by changing of the variables from Cartesian to hyperspherical polar 

coordinates. 
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By using Kurtosis in the FO (Fourth Order Filter system) and the MV (Maximum Variance 

Filter system) (Österberg, 1994) systems, separation of classes can be made for classes with 

high correlation (up to 95%) and in the case of the FO system, even i f the classes have 

identical second-order but different [fourth order statistics]. In an example of unsupervised 

classification learning, division of the colour space into filter functions corresponding to the 

primary colours red, green and blue, Österberg states that non-negative filter functions could 

be obtained. The functions are based on normalized Munsell colour (anon, 1929) spectmm 

(420 to 700 nm, 5 nm resolution). The number of filter functions is addressed by the number 

of eigenvectors that account for practically all information in the data set. Three eigenvectors 

account for 99.26% of the variance in the data set. This is a typical result for compression of 

the colour space (Ohta, 1980; Hagman, 1996) where two or three principal components are 

needed for modelhng the colour space. The result of the comparison of the FO and the MV 

systems to pure eigenvector data-compression methods is that the same reconstruction error is 

obtained for these three methods since the mean squared error is invariant under rotations of 

the eigenvectors. The results are further compared to the learned solutions using the parallel-

architecture adapted COr>MIN-algorithm (Österberg, 1994) for optimization of a quahty 

function. The quality function measures the usefulness of the extracted features. Comparing 

the optimal solutions to the learned indicates higher reconstruction error for the learned 

functions since they are somewhat nonorthogonal. 

14.3 Physical colour modelling 

Modelling the dichromatic behaviour of a dielectric material 

Klinker, 1988, proposes a colour-image segmentation algorithm based on a physical model of 

light reflection, the dichromatic model described in Chapter 3.3.3, that generates hypotheses 

relating to object colour, shading and highhghts. The theory is adapted to RGB images 

obtained by CCD colour cameras. The segmentation model starts with a rough initial estimate 

of local colour variation in local image windows as described by the principle components of 

the colour clusters in the windows. The subsequent three steps each use a generate-and-test 

approach, generating hypotheses about how to interpret local colour variation and applying 

such hypotheses to the image. The algorithm first looks for hnear colour variation, relating it 

to matte pixel areas, and then expands the matte areas into areas with planar colour variation to 

account for surface reflection of objects. Finally, it accounts for highhght pixels with camera 

induced problems such as clipping and blooming . In further steps it is shown how local or 
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global Cluster shapes are used to determine the surface and body reflection vectors. The global 

method, fitting the colour pixels to a plane, is defined by the two first principal components of 

the cluster. The skewed T-shape of the colour cluster projected down to the dichromatic plane 

is then divided into two linear sections identifying the body and surface reflection vectors. The 

image can then be divided into two spatial identical images, one showing the intensity variation 

within the body reflection pixels and one showing the intensity variation within the surface 

reflection pixels. 

Colour and polarization 

A new algorithm for the separation of specular and diffuse reflections from images is 

presented by Nayer et al., 1996, cited below. 

This algorithm builds upon previous work [of] colour and on polarization. It uses colour and 

polarization simultaneously to overcome many of the problems associated with the methods 

based on either colour or polarization. It assumes that the scene consists of dielectric objects. 

This leads to two further assumptions, 

• the dichromatic model is apphcable 

• the specular component is polarized while the diffuse component is not. 

The proposed algorithm can estimate specular components that result not only from direct 

source illumination but also interreflections between points in the scene. It is shown that by 

varying the polarization filter, the colour of the specular component can be determined 

independently for each image point. The result is a subspace in colour space in which the 

diffuse vector must lie. The subspace imposes strong constraints on the colour of the diffuse 

component of the image point. Neighbouring diffuse colours that satisfy these constraints are 

used to compute the point's diffuse colour vector. 

Since the specular colour of each image point is computed independently, the present approach 

has the following advantages over previous methods: 

• it does not assume that image highlights are pre-segmented. 

• the diffuse component is not assumed to be constant under the highhght region; highlights 

can be removed from textured surfaces. 

• the Fresnel ratio, which depends on the material properties and the angle of incidence, can 

vary within the highlights. 
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14.3 P h y s i c a l co lour modell ing 

The algorithm only requires that each image point has a few neighbours that have the 

same diffuse colour, i.e. direction in colour space but not necessarily magnimde. The highhght 

spreads over a textured region, causing its colour histogram to be rather unstructured. The 

joint use of colour and polarisation enables accurate highhght removal results obtained by 

applying the algorithm to complex scenes with multiple highlights and interreflections. The 

separation algorithm is then used to solve three problems that are fundamental to visual 

perception: 

• colour compensation 

• estimation of source direction 

• shape recovery 
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Abstract 

Wood being a biological material has an appearance that can vary within wide 

ranges. Aesthetical appearance, biological quality and strength properties of wood 

are today often classified by visual inspection done by human beings. The manual 

sorting induces a number of problems in the wood industry today. Problems that 

can be divided in two groups, 

problems for the people involved in sorting wood 

quahty problems in the production line and for end users, due to 

insufficient sorting and classification of the raw material. 

To avoid problems of the first type, automation of the manual quality inspection is 

implemented in different stages of wood manufacturing. The automatic sorting 

systems introduced in industrial applications have however not yet solved all 

problems of the second type. A way to solve problems of the second type is to use 

multivariate methods to make classification- and prediction models. 

The objective of this thesis is to investigate different approaches of multivariate 

methods based on principal component analysis for wood feature classification and 

prediction. 

Four applications of modelling quality related features from wood samples are 

presented. Paper A and B treats predictive modelling of log quality in aspect of 

sawn centre board quality. Logs scanned with a two-dimensional gamma ray 

scanner are described by a number of descriptive variables. These variables are then 

used in a linear model, derived by a multivariate prediction method (PLS), to 

predict a quahty index. 

Paper C describes a comparison between classification algorithms based on PLS and 

a back propagation neural network. Knot types expressed as grey scale density 

images derived from a CT-image stack are classified by their spatial appearance. 

The last paper describes several multivariate approaches to classify wooden 

surfaces and shows some examples in using multispectral information and 

multivariate image analysis for unsupervised classification. 
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The result is that models proposed by multivariate methods show equal or often 

better results for classification and prediction of wood features than univariate ones 

used for automatic sorting of wood. 

Keywords: Wood, log grading, multisensors, sensor fusion, quahty prediction, 

knot, classification, microwave, IR, NIR, X-ray, multivariate image analysis, 

neural network, PLS. 
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1. Introduction 

The demand from end users and quality oriented process control in secondary 

manufacturing wood industries requires a well defined and classified raw material. 

Wood being a biological material has an appearance that can vary within wide 

ranges. Aesthetical appearance, biological quality and strength properties of wood 

are today often classified by visual inspection done by human beings. This induces 

a number of problems in the wood industry today. Problems that can be divided 

into two groups: 

Problems for the people involved in sorting wood 

Quality problems in the production hne and for end users, due to 

insufficient sorting and classification of the raw material. 

To avoid problems of the first type, automation of the manual quality inspection is 

implemented in different stages of wood manufacturing. However, the automatic 

sorting systems introduced in industrial applications have not yet solved all 

problems of the second type. A way to solve problems of the second type is to use 

multivariate methods to make classification- and prediction models. 

To solve problems of type two sorters must have a better understanding for the 

sorting process. They also need feedback from their own involvement in the 

process. Standardised and simplified sorting rules could improve the quahty of the 

output. Automation is also a way of reducing output variations. Independent of 

strategy chosen to improve quality inspection, manual rules must be improved and 

explained in features that can be measured by one or more objective sensors. If the 

inspection of the material is to be automatic, robust algorithms and models for 

classification and prediction must be put forward. 

Wood, with all its biological variations is not well defined in its features. This means 

that during development of sorting algorithms, a correct facit is not available. This 

is due to "ad hoc" decisions among sorters that creates facit. Another problem is to 

cover all variations that could possibly appear. Due to bad experimental design in 

the developing process algorithms often fail when used in industrial applications 

outside the laboratory. 
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A way to handle problems described above is to use multivariate methods to make 

models for classification and/or prediction. Partial least squares modelling with 

latent variables (PLS) is a computerised multivariate tool used in chemometric 

applications (Martens et al., 1989c) and is well suited for dealing with these 

problems with numerous variables and fuzzy answers. It is an important tool for 

valuation of different variables and it handles qualitative and subjective variables. 

Most manual sorting and quality inspection are done by visual methods. This is 

quite natural because of the fact that the visual appearance of wood is one of the 

most important features in many applications. Strength properties are also highly 

correlated to visual detected features such as knots, checks and decay. Therefore, 

the initial automatic sorting methods are often based on scanning of surfaces and 

image processing techniques. 

Sometimes the information flow is too big to be handled in real time image 

analysing applications. One way of solving the problem is to use variables that 

describe mean values for the whole object or large parts of it. Thereby the amount of 

information is reduced, so that real time processing could be executed. In other 

applications models with biological or physical (causality) explanation are required. 

In that case variables are used that are recognised and approved as features for the 

material or product within the paradigm. 

Sensors for producing images could be based on different physical methods but 

are often based on waves interacting with the examined material. Techniques used 

or tested by researchers in wood inspection apphcations are: NMR, CT, IR, Radar, 

microwave, integrated visible light (grey scale or binary), colour spectrum (RGB or 

interference filters), gamma rays, X-rays, ultrasound. 

The use of a single physical property to determine wood features has 

disadvantages. Some features have low interaction with the physical property 

measured. One example is blue stain which cannot be detected by a grey scale 

system. Another example is discolouration produced by external sources that could 

cause defect artefacts if only the surface of the material is scanned. 

Multiple sensors are often used in chemometrics where object samples are 

expensive to extract, but being extracted, standardised chemical test equipment can 

produce hundreds of different variables for each object. PLS is a tool often used to 

create calibrating models from this type of "wide" data sets. 
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Neural networks and expert systems or combination of these are other possibilities 

to make models for classification or predictions. 

The use of multiple image sensors is today developed in satellite image apphcations 

where classifications, both supervised (maximum likelihood) and unsupervised 

(Multivariate Image Analysis, MIA (Esbensen et al., 1989)) are tested. The benefit is 

that these models created are more robust and insensitive to local artefacts from 

single pixel sensors than those using spatial and frequency methods based on a 

univariate image. It is also possible to extract feature classes not separable with 

single-type sensors. 

In chemometrics multivariate image regression, MIR (Esbensen et al., 1992) is 

introduced as a set of typical problem-dependent strategy for image de-composition 

guided by the nature of the Y-variable and/or training data set delineation in the 

(X,Y) image domains. 

As a result of the increase in the information quality going from mean value 

expressing variables, through univariate image analysing techniques to multi

variate image technique, the possibility for higher precision in classification and 

prediction has increased. Some implementations of these different approaches in 

wood classification are shown in tables 1.1-1.4. 

Table 1.1. Wood quality detection using descriptive variables, utilised by 

scanning systems, based on different physical quality properties 

Sensor type Log scanning/sawn References 

timber 

Laser Two-dimensional log 

scaler frame. Outer shape 

(Blomqvist & Nylinder, 

1988) 

Gamma ray Two-dimensional log 

scanner. Outer sltape & 

density variations 

(Månsson, 1991) 
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Table 1.2. Wood quality /feature detection using one- or two -dimensional scanning 

systems based on different physical properties, and a single sensor 

arrangement. 

Sensor type Log scanning/sawn References Sensor type 
timber 

Microwave (1-dim) Slope-of-grain 

Moisture content 

Density 

(Choffel et al., 1992) 

(Cottard, 1992) 

(Cottard, 1992) 

Laser (1-dim) Slope-of-grain 

Rot decay 

(Seltman, 1992) 

Ultrasound (1-dim) Rot in logs (Patton-Mallory et al., 

1989) 

Radar (1-dim) Rot in living tree (Miller et al., 1989) 

Microwave (2-dim) Moisture content 

Density 

(Choffel et al., 1992), 

(Cottard, 1992) 

Laser (2-dim) Outer shape, wane 

Surface roughness, 

(Horn, 1989) 

(Cutri et al., 1991) 

Grey scale (2-dim) Defects on surfaces (Birkeland, 1989) 

X-ray (2-dim) Density, internal defects (Portala, 1993) 
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Table 1.3. Wood quality /feature detection using multi-dimensional scanning 

systems based on different physical properties, and a single sensor 

arrangement. 

Sensor type Log scanning/sawn References 

timber 

Computer 

tomography(CT), (X-ray) 

Outer shape 

Density, knots, rot, 

compression wood 

Moisture content 

(Grundberg et al., 1989) 

(Lindgren, 1992) 

C T (NMR) Moisture content, knots (Wang et al., 1989) 

Ultrasound Outer shape, knots (Han, 1991a) 

C T (Ultrasound) Outer shape, knots (Han, 1991b) 

Table 1.4. Wood quality /feature detection using multi-dimensional scanning 

systems based on different physical quality properties and multiple sensor 

arrangements. 

Sensor type Log scanning/sawn References 

timber 

Multispectral 

inspections system. 

Filters within the visible 

spectrum and X-rays 

Knots, outer shape 

checks, rot, blue stain, 

colour defects 

(Flatman, 1989) 

Grey scale/ microwave 

two-dimensional 

scanner 

Knots, slope of grain. (Portala, 1993) 

Grey scale/laser two-

dimensional scanner 

Knots, wane, outer 

shape (on green boards) 

(Lager et al., 1993) 

RGB -scanner Knots, wane, outer 

shape blue stain, checks 

(Portala, 1993), (Labeda, 

1993) 
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Several strategies have been tested for classification of quality features and sensor 

fusion: 

Separate thresholding for one sensor. Examples: 

- thresholding in grey scale-images, 

- multilevel thresholding in grey scale-images 

Multi level thresholding in RGB-images using user defined rules is one way to 

increase the system precision. 

Feature classification using statistical classifiers for segmentation based on RGB-

images are today introduced in wood sorting systems and there are some wood 

application systems proposed based on neural networks. More advanced sensor 

fusion systems tested for wood inspection are combinations of grey scale sensors, 

colour sensors and X-rays sensors. Grey scale sensors combined with microwave-

sensors is also tested (Portala, 1993). 

Sensor fusion projects for target recognition in military applications are reported 

(Sims et al., 1992) where sensors within a wide field of different types and 

resolutions are used, combined with many different modelling approaches. Three 

levels of sensor fusion are discussed. These are: 

- Data fusion 

- Feature fusion 

- Decision fusion 

The three levels can be explained in terms of a well known vision system, the 

human being. Data fusion occurs when the eye fuses the RGB signal from a 

Television-screen into colour experience. This is often a front end operation and can 

(for spatial congruent sensors) be modelled by multi-spectral methods such as 

principal component analysis. Feature fusion is when the human uses both eyes to 

get a depth perception of the scene. This method is suitable when sensors with 

different data representation structures are combined. 

The last level decision fusion is when human combines a priori knowledge, 

information from different senses and integrates them into an intelligent and 

optimal decision. 
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For wood inspection all these three levels are or can be combined to extract a system 

for segmentation and classification. Especially going from pixel level in multi 

spectral images to defect segmentation and classification, ending in a quality 

decision for an area, needs integration and strategy for all three levels. 

A hypothetical example is a sorting system using different light settings to extract 

structural changes in depth within the surface, for example checks. The same 

information could be combined with spectral image information from other sensors 

with the same light angle setting, to extract colour based features. A X-ray sensor 

gives three-dimensional density information. The final quality decision is based on 

fusion of all sensor data fused with different probabihty functions and structures. 

Every pixel in an image matrix produced could interact with its neighbours spatial 

or spectral in different fusion levels. 

Due to the complexity of describing the rules for different sorting and classifying 

applications, self learning systems are proposed and tested in industrial 

applications (Flatman, 1989). 

The papers 

Four applications of modelling quality related features from wood samples are 

presented. Papers A and B deals with predictive modelling of log quality in aspect 

of sawn centre board quality. Logs scanned with a two-dimensional gamma ray 

scanner are described by a number of descriptive variables. These variables are then 

used in a linear model, derived by PLS analysis, to predict a quality index. Paper C 

describes a comparison between classification algorithms based on PLS and a back 

propagation neural network. Knot types, expressing grey scale density images 

derived from a CT-image stack, are classified by their spatial appearance Paper D 

describes several multivariate approaches to classify wooden surfaces and gives 

some examples in using multi-spectral information and MIA for unsupervised 

classification. 

The chain between the papers is the successive improvement of the quality of 

information and used multivariate methods. Starting with variables expressing 

mean values, papers A and B, and ending in multispectral high resolution images, 

paper D. Sensors used in the first paper produces a poor resoluted, noisy image, 

while sensors used in papers C and D produces distinct images. The possible 

number of feature types classified and classification precision are also increasing. 
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2. Automatic Quality Grading of Logs with TINA, 
a Gamma Ray Log Scanner 

Today Scots pine logs are classified and sorted according to empirical rules given in 

known external visible features like number of knots, taper, bow and rot seen in the 

end of the log. This classification has its potential for mean value setting for a large 

group of logs. In aspect of the end users the classification is not relevant (Grönlund, 

1992). 

The use of scaler frames for measuring the diameter of logs has introduced 

possibilities to extract external features, describing several of the features used by 

the human sorter. Predicting the quality of a log by a predicting model based on 

these external features has been proposed (Blomquist & Nylinder, 1988). Multiple 

regression modelling is used to create a linear model between external extractable 

features and the quahty of the sawn output. 

When using a two dimensional gamma ray scanner both external and internal 

features are indirectly measured. Similar models to that of the scaler frame has been 

tested. This is described in paper A. 

Predicting models or calibration on multivariate data is a delicate matter when 

using multiple regression. In order to get high quality in the predictions, feature 

variables ought to be orthogonal and data without error. Valuation of variables is 

also a difficult task. In some aspects casual relations are clear and give guidance for 

choosing a correct model. 

The aim of this project presented in paper A is to increase the precision of 

automatic log sorting by introducing a bihnear method for extracting a prediction 

model which can be interpreted as a linear model (Martens & Næs, 1989a). The 

method used is PLS (Wold, 1989). Benefits from using this strategy are: 

- methods for valuation of feature variables predicting abihty 

- data compression 

- outlier and error handling strategies 
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2.1 Materials and methods 

Pine logs from an area near Söderhamn were chosen in order to have a 

representative material. 951 logs in five diameter classes were separately marked, 

manually classified and scanned with the two dimensional gamma radiation based 

scanner U N A . The logs were sawn, individually marked and quality classified so 

that every piece of lumber could be connected to the correct log. 

The lumber were classified in six classes, 1- 6. 

Property variables indirect measured in Tina are: 

Ggn: Old quahty index for pine. Based on density variations within the 

log 

Dx: Diameter in TINAS x-direction every 20 mm 

Dy: Diameter in TINAS y-direction every 20 mm 

BH: Log bow height 

T: Taper of the log 

SU1 Surface unevenness based on absolute deviation of diameter from 

mean value of log shape for 1/4 of the log 

BT: Butt taper of the log 

TT: Top taper of the log 

DV: Density variation 

SU2: Surface unevenness based on mean deviation of diameter from 

mean value of log shape for 0.5 m parts of the log 

WI: Factor for winding 

There were also about 30 secondary variables based on polynomial fitting to the 

sweep data. 

Principle component analysis (PCA) was carried out in order to find outliers (Wold 

1989) due to incorrect data handling or measuring errors. An example of this is rot 

in part of the log that gives a completely different property behaviour. A completely 

rotten log is easy to classify from Tina data. After deleting error outlier objects, a 

PLS (Wold 1989) analysis was carried out. 

As a start all possible Tina property and sweep variables were chosen as X-variables 

to give a prediction model for the Y-variable represented as mean value of the 

human grading of the two centre boards from each log. 
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In order to get a model as good as possible, variables were chosen with the highest 

variable influence on Y-variable modelling. A model was selected with the number 

of principal components and variables that resulted in the highest possible variance 

explanation and a significant model due to cross validation. 

When the model was chosen, predictions were made and compared to the original 

training sets Y-values. 

2.2 Results 

The principal component (PC) based outlier analysis reduced the number of pine 

logs in the training set to about 900. By using PLS-analysis a prediction model was 

developed. The model is linear for all X-variables and is reduced from the initial 40 

Tina property variables to the 4 that have the highest modelling power and are 

significant. The model is significant in aspects of cross vahdation. 

The model expressing the the quality index (GOH(pine)) is: 

Gnui • ,=K+k0 G r M - k - BT + kA DV + k SU 
OH(pine) 1 2 GN 3 4 5 2 

Where Jt̂  are coefficients evaluated by PLS. 

The model is using two feature variables {G ,DV) describing inner structure of 
GN 

the log and two (BT, SU^) describing outer shape. 

By using a two level classification, high and low quality, in the training set and 

comparing it to a two level prediction, high and low, separated by a breakpoint in 

the predicted quality index, the maximal correct classification is 73 % (Fig. 2.1) for a 

breakpoint of 21.5. Changing the breakpoint to a higher value results in that more of 

the high quahty logs gets the correct prediction result but also increases the number 

of low quahty logs in the high quality bin. 
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Fig. 2.1 Output of prediction based classification showing the precision of 

aim as a function of chosen breakpoint between quality 1,2 (High 

quality) and 3-5 (Low quality) in the predicted quality index (GOH{pitle)). 

2.3 Discussion 

In the beginning of the project a lot of work was done regarding the quality of the 

used training set. Two different independent sorters gave altogether four quality 

measurements of each log. The question was how to combine them to one quahty to 

be used in the model. Following approaches were tested. 

Using all four parallel in the model, an approach possible in PLS. 

Mean value of all four 

Combining the two centre boards to new quahty classes in aspect of 

combination quality classes for each log 

Using only logs wi th the same quahty from the two sorting groups as 

training set 

Little was known about model- and output complexity to get predictions or 

classifications wi th sufficient precision. 
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Earlier work (Nylinder 1990) indicated that a number of models must be used to 

cover the input variation among logs. A number of strategies were tested: 

Separate models for each diameter class 

Separate models for each quality class 

Separate models for each quahty based only on logs that have the same 

quality for both centre boards 

Detect the representative logs and make a experimental design that 

covers the total variance within the whole training set. This is due to the 

fact that the training set has a low representation i n the high and low 

qualities. For Spruce the quality distribution for a training set is shown in 

paper B, figure 3. 

Different scaling of the variables 

Expanding the model in X wi th squares and cross terms 

The strategy finally chosen was based on five quality classes (Tab. 2.1.) expressing 

the combined quality for both centre boards. Using logs wi th the same quahty from 

the two independent sorting groups as training set. The Y-variable was a linear 

discrete function of those five quality classes. The X-variables used were the ones 

that had an empirical and in most cases casual background. A l l variables were 

standardised. It might be possible to get a better model using individual scaling of 

the variables in the training set. The representativity for the material was not known 

and therefore such a strategy was avoided at that stage. The training set was at the 

end chosen as the whole data set except for a few error based outliers. This strategy 

was chosen to limit the error. The final model chosen was general for all logs in the 

set. A l l diameter classes were covered by the model and it is interesting to note that 

none of the chosen X-variables indicates diameter directly. 

Table 2.1 Log grade classes used in facit from manually graded centre 

boards. Up to three combinations of the two centerboards are possible 

within some of the classes. (O/S, V, VI and VÜ according to Green Book) 

Class (Y-variable) 

1 
2 
3 
4 
5 

o/s-o/s o/s-v 
v-v 
V - V I 
V I - V I 

O / S - V I 

V - VII 
V I - VI I 

o/s-vn 

vn-vn 
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The quality of the model 

The use of the quahty index is to refine the high quahty in the high quahty bins. 

Therefore a model giving better result than any other existing prediction model is of 

interest. If the marginal cost of using the model is low (as in this case where the 

scanner already is installed and used for other purposes) any increase in prediction 

precision above random is profitable. This fact gives the model a high tolerance to 

errors but it is still necessary to analyse the different sources of prediction error. 

Worst case errors 

Some logs have internal defects not indicted by the indirect variables used in the 

prediction model (examples are rot, log blue and compression wood). These 

features reduce the log quality dramatically and can give maximal bad precision to 

the prediction. In this stage this must be accepted if the model is to be used. So is 

done in the industrial application described in paper A, due to a low number of 

these extreme log types and that they can be sorted out further down the 

production hne. 

Model errors 

If data in the training set are free from errors the model will give perfect 

predictions. This is not the case, we know that the main problem is the facit, a 

change in sawing pattern can affect the quality of one or both of the centre boards. 

Human sorters are not consequent in their grading and there is a variance between 

different sorters. This means that even if we have a model that is 100% correct, its 

precision will never be 100 % due to errors in sawing and judging the resulting 

quahty. Underfitting or overfitting is a problem with data that have so much errors 

as this, but cross validation techniques and a large training set make it possible to 

keep it under control. 

The way the log is fed through the scanner is also a matter of importance for the 

variables extracted. Replicated tests (every log scanned 3 times rotated 60 degrees 

between every scan) with the same log have been carried out for 13 logs and there 

are variations in measured variables and the quahty index (Fig. 2.2). 
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Thus, the amphtude of the variations are lower for the predicted quahty index than 

for the separate variables. This is one of the major advantages when utilising 

models with many (significant) variables. 

Log values sorted in decreasing GOH-index 

Fig. 2.2 Measured variables and quality index for 9 of 13 logs presented by 

three values representing three different rotation positions of each log. 

The values are standardised and tlie three variable measurements for one 

log is connected by two lines. The logs are presented in order from low 

quality (high GOH-index) to high (low GOH-index) 

Lack of representativity 

Due to the fact that logs often have one good side and one bad, using a log mean 

value decreases the precision of facit. The representation of extremes in both low 

and high qualities are low and there is a danger that their influence on the model 

therefore is low, especially if the whole set is used. Checking the model against a 
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more equal representation model with logs chosen from an experimental design 

point of view, indicates the same model in both cases. 

Another question is geographical and biological representativity of the training set. 

When the paper was written little was known of the robustness of the model in that 

sense but later studies, on other sets (Grönlund 1992) with logs from different 

geographical areas, indicate that the model is valid. 

Sensor stability 

Due to the nature of the gamma sensor used in the scanner it is clear that variation 

over time is appearing. A way to test the robustness of the model is to use the same 

log in two different scanners. This was done and big variations in the individual 

feature variables appeared. These variations, due to bad calibration, were quite 

severe in an univariate calibration model, such as diameter measurements. Using 

the same modelling strategy for both scanners resulted in almost the same model 

and gave similar prediction precision. This indicates robustness against variation in 

the scanning equipment. 

Causality versus prediction 

In the work done the aim was to determine a function that allows quantitative 

predictions of Y from X measurements. To be able to do so there must be a 

reproducible intercorrelation in the training sets objects. These intercorrelations 

have a high probability if there is casual insight in the chosen variables. This is the 

fact for the ground variables measured in the scanner. They are often describing 

some biological effect due to inheritance or external growth factors such as spacing, 

climatic conditions etc. The other variables based on mathematical functions 

extracted from sweep signals had no casual basis. Multivariate calibration methods 

have the advantage that such variables can be used and valuated. Lack of casual 

insight can largely be compensated for empirically, by sensible choice of training set 

(Martens, Næs, 1989b). Further understanding of the model can be derived during 

the calibration process and by studying the structures found in the data. 

Quality sorting done by human beings imply a complex decision process where 

some features have a great importance whereby knots are the far most important 

feature. The gamma ray scanner cannot "see" knots or knot type, but the model 

ought to use variables that indirectly indicates knots. In the model evaluated 

density variation variables, and surface unevenness, are clearly correlated against 
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knot features such as amount and size. Taper variables are correlated to log position 

in stem. The quality is shown to be decreasing towards the top of the tree. Butt 

taper, the taper variable used in this model is believed to be a good predictor of the 

butt log (Blomquist «St Nyhnder, 1988). 

The casual relations that can be found between detectable variables and the centre 

board quality, can be distorted by the way the log is positioned in sawing. A high 

quality board "hidden" in the log can either be found or not found by the operator 

in the saw. A high quality board can also be down classified due to bad treatment in 

the sawing or drying process giving a incomplete causality if such quality features 

are not taken care of. 

In summary we can expect several casual relationships to exist, but the best 

description is an indirect, common cause (Martens & Næs 1989b). Both X and Y are 

caused by unmeasured phenomena such as inheretability, chmate, moisture, sawing 

pattern and human decisions. 
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3. Automatic quality sorting of Norway Spruce 
with a Gamma Ray Log Scanner 

I n paper B a similar strategy as i n paper A is presented but w i t h the difference that 

the modelhng is for predicting the quahty of spruce logs instead of Scots pine logs. 

3.1 Materials and methods 

Spruce logs from an area near Söderhamn in central Sweden were selected in order 

to have a representative material. 1000 logs in five diameter classes were separately 

marked, manually classified and scanned w i t h the two dimensional gamma ray 

based scanner TINA. The centre boards were individually classified in seven 

classes, 1- 7, where 1 denotes the highest quality and 7 the lowest quality. The 

dependent Y-variable was defined as the mean value of the two centre boards f rom 

each log graded according to standard grading rules i n the sawmill. 

Principal component analysis were carried out i n order to f ind outlier objects due 

to incorrect data handhng or measuring errors. After deleting outlier objects that are 

caused by some kind of detected error, a PLS analysis was carried out. 

In order to get a model as good as possible, X-variables were chosen wi th the 

highest influence on Y-variable modelling. A model was selected wi th number of 

the principal components and variables that gave the highest possible variance 

explanation and a significant model due to cross validation. 

When the model was chosen, predictions were made and compared to the original 

training sets Y-values. 

3.2 Results 

The strong variables used i n the model i n order of influence on Y variable 

modelling were: surface unevenness based on diameter variation in 0.5 m parts of 

the log (SU2), taper of the log (T), surface unevenness based on diameter variation 

in 1/4 parts of the log (SU1), density variation (DV) and top taper (TT). The model 

(expressed in standardised variables) is: 

=0.11-7 + 0.10-5(7, +0.09 TT + 0.09• DV + 0.12-SU7 
spruce I J. 
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By using a two level dassification, high and low quality, in the training set and 

compare it with a two level prediction, high (expressed as quality 1-4) and low 

(qualities 4.5 -7), separated by a breakpoint in the predicted quality index, it is seen 

that maximal correct classification is 65 % (fig. 3.1) for a breakpoint of 4.15. 

Breakpoint G-index 

Fig. 3.1 Output of prediction based classification showing the precision of 

aim as a function of chosen breakpoint between high quality, low 

quality and total output in the predicted quality index for spruce. 

3.3 Discussion 

Model building effort for spruce log quality has been done parallel to that of pine 

logs, but for a year without significant results. The first success was when using 

dummy variables explaining down classifications by features not seen by the 

gamma ray scanner. More progress was reached when facit values were calculated 

different from those that were used for pine logs. Representing the quality as a 
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mean value of the separate boards quahty instead of using the transformation 

shown in Table 2.1, lead to a different quality function (Fig. 3.2). 

0 , 5 --

0 111 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 I 
v v v v v. V V V V 

tN C N co co co <t * »t in 

Mean center board qual i ty 

Fig. 3.2 Log quality extracted using the transformation shoxvn in table 2.1 plotted 

versus log quality as a mean value of the separate boards . 

Causality versus prediction 

The model finally chosen for spruce quality prediction has the same basic shape as 

the one chosen for pine logs. Some variables indirectly indicate knots by variations 

in density, SU2, SU1 and DV. And other variables, T and TT, indicate position of the 

log in the stem and/or inherited shape. The same interference problem as discussed 

in paper A is occurring 
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4. Identifying Knot Position and Type by a Back 
Propagation Neural Network and Partial Least 
Squares Modelling With Latent Variables 
(PLS) 

Knots being the most important defect feature for wood classification have the 

highest priority in defect searching strategies. Leaving the mean quality strategy 

shown in papers A and B and describing quality by detection of separate defined 

defect features within the log or the piece of wood leads to a demand of more 

complex prediction models. Therefore, the objective of the project described in 

paper C, was to test methods for separating knots and classify them according to 

their biological status. The two methods used allow an approach where a priori 

models are not necessary. 

4.1 Materials and methods 

Logs were scanned with a CT-scanner and tangential concentric surfaces where 

made visible by image transformations within the stack, representing the three 

dimensional digital log. In these images, comparable to turned veneer sheets, 

variations were seen, see fig. 4.1. Some of them were knots, some holes and some 

were other types of density variations due to moisture or wood density. 

i 
• 

• 

0 c Cf 

FIG. 4.1. Tangential, grey scale represented, density images transformed 

from3-dim image stack, a: Sound knot in sapwood b: 

Clearwood. c: Dry knot in sap wood, d: Sound knot in 

heartwood. e: Hole or rotten knot in sapwood. 
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In order to be able to locate possible knots in the heartwood, a model has been 

developed that basicaUy predicts the shape and direction of a knot by using the fact 

that knots in heartwood are easüy separated from clearwood. 

This model gives possible locations for knots in the sapwood that can be further 

investigated. Separated possible knots are then transformed to equal size and 

centred in an image with the resolution of 8 by 16 = 128 pixels to avoid invariance 

problems. 

Knots of four different types completed with a hole where chosen as training set for 

learning the classification patterns, together 163 defect objects. Every object is 

described by 133 variables. 128 that each has a given geometrical position in the 

image and a value between 0 and 1, the normalised density values. 5 are dummies 

i.e. they give the knot type, where 0 indicates not belonging and 1 indicates 

belonging to defect type. 

The idea is to use the spatial information within the image (8 by 16 pixels, 

containing the scaled possible knot) for classification by some algorithm (Fig 4.2). 

One of the two methods used for learning classification is Partial Least Squares 

Models in Latent Structures (PLS). The X-variables are geometrical positioned and 

used for predicting the knot type, defined by spatial patterns in geometry and grey 

scale. Results from the prediction of every defect dummy are compared and the 

prediction closest to 1 gives the knot type. In order to understand how the system is 

learning and comparing strategies, the principal component transformations are 

shown as pictures. 

The second method used is a back propagation neural network (NNT). The back-

propagation NNT used in this test has an architecture according to where the input 

layer (here X-variables = grey scale value for pixels) is connected to the output layer 

(here Y-variables = knot type) through a hidden layer. 

In a supplemental test, after the experience from the NNT model above, a prediction 

model for the geometrical position of the knot combined with knot type 

classification was trained. This was done using a training set which is minimised 

according to experimental design in aspects of geometrical position and two 

simplified knot types. 
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Fig. 4.2 Schematic figure of classification system, where the input image (16 

by 8 pixels) gives 128 input X-variables . Four indicating knot type and 

one indicating sound wood gives the Y-variables. 

4.2 Results 

NNT classification 

After training the NNT (5 hidden nodes and 5 output nodes) until 2 % sum squared 

error, the knot types were classified w i t h 93 % accuracy. 7 out of 11 wrongly 

classified knots were sound- or barkringed mixed up. These knot types are close to 

each other in appearance. This classification testing results are made on the same 

objects (knots) as in the training set. Learning the system with a smaller training set 

of 100 objects, and using the model in predicting a new test set of 63 objects, give 

similar predicting ratings wi th 97 % correct classification in the test set. 
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When using a small training set of 25 objects, 5 out of every knot type, problems 

arise and 11 hidden nodes must be used to get the model to converge. The 

predicting result on the whole set of 163 objects is 81 % correct classification. 

A way of showing the learning patterns is to show the coefficients between the 

input layer and the hidden layer as images. Having 5 hidden nodes gives 5 images 

each showing a pattern that has been learnt (figure 9 in paper C). Tests wi th a larger 

number of hidden layer nodes gives a faster learning of the patterns and there is a 

great difference i n convergence between 5 and 6 hidden nodes. 

PLS-classification 

After making prediction models based on 7 PC's and classify knot type to the knot 

dummy variable reaching highest prediction value, the knot types were classified 

wi th 85 % correct classification. 

In order to compare the learning strategy of the two systems (PLS and NNT) the 

PC's transformation coefficients are shown as images i n the same way as i n the 

N N T methodology described above. 

A PC is a bilinear combination of the input variables X which best describes the 

information in a data matrix. This means that PC 1 is the most relevant pattern in 

the material and PC 2 the second best and so on. If there are more than one class in 

the material, it is possible that the different PC's contain information about different 

classes. The PC's are orthogonal to each other and are therefore independent of each 

other. Fig 11 in paper C shows PC 1 to PC 7 of the X-matrix, i.e. how the system has 

learnt the knot patterns. 

Predicting position 

Using the neural network to predict the geometrical position and knot type for the 

two simplified 1-dimensional knot types was successful. A training set was trained 

and predicted to 100 % . The network contained 40 input nodes, 10 hidden nodes 

and 7 output nodes of which 5 were dummies for position and 2 were dummies for 

knot type. 
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4.3 Discussion 

Classification of density images of knots is possible with both NNT- and PLS-

methods with almost equal results. The number of hidden nodes needed in NNT, 

are about the same as the number of PC's the PLS method needs to solve the 

classification problem. This means that the 4 knot types together with the class clear 

wood need about 5 to 6 basic patterns to be described. In general it is shown that the 

PLS system uses more low frequency patterns in the images for recognition of knot 

type, while the NNT system uses minor changes in the image as fingerprints of knot 

type. 

The methodology used, with scaling and centring the defects in the image, makes it 

possible for the system to identify macro patterns in the image as done by the PC-

models. The NNT-models are more like a Fourier transform solution and when the 

knot positions are changed the identification patterns become more on a micro 

level. The macro level classifications are more sensitive to correct scaling and 

positioning of the knot than the micro level. This indicates that a higher resolution 

in the input image would create a more robust prediction model. A future 

development of the models should use more input nodes, with knots unsealed and 

spread over the input image, to get a more flexible knot prediction. 

One classification problem is that CT-images and the sawn boards are used as 

judgement tools, when classifying knot types. This induces wrong classification in 

facit. To solve this problem the logs must be turned into veneer sheets or the knots 

must be sliced. There are however still problems that borderlines between knot 

types are continuous and not discrete. Various parts of the knot, and by that 

different types, is occurring in the image. This is due to the image angle to knot 

direction and position of the simulated cut within the knot. 

The advantage of these two methods is that they can handle subjective human 

classifications and make robust rules out of them as have been done here. To 

implement these methods in a more common classification situation, for example 

classification of boards for cutting optimisation, a pre-algorithm must exist that 

indicates possible defects, size and position. There are systems under developing 

using a more macroscopical view of the board. The classes learnt are aspects of 

quality and not defect type or size. This results in quite different demands on the 

hardware used and parallel processing is probably needed. Whether the system will 

work or not is a matter of experimental design in the training sets used. 
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5. Multivariate statistical methods to classify 
wooden surfaces 

In this paper two methods are discussed, one PLS-classification of knots (discussed 

in paper C) and the other a multivariate, multispectral method (MIA) for surface 

classification on pixel level. In sensor fusion terms (described in the introduction) 

the latter method is concerned as a data fusion method. 

MIA 

The MIA approach gives a flexible tool for image analysis and a strategy can be set 

up for different purposes. The basic approach contains the following operations 

(Esbensen et Geladi 1989). 

- calculating principal component scores (score images) and loadings (vectors) 

- scatter plots of scores versus each other 

- selection of classes on the score plots by user defined masking 

- projection of the pixels in the feature space classes to the corresponding scene 

space locations 

Multi spectral image of a knot on pine boards 

A knot located on the surface of a Scots pine board is scanned with 5 different 

monochromatic interference filters within the visible spectrum. To get a sharp and 

geometrically identical image stack, the different wavelength images are refocused 

and then geometrical transformed to the same spatial position. Images are scanned 

with a CCD-camera and transformations are done in an own developed MIA 

function in the image analysis software "Image 1.49" implemented on a Macintosh 

Quadra 900. 

A second image stack is examined containing 10 images scanned within the visible-

and NIR spectrum. The scanned area contains clear wood, a knot and blue stain, 

respectively. 
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5.1 Results 

Searching and separation of classes on an area wi th in and around a knot, in a 

multivariate image, is possible. The MIA-approach gives a stronger separation than 

an ordinary univariate grey scale thresholding technique. The scatter plot between 

PC 1 and PC 2, f r o m the visible spectrum image stack, shows minor class 

separations. I t is obvious that the separate areas easily classified by human eye are 

very close in terms of colour information. That is explained by similarity in chemical 

structure. By increasing the information wi th NIR images a more complex and clear 

separation between classes is visible in the scatter plots. The blue stained area and 

the knot are strongly separated from the rest of the wood areas. Different classes 

within the knot area are indicated. 

5.2 Discussion 

I n the MIA-approach it is evident that the image stack must be expanded wi th 

sensor images outside the visible spectrum to strongly separate wood based defects 

in boards f rom clearwood. The reason is that wood, as reported by many authors, 

has a monotone colour. By using NIR spectral information when testing on colour 

defined defects like blue stain, it is evident that the separation between classes 

becomes stronger. 

Using MIA as a research tool is easy due to the almost complete visual oriented 

analysis. However, understanding multivariate data compression and analysis is 

not an easy task. The important thing is that there is a research tool that can 

concentrate the enormous amount of information the progress in sensor technique 

and computer technology gives us. It can be applied both for supervised (when the 

wanted features are well defined) and unsupervised classification when new 

features are examined. 
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6. Conclusions and future work 

The optimal wood inspection scanner (in aspects of robustness and precision) must 

be a multi sensor equipment with sensors specialised for every feature to be 

detected using MIA or MIR combined with spatial template technique. This is to say 

that the equipment uses all the information to be found around the point to be 

classified. MIA and MIR are invariant to scale, position and orientation and creates 

"fingerprints" for each feature. The spatial filtering technique makes it possible to 

use geometrical based rules to find possible features. Using multivariate methods 

often end in models that are quite complicated and difficult to understand. This is 

often criticised, on the other hand we know that many of the rules used in wood 

grading and inspection today are fuzzy and lacks of clear definitions. Variables that 

explain features and are shown to be important in the analysis make it possible to 

increase the knowledge about the decision rules and thereby increase precision of 

both manual and automatic sorting. 

Today the knowledge about single sensor types and their ability to predict wood 

features is growing. Little is known about how much combinations of sensors could 

increase that predictability. By using the multivariate methods shown in these 

applications, it is possible to combine a great number of different types of sensors 

and evaluate their predicting ability, both in single apphcations and integrated with 

others. Using MIA makes it possible to both combine sensors and resolute features 

on the millimeter level. This makes it possible to describe materials in a dynamic 

way. Variations and gradients within each piece of wood can be detected and used 

for example in aesthetically classification or when evaluating strength properties. 

The work in future will consist of testing a multi sensor using MIA and MIR. 

Sensors in the visible and NIR -spectra, X-rays and microwave antennas will also be 

used. By using microwave technique different images are possible to detect, 

attenuation and dephasing are techniques that today gives promising results but 

with a resolution that is too low for wood inspection. A further progress in software 

for antenna combinations, to give higher resolution, gives interesting prospects. 

There is also a strong need for experimental design in the field of wood grading and 

inspection. To find test pieces fulfilling the needs in aspects of design is hard. This is 

because of the nature of wood. Due to that fact experimental design sometimes has 
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to be directed towards choosing good representantives (in a silvicultural meaning) 

and use them as test pieces. 

An ongoing project is creating a national database containing samples that covers 

the variations within the Pinus silvestris in Sweden. Storage of different types of 

information in this database makes it hopefully possible to compare research results 

from different scientists. 
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