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Abstract 

Having a good understanding of the properties of a product for sale is important in every 

company, even more so in companies that produce products where certain properties can directly 

affect customer safety. The weight of load handling equipment is such a property. 

HIAB in Hudiksvall designs and manufactures truck mounted loader cranes in the mid-range 

segment. The final weight of such a crane will affect many things; it will affect the rated load of 

the crane since it is always lifting some part of itself during operation, it will affect the stability 

of the truck when lifting far away and, maybe the most important aspect, it will affect the 

maximum allowed load on the truck which has a direct impact on the customer’s profit. 

Determining the final weight of a crane has proven to be difficult. The weight on a drawing will 

lack several important features, such as paint, weld and oil, and it will not account for any 

variation in the raw material. This report describes the work on creating a process that allows the 

company to approximate the final weight of a crane before it is manufactured, something that can 

be delivered to the customer if demanded. 

The proposed process consists of regression analysis with the help of Tikhonov regularization. 

The regression model is built from measurements of already manufactured cranes along with 

information about which parts that were mounted on which crane. The model is then regularized 

with weights from drawings as starting values. 

The results from simulations show that it is possible for HIAB to use this model to predict the 

weight of a crane with a precision of about 1 %, as long as some drawings have their weight 

corrected.  

  



 

 

 

Sammanfattning 

Att ha bra kännedom om sin produkts egenskaper är viktigt i alla företag. Speciellt viktigt är det i 

de fall när en specifik egenskap kan ha en direkt inverkan på kundens säkerhet. Egenvikten hos 

lasthanteringsutrustning är en sådan egenskap. 

På HIAB i Hudiksvall konstrueras och monteras lastbilsmonterade styckegodskranar i 

mellansegmentet, det vill säga tolv till sexton tonmeter. Egenvikten hos en sådan kommer att 

påverka många olika saker. Dels kommer egenvikten påverka vilken nyttolast man kan lyfta, 

stabiliteten när man lyfter långt bort från kranfoten och, kanske viktigast av allt, så kommer den 

påverka den maximala nyttolasten på lastbilen, något som har en direkt inverkan på kundens 

slutgiltiga vinst. 

Det har visat sig svårt att förutse den slutgiltiga vikten hos en kran. Vikten som är angiven på 

ritningen är uträknad utan exempelvis färg, svets och olja, och tar ingen hänsyn till variationer i 

råmaterialet. Den här rapporten beskriver arbetet med att skapa en process som predikterar 

slutvikten på en kran innan den är tillverkad. 

Den föreslagna processen består av regressionsanalys med hjälp av Tikhonovregularisering. 

Regressionsmodellen är byggd av vägningar av redan tillverkade kranar tillsammans med 

information om vilka komponenter som var monterade på vilken kran. Modellen regulariseras 

med vikter från ritningar som startvärden. 

Resultatet från simuleringar visar att denna modell gör det möjligt för HIAB att prediktera vikten 

av en kran med en precision på 1 %, förutsatt att delar av ritningsunderlaget korrigeras. 
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Nomenclature 
Scalars are written in non-bold lowercase letters;    Vectors are written in bold lowercase 

letters;  . Matrices are written in upper-case bold letters;  . 

An element in   is represented by  .  An element in   is represented by  . Indices are used 

when necessary, e.g.    .  

In all calculations where a real life value of something is used or it is computed exclusively from 

real life values, it is denoted by a dot such as  ̇. If no dot is present the value can be considered 

simulated. 

Vectors are always considered to be column vectors unless stated otherwise. 

Variables 
This is a list of the variables used throughout the report, it is sorted alphabetically. 

  is a matrix with crane set-ups as rows and components as columns. The element     contains 

the quantity of component   in the crane  . 

   is a vector containing a new crane set-up that a prediction should be made from. An element   

in    corresponds to the same component as column   in  .   

  is a vector of complete crane weights, representing how much the cranes weighed at delivery 

from the workshop. An element   in   corresponds to row   in  .  

   is the same as  , but rounded to 100 kg similarly to how the scale on the forklift works. 

   is the theoretical weight of a complete crane calculated from    . 

 ̂ is the predicted weight of an ordered crane. 

  is a variable used to make estimations unbiased. 

  is the range of a sample group.  

  is a generic variable always used in equations to represent an unknown value. 

     is a vector of component weights as stated on drawings. An element    in      corresponds 

to the same component as column    in  .  

   is an approximation of    normally the solution to a set of equations.  



 

2 

 

   contains the theoretical weight of each component that, given enough observations, the mean 

of the component weights will approach. The real life value of    cannot be observed and finding 

an approximation of it is one of the targets of the report. 

 ̃ is a vector containing the current best estimations of component weights, initially     . 

  is a regularization parameter. The specific matrix   is   created from the column norms of  ̇. 

  is a combination of all variations present in a variable from all sources, such as measurement 

errors, production variations etc.   

  is a regularization parameter. 

  represents the expected value of a normal distribution. 

  represents the standard deviation of a normal distribution. 
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1 Introduction 
HIAB in Hudiksvall designs and manufactures truck mounted loader cranes in the mid capacity 

range. Every crane that is sold is configured to the customer’s specifications and delivered on a 

pallet. The crane is then mounted on a truck by the customer or an external company. 

HIAB was founded in 1944 when the ski manufacturer Erik Sundin needed a way to make 

handling and transportation of timber for his factory easier. The idea behind the company was 

that, by means of hydraulics, the engine power of trucks could be used to lift the timber. Since 

then, HIAB has been specialized in different sorts of truck mounted load handling solutions. 

Besides loader cranes, HIAB also manufactures forestry and recycling cranes, demountables, tail 

lifts and truck mounted forklifts. 

Since 2005, HIAB has been a part of the Finnish corporation Cargotec. Cargotec has over 10 000 

employees and about 3000 of those work for HIAB. Cargotec offers solutions for all sorts of 

cargo flow, with MacGregor, Kalmar and HIAB as their largest brands. 

1.1 Background 
When designing and manufacturing any sort of load handling equipment, it is of great 

importance to know the final weight of the product. The weight of a crane will affect both its 

capacity and stability, because it is always lifting some part of itself during operation. If the 

crane is mounted on a truck, the weight of the crane will also affect fuel economy, maximum 

payload etc. It is therefore important for the customer to know the final weight of the crane, even 

before it is ordered. 

Knowing the weight of the crane will not only benefit the customer. Better knowledge of the 

weight will be of help when designing handling equipment and pallet racks in the factory, and 

make administration of the transport between the factory and the customer easier. Knowing the 

weight on a component basis will help calculate the center of gravity, something that would be 

helpful when designing lifting tools in the factory and deciding the rated load of the crane. 

The problem for HIAB is that it’s difficult to calculate the final weight of a crane before it is 

manufactured. For instance, the CAD models lack paint, welds, oil and grease, all these things 

together adds up to a substantial difference between drawings and reality. There are also a lot of 

errors in the CAD models, often because older models have been imported in different ways over 

the years. 
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1.2 Problem formulation 
The primary target of this thesis can be seen in the following problem formulation: 

How can we, at the time of ordering, give the customer the correct weight ± 1 % of the crane as 

it leaves the factory? 

It is also desirable to obtain a correct weight of every component, in order to make calculations 

of rated loads etc. easier.  

1.3 Delimitations 
Since the timeframe of this master thesis is limited to twenty weeks full time for two persons a 

number of delimitations have been introduced. The project will focus on crane weights and 

weights of components as well as how weights are handled in different parts of the workflow, 

theoretical centers of gravity are assumed to apply. In addition to this, the work will focus on 

development and evaluation of a method and its prerequisites, not on performing the actual 

implementation. 

1.4 Method 
The working process used in this project is loosely based on the project circle, as described in 

(Ranhagen, 1995). The project circle can be seen in Figure 1-1. 

  

Figure 1-1. The project circle used in this project. 
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The circle is used in every part of the project, and iterated several times for every task. For every 

iteration the focus of the work shifts forward in the circle. That could mean that for the first 

iteration the focus might be on planning and diagnosing, and setting preliminary targets and 

requirements. In the next iteration the planning is adjusted, and the focus is on defining the 

targets and definitions. This process goes on until the task is finished. Constantly revisiting the 

previous steps makes sure that the work is heading in the right direction, and that the work done 

previously is still relevant. 

The circle can be used to different extents no matter how big or small the problem is. A specific 

problem in the main project can have its own circle, and the result will then be implemented in 

the main project. 

It is important while working with the project circle that one is not afraid to take a few steps back 

once new information is available. With every iteration of the circle there is more knowledge 

about the task, and every decision made previously can be adjusted.  

The different steps in the circle can be described as follows: 

1.4.1 Plan 

In this first step, everything around the project or task is defined. This can be for instance major 

targets and delimitations, budget, project group etc. In a project like this, the most important part 

of the planning step is to set deadlines for when different things should be finished. This is 

essential in order to make sure that the project is finished in time. This is often done using Gantt-

charts. 

1.4.2 Diagnose 

This step makes sure that everyone involved knows what the problem is. This means analyzing 

the current situation, either by interviews, measurements or other methods depending on what 

the task is.  

1.4.3 Set targets and requirements 

With the new knowledge about the problem, more specific targets and requirements are set. For 

instance, if the target is to find a way to predict the weight of a crane, a more specific target is to 

predict the weight within 1 %. 

1.4.4 Seek alternatives 

Until now, everything has been independent of what the solution looks like. In this step, different 

ways to reach the target are found. There are several ways to do this; some common methods are 

brainstorming, benchmarking and literature studies. 

1.4.5 Evaluate alternatives 

Every alternative solution is investigated. For small tasks there might only be one possible 

solution, in for instance product development projects there might be hundreds of alternatives. 
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The most important thing is to make sure that all feasible alternatives are given enough attention 

so that nothing is overlooked due to negligence. One way or another, the best solution must be 

found. 

1.4.6 Work out details 

When the best idea has been identified all the practical details must be worked out solving all the 

problems that have been taken for granted when seeking and evaluating alternatives. In this 

project, this can be for instance writing scripts and macros. This often reveals new problems that 

have to be solved. 

1.4.7 Implement and evaluate 

If the task was successful, it should be implemented. Depending on the size of the problem, this 

can be done in one or several steps. After implementing it is important to evaluate the result to 

make sure that the problem was actually solved. It is also important to evaluate the method so 

that important lessons can be learned for future projects. This is both to make sure that the 

company refrains from making the same mistakes again, and to teach others about important 

successes. 
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2 Situation analysis 
This chapter is meant to describe the current flow of weights in the company, from the 

components in the CAD system to the factory and the customer. Chapter 2.4 describes the 

selected approach and the reasoning behind it. 

2.1 Definitions 
Some definitions are necessary in order to keep the report consistent.  

The highest level of an assembly in the CAD-system is referred to as a component. Each 

component is also considered to be one single entity in the production process as far as this 

project is concerned. 

A crane is a combination of different components. Exactly what components are present on a 

crane is described by a crane set-up. There might be several cranes built out of a single crane set-

up, those cranes can be considered identical to each other. 

2.2 Tools and applications 
This section will describe the different applications that were encountered during the project 

Parts and drawings are made in the Computer Aided Design system Pro/ENGINEER made by 

PTC (abbreviated Pro/E). All parts built in the CAD system are handled through PDMLink sold 

by the same company.  

In order to decide the rated load of each crane model several calculations must be made. This is 

done in a program called XJumbo where the weight, size and centre of gravity of major 

components can be entered. XJumbo then outputs information about lifting capacity along with 

the weight of a crane configuration. The program is developed and maintained in-house. 

The customer order a crane with the help of a program called C-Select, which is an off-line 

program developed in-house and distributed to sales offices all over the world. C-Select allows 

the user (most of the time a salesman together with the customer) to choose what features the 

crane should have. The customer is free to choose most features for the crane; long versus short 

stabilizer legs, the number of hydraulic extension and so on. The program uses a rule based 

system to show what combinations that are allowed and warns if an “illegal” combination of 

features has been selected. When finished, C-Select outputs a list of PS2000 codes that defines 

the crane. 

PS2000 is a system of codes that are used to define a crane. The codes are hierarchical, so the 

code B4310 is read Left stabilizer leg (B4), short (3), manual (10). A hydraulic version of the 

same leg would be B4320. The system is not connected to a specific crane model, so the PS2000 

code would be the same no matter if the crane is designed to lift one tonne or a hundred tonnes. 
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Since PS2000 codes are not connected to actual components or models, the output from C-Select 

cannot be used to actually manufacture the crane. Instead a program called C-Sales is used, also 

developed in-house. C-Sales read a number of rules from a big database (the database itself is 

built using a program called ProBuilder), that combines all of the PS2000 codes and translates 

them to actual components. For instance, the PS2000 code for a short manual left stabilizer leg 

would translate to a different component depending on the chosen size of the crane. C-Sales can 

also be used to configure the crane much like C-Select, but since it is an on-line solution it 

cannot be used by sales personnel without a connection to the internet. 

C-sales sends the order to the production system, BaaN. The database in BaaN contains 

everything that is needed for manufacturing the crane. This can be for instance information about 

what components should be present on every crane, information about what components are in 

stock, and so on. 

During the manufacturing process a program called LetsC is used. The program shows the 

worker at every assembly station what should be done to the specific crane, and is also able to 

show drawings for every associated part. 

2.3 Weight flow 
This section describes how weights are handled through the company. 

2.3.1 New products and product changes  

The starting point of everything in the design process is the CAD system. Most parts are 

designed in full by the R&D department, but for some parts of the crane, already existing 

products are bought directly from a supplier. This is often the case with valves, hoses etc. If the 

part is developed by a supplier, a part file from their system is imported into PDM-Link.  Parts 

are built into assemblies, which may themselves be part of other assemblies. As mentioned 

before, assemblies at the highest level are in this report referred to as components. 

Drawings are made for each part and for each assembly. Weights on the drawings are normally 

calculated by the CAD program using volume and density, but for the part files that are imported 

from a supplier the weight has to be entered manually. Weights are added on the lowest level and 

are then carried upwards into assemblies. When a part is changed, its parent assemblies are not 

automatically updated. Updates of assemblies must be done manually; this is most of the time 

only done at the closest level. 

2.3.2 Calculations 

The weight of the crane is needed in order to calculate the cranes lifting capacity. This is done by 

manually reading and entering the weight from drawings into XJumbo. In some cases weights 

are measured from actual manufactured parts. 

After calculation, XJumbo outputs a text file with the total weight of a standardized crane 

together with different capacity information. 
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2.3.3 Technical Data 

Technical data, abbreviated TD, is an Excel-file consisting of length and weight data as well as 

capacity related data like lifting capability at different points. This data comes both from the 

XJumbo output files, in the case of capacity and other calculation related material, and from 

CAD drawings. The data from CAD drawings is entered manually, while the XJumbo data file is 

processed with a script that also adjusts some of the weight inputs. The weights entered in TD 

are general weights of standard cranes, weight of major add-on features and weight of different 

stabilizers. This data is the only thing in terms of weight that continues in the flow towards the 

customer. 

2.3.4 Customer order 

Salesmen, in consultation with customers, build crane set-ups that correspond to customer needs 

in a program called C-Select. This program contains rules for which crane configurations are 

allowed and gives out general technical data for a generalized version of the selected crane. This 

data is collected directly from TD and is the only weight specification that the customer gets.   

2.3.5 Deliveries 

Right before shipment from the factory, cranes are weighed by means of a scale mounted on a 

forklift. This data is only used for shipment orders, but is stored in LetsC. The scale on the 

forklift has a resolution of 100 kg. 

2.4 Selection of approach 
During the initial phase of the project two different approaches as to how the total weight of a 

particular crane can be predicted were identified and evaluated. Firstly, the statistical approach 

which consisted of making predictions based on collected weight data, either of complete cranes 

or of individual parts. Secondly, the theoretical approach which was to make the predictions on 

calculated component weights based on CAD-drawings. Both these approaches were considered 

and initially two parallel investigations were carried out to evaluate pros and cons.  

The main idea behind both approaches was that, even though almost every crane delivered is 

somewhat unique due to the high level of customization there are a finite number of different 

components and it is the combination of components that is unique. If there is a way to find out 

how much the different components, or sets of components, weigh on average together with their 

approximate variation it should be possible to predict the weight of a new crane with a new 

combination of components.  The difference between approaches was mainly in the way the 

component weights were approximated. 

2.4.1 Statistical approach 

The only measured weight data HIAB collects on a regular basis is how much each crane weighs 

at delivery. In order to reduce the data collection time the statistical method used should 

preferably utilize this data. 
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 The idea was to look at the weight of the cranes as an inverse problem, and to calculate the 

weights of the different components from total crane weights at the delivery together with 

information about what components are present on the weighed cranes. This way, the only data 

that should be needed is weights from deliveries together with the corresponding crane set-ups. 

Preliminary test with simulated weights showed that the approach is possible, but there seemed 

to be no real way of telling how much data is needed. 

2.4.2 Theoretical approach 

The idea behind the theoretical approach was to find the difference in weight between the 

component in the CAD system and its corresponding real manufactured counterpart. As an 

example, the outer boom of the crane is simply modeled as bent sheets of metal. When the crane 

is delivered to the customer the boom is both welded and painted, something that adds a 

significant amount of weight. If the weight of paint and welds could be estimated, this could help 

in bringing the weight from the CAD model closer to reality.  

Of course, this wouldn’t be needed for every part. If the weight of paint per    and the weight of 

welds per   is calculated, this would help in bringing the weight of every similar part closer to 

reality. Similar investigations could be made for both hydraulics and electronics. 

The approach is possible, but after investigating samples of the CAD-models it was evident that 

there are more errors in them than was initially thought. It is still possible to determine how 

much weight should be added to a CAD-model, but the result is of little use before every CAD-

model is checked and repaired.  

Because of this, the statistical approach was assumed to be the only one that could actually solve 

the problem with realistic effort. 
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3 Theory 
In this chapter, the different theories concerning the project are presented. 

3.1 Matrix theory 
This section is intended as a summary of linear algebra and matrix calculations. It does not have 

the stringency of a textbook, but can serve as a reminder for someone who doesn’t regularly use 

linear algebra. More background can be found in for instance (Lay, 2006) or any other textbook 

on linear algebra. 

A     matrix   (that means   rows by   columns) can only be multiplied with a     matrix 

  if    . The resulting matrix    will be    . Matrix multiplication is noncommutative, 

meaning that      . 

The transpose    of a matrix   means that the first row of   becomes the first column of   , the 

second row becomes the second column and so on. That way, the transpose of a     matrix 

is    . 

Multiplication by a vector works in exactly the same way as multiplication with a matrix. A 

column vector   can be seen as a     matrix, its transpose   is really a     matrix. That 

means that for a     matrix  ,    and     are possible operations (but with different 

results). 

Addition and subtraction of matrices is only defined when they are of the same size. Both 

addition and subtraction are done element-wise, meaning that the first element in the first row of 

      (  and   of equal size) is the first element in the first row of   plus the first element 

in the first row of  . This implies that multiplication of a matrix by a scalar also works element-

wise;       could be seen as      with    .  

The last of the arithmetic operators, division, is not as easily defined as the previous. Because 

matrix multiplication is noncommutative, notations such as  
 

 
 are usually avoided since they can 

cause confusion. Instead multiplication with the inverse is used. The inverse matrix of   is 

normally denoted by    .  

The inverse of a matrix   only exist under certain conditions. First of all,   must be a square 

    matrix. Second,   must have   pivot positions, sometimes referred to as having full 

rank. Pivot positions are the leading ones in the row reduced echelon form of  . If these 

conditions are fulfilled,   has an inverse matrix     such that        and       . (  is the 

identity matrix; a     matrix with ones along its diagonal and zeroes otherwise.) 

A     matrix having less than full rank (having     pivot positions) means that it has 

     free variables, and by extension that the columns of   are not independent of each other. 
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Determining the rank of a matrix can be done either by row operations or by singular value 

decomposition (SVD). SVD creates the matrices        where the matrix   is a diagonal 

matrix containing the singular values of  . The rank of   is the number of nonzero singular 

values. Because the SVD is sensitive to rounding errors when performed by computers, a number 

is often defined as nonzero if it’s above a certain threshold, for standard computers this threshold 

is usually around      . 

3.2 Regression analysis 
Regression analysis is a way to analyze the dependencies among variables (Weisberg, 2005). In 

the basic case, the simple linear regression model, this is done by creating the mean function,
1
 

          (3.1) 

and the variance function, 

    ( )    . (3.2) 

In equation (3.1),    is the constant term (sometimes called intercept),    is the slope,   is the 

response and   is the predictor. Every value in   is a measurement at a corresponding value in  . 

It is really a way to solve the standard linear equation   

       , (3.3) 

as closely as possible with more than one set of data.  

Given enough pairs of responses and predictors (often called cases), the parameters    and    

can be estimated. However, because of the variance in equation (3.2), the estimated line created 

by equation (3.1) will not match all the measured cases exactly. The difference between the 

estimated line and the measured response for a case   is called the residual of  . In this report,   

represents the number of a specific component with weight    present on a crane and   

represents the total weight of that crane. 

The estimated value of    is written as    in this report, and the constant term    is set to zero.  

  

                                                 
1
 In order to avoid confusion, the notation used by Weisberg has been changed to match the notation used later in 

this report. 
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Depending on the type of problem that is solved there are a number of ways to estimate the 

different parameters. The most common method is ordinary least squares estimation (OLS). This 

method works by selecting parameters that minimizes the residuals of the function. The 

parameters can be given by the equations  

 
    

∑(    ̅)(    ̅)

∑(    ̅) 
 (3.4) 

and 

      ̅      ̅  (3.5) 

where the horizontal bar is used as notation for average (Vännman, 2009), (Weisberg, 2005). 

The variance in equation (3.2) can, according to Weisberg, be estimated with 

 

   

∑(    ̅)   
(∑(    ̅)  )

 

∑(    ̅) 

  
 

(3.6) 

where   represents the degrees of freedom and is calculated as the number of parameters 

subtracted from the number of cases. 

Knowing the estimated total variance, the variances of the slope and constant term can also be 

estimated. This can be done by using  

 
   (   )   

 
 

∑(    ̅) 
 (3.7) 

and 

 
   (   )   

 (
 

 
 

 ̅ 

∑(    ̅) 
)  (3.8) 

where   is the number of cases. 

The simple linear regression explained above can be generalized into multiple linear regression. 

In that case, equation (3.1) is changed into 

                                 (3.9) 

often written as 

       (3.10) 

and the rest of the equations are changed accordingly. (Weisberg, 2005)  

As the number of predictors, , increase, calculations by hand become more and more time 

consuming. Because of this, multiple regression is often done using statistics software such as 

Minitab.  
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3.3 Least squares solution 

In trivial cases, a system of linear equations      has an exact solution       . In many 

real life applications however,   is overdetermined and there are measurement errors in  . In 

those cases finding an exact solution is not possible.  

If no exact solution exists an approximation must be made. One way of doing this approximation 

is finding the least square solution of a system. This means finding the solution that makes    as 

close to   as possible. In other words to seek the solution that minimizes ‖    ‖, where ‖ ‖ 

denotes the Euclidian norm. (Lay, 2006) 

Strang (1986) arrives at that solution by expanding ‖    ‖   (    ) (    ), which 

eventually leads to the normal equations 

           (3.11) 

with the solution 

    ( 
  )       (3.12) 

In order to get a result from equation (3.12),   must be of full rank. (Strang, 1986). 

If    doesn’t have full rank (i.e.     is not invertible) there are infinitely many vectors   that 

satisfy       Penrose (1955) defines a generalized inverse of a matrix, normally referred to as 

the pseudoinverse. The pseudoinverse, denoted   , of   is defined in such a way that  

        

returns the solution    with the smallest norm of all the possible solutions to     , no matter 

what size or rank   is. (Borse, 1997) 

3.4 Regularization 
In order to solve an ill-conditioned problem, that is a problem where a small change in input 

generates large changes in output values, more information needs to be added. This is often done 

using some sort of regularization. The most commonly used technique is called Tikhonov 

regularization (for historical reasons referred to as ridge regression by some statisticians) 

(Neumaier, 1998).  

Tikhonov regularization can be seen as extending the ill-conditioned system      with the 

well-conditioned system        ̃, where  ̃ is an estimation of  . This can be written as 

 [ 
 
  
 ]   [ 

 
   ̃

 ]  (3.13) 

Elements in  ̃ are set to zero for variables where no better estimation can be made (Hansen, 

1999). The scalar   and matrix   balances the regularized solution to the unregularized one; large 

   leads to a solution dominated by the estimates  ̃, while a small    leads to a solution 

dominated by  . 
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The parameter   scales the entire system either towards   or  ̃. The optimal   is often chosen by 

something called an L-curve. The L-curve is designed by plotting ‖     ‖ against ‖ (   

 ̃)‖ for different   on a log-log-scale, where    is the least square solution to equation (3.13). 

Then the optimal   is found at the corner of the L-shaped curve (Hansen, 1999). The general 

shape of the L-curve for the case where  ̃    can be seen in Figure 3-1. 

 

Figure 3-1. General shape of the  -curve. Image from (Hansen, 2007). Hansen uses   for   .  

The scaling matrix   scales individual variables in the solution either toward   or  ̃. The choice 

of   is not as straight forward as the choice of  . Except for in very special cases where there are 

dependencies in  ̃,   is a diagonal matrix. In the basic case it is sometimes chosen to be the 

identity matrix,  . If the scaling matrix is not apparent from the properties of the system, a 

diagonal matrix constructed from the diagonal matrix entries of √    can often be used as a 

start. This is the same as letting each diagonal entry of   be the norm of that corresponding 

column in   (Neumaier, 1998). 
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3.5 Correlation coefficient 
The correlation between two variables can be described with the correlation coefficient, often 

referred to as Pearson’s  . Pearson’s   can be calculated in many ways; one common way is 

described in (Rodgers & Nicewander, 1988) as  

 
  

∑(    ̅)(    ̅)

√∑(    ̅) ∑(    ̅) 
  

(3.14) 

Interpretation of equation (3.14) is relatively straight-forward. If the sign and size of    and    

relative to each other are the same for all  , r is equal to 1. If the sign is always the opposite but 

the relative size is the same, r is equal to -1. This means for instance that if it is always true for a 

pair of variables that       ,     for positive   and    for negative. If there are any 

discrepancies,   will be somewhere in between. If the correlation coefficient is 0 it means that 

there is no correlation at all. 

Equation (3.14) breaks down if one of the vectors contain only one value (such as only ones), 

because in that case either     ̅    or     ̅    for every   and the equation becomes 
 

 
. 

3.6 Predictions 

Given a least square solution   , it is possible to predict the response  ̂ of a new set-

up   .However, because    is not exact; the response will only be an estimate. By calculating a 

prediction interval, predictions can be made with a certain level of confidence. 

To calculate the prediction interval, Weisberg (2005) starts by calculating the standard deviation  

 

  √
       (   )  

   
  

(3.15) 

where   is the number of observations and   the number of variables. The nominator is 

sometimes called the residual sum of squares, essentially a number describing how well the 

model fits the data. The denominator, the degrees of freedoms, is changed into   (   ) if a 

constant term (intercept) is used. The standard deviation   is inserted into the standard error of 

the prediction,       : 

         √     (   )    . (3.16) 
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The value of        is the combination of errors from two sources; the error in the estimations 

in    and the error in the measurements in  . The measured value   will, with a confidence level 

of   %, be somewhere in the prediction interval  

   ̂   (     )             ̂   (     )           (3.17) 

where  (     ) is a value from the two-tailed t-distribution. 

The prediction interval is usually calculated by using the t-distribution with     degrees of 

freedom. But for large degrees of freedom, the t-distribution approaches the normal distribution, 

which can be seen in Figure 3-2. This means that the prediction interval can be estimated using 

the normal distribution, as long as the number of observations is significantly larger than the 

number of variables. 

 

Figure 3-2. t-distribution for different degrees of freedom, normal distribution is shown in black. 

Because of this, the prediction interval for large degrees of freedom can instead be written as 

   ̂                  ̂              (3.18) 

where      is a value from the cumulative standardized normal distribution.  

That is to say that the measurement of   given the set-up   will end up in the interval given by 

equation (3.18), with a certainty of  .  
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3.7 Statistical process control 
All production systems contain a certain amount of inherent or natural variability. The variations 

are often small, unavoidable and the sum of a myriad of sources. They can be considered 

background noise and are called chance causes of variation. A system whose only source of 

variation can be attributed to chance causes is said to be in statistical control. Other variations 

that might occur are the direct results of ill-conditioned machines, operator-errors or defective 

raw material. These types of variation are called assignable causes of variation. Assignable 

causes are of greater significance than the background noise because they are generally larger 

and cause significant drops in process stability and quality. A process operating with these kinds 

of variation is said to be out of control (Montgomery, 2005). Assignable causes can by definition 

be identified and therefore they can be removed. 

Statistical process control is a collective name for a number of statistical tools that is used in 

quality and improvement work to achieve systems in statistical control.  

There are multiple reasons as to why a system in control is desirable, for one a system in control 

can be tweaked so that the vast majority of produced products have a quality within tolerance 

specifications. Another reason is that while working with production improvement, if a system is 

out of control to begin with it is hard to evaluate if results after a change can be attributed to the 

change made or if it is just the result of variations already within the system (Bergman & 

Klefsjö, 2001). 

3.7.1 Control chart 

The control chart is one of the tools in statistical process control and it has two important 

purposes, both to help in ensuring that a system achieves statistical control and to quickly 

identify if it gets out of control (Bergman & Klefsjö, 2001).  

Assuming that the inherent variability of a system in statistical control is normally distributed the 

outcome of a certain quality output has a mean,   , and a standard deviation,   . As long as the 

system stays in statistical control the vast majority of produced products will fall within the 

product tolerances, called  upper and lower specification limits (USL and LSL), that is to say that 

most products will have a quality characteristic within the set tolerances. If, however, an 

assignable cause occurs the mean or standard deviation of the whole system will shift and as a 

result more products will have an inferior quality.  

The major goal of using the control chart is to quickly identify the presence of assignable causes 

so that actions can be taken before they result in the production of too many nonconforming units 

(Montgomery, 2005). This is done by monitoring quality outputs and plotting them over time. 

The data points are evaluated against a set of rules and if they break any one of them, it is a 

signal that the system might be out of control. In the standard case the rules stipulate that if a 

point falls outside of a predetermined interval, between the upper control limit (UCL) and the 

lower control limit (LCL), one might suspect that an assignable cause is present in the system. It 
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is important to note the difference between specification limits and control limits, the 

specification limits dictates if a product is sellable and it refers directly to individual products 

while the control limits serve as indicators regarding the stability of the production system 

(Bergman & Klefsjö, 2001). 

Figure 3-3 shows a typical control chart with the center line    and arbitrary control 

limits           ,            and      .   

 

Figure 3-3. Example of a control chart used to monitor a production process. 

The control chart can be seen as a form of continuous hypothesis test that evaluates if the system 

is in a state of statistical control or not with the null-hypothesis that the process mean is   . If a 

point ends up outside of either UCL or LCL the null-hypothesis can be rejected by a certain level 

of confidence and it can be assumed that the process mean is some value       (Montgomery, 

2005). 

Since the control chart is used mainly to evaluate the performance of a system, and not 

individual products, it is preferable to plot the mean of several products,  ̅. Doing this will 

reduce the variability due to chance causes by reducing the standard deviation from   , in the 

case of single products, to   ̅     √  in the case of   products (Bergman & Klefsjö, 2001). 

This will in turn make it easier to identify assignable causes since the standard deviation is 

smaller and large variations are more likely to be due to assignable causes. How big the sample 

size,  , should be depends largely on how big a risk of getting false alarms are accepted. It can 

be shown that a value of 4, 5 or 6 is appropriate in most cases. Usually a value of 5 is chosen for 

historical reasons (Bergman & Klefsjö, 2001).  

http://en.wikipedia.org/wiki/File:ControlChart.svg


 

20 

 

When designing a control chart it is important to make sure that the control limits are set tight 

enough to detect the presence of assignable causes while at the same time wide enough to 

minimize the risk of wrongfully identifying a process shift when none has occurred, that is to say 

make false alarms. As a general rule three   ̅ is used since this is a good compromise between 

high rate of detection and low rate of false alarms. Having          ̅ and          ̅ 

means that probability of getting a value outside the interval without the occurrence of a process 

shift is only about 0.0027 (Bergman & Klefsjö, 2001).  

Apart from points outside the control limits there are other ways that a set of data can show signs 

of non-random behavior (Montgomery, 2005). For example multiple consecutive points on the 

same side of the centerline might be a sign that the system is not acting in a totally random 

manner and the system is out of control. To identify such patterns Montgomery mentions a set of 

extra “warning limits” together with rules which might be used to increase the sensitivity of the 

chart. The new limits introduced are at the 1- and 2  ̅ levels on each side of the CL. The rules 

can be seen in Table 3-1 together with the standard rule. 

Table 3-1. Examples of additional rules for control charts. 

1. One or more points outside the control limits. 

2. Two of three consecutive points outside the 2  ̅ warning limits. 

3. Four of five consecutive points beyond the   ̅-limits. 

4. A run of eight consecutive points on one side of the CL. 

5. Six points in a row alternating up and down. 

6. Fifteen points in a row between the   ̅-limits, regardless of side. 

7. Fourteen points in a row alternating up and down. 

8. Eight points in a row on both sides of the centerline but none between the   ̅-lines. 

9. An unusual or nonrandom pattern in the data. 

10. One or more points near a warning or control limit. 

 

All the rules above apply to one side of the CL at a time, except when stated otherwise. The first 

four rules in Table 3-1 comes from the original rule set given by Western Electric in 1956 

(Bergman & Klefsjö, 2001). All of these rules aim to make the control chart more sensitive and 

able to detect smaller shifts in the production but at the same time they make it more prone to 

false alarms. When utilizing the four first rules the risk of making a false alarm is four times 

higher than using just the first one (Bergman & Klefsjö, 2001). 
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In order to use the control chart on data where the mean or standard deviation is unknown it is 

necessary to estimate these values. To estimate   ̅  the process is run and   number of samples 

of size   is extracted. A common practice is to have   as at least 20-25, preferably closer to 40.       

The bigger the sample-set the better the estimation, and to be able to determine if the process is 

in control to begin with   should be at least 20 (Bergman & Klefsjö, 2001). With a sample-set 

of  ,   ̅ is then calculated by 

 
  ̅   ̅̅  

 

 
( ̅   ̅    ̅ ) 

(3.18) 

If   ̅ is unknown it can be estimated by using the range of variation,  . The range of variation is 

the difference between the largest and smallest value in each sample group. When   has been 

calculated for all   groups the standard deviation is estimated as  

 

  ̅  
 ̅

 
 

  
 
     

  
 

 
  

(3.19) 

in which   is a variable that makes the estimation unbiased and depend only on   (Bergman & 

Klefsjö, 2001). 

Table 3-2 shows   for some different values of   according to Bergman & Klefsjö. 

Table 3-2. Examples of  -values. 

    

2 1,128 

3 1,693 

4 2,059 

5 2,326 

6 2,534 

10 3,078 

20 3,735 

 

Using these two estimations means that 

     ̅̅  (3.20) 

      ̅̅    ̅ ( √ ) (3.21) 

and 

       ̅̅    ̅ ( √ )  (3.22) 

  



 

22 

 

  



 

23 

 

4 Development of process 
This chapter describes the work of developing a process that is able to determine the final weight 

of a crane together with a good approximation of the component weights. The chapter is 

structured chronologically, and describes ideas and problems regarding every step in the 

development process. 

4.1 Simulated measurements 
In order to test different theories and methods in a controlled way, mainly simulated values were 

used for the development of the process. This way variations and errors could be controlled and 

correct values were known which made it easier to evaluate results. This means that unless 

otherwise stated, calculations in this chapter were made using simulated values. The following 

section will explain how those values were created. 

A matrix   was created either from recently produced real cranes (denoted  ̇) or by using 

random numbers (denoted  ). 

For all components (columns) in  ̇, weights were collected from the corresponding drawings to 

create  ̇   .  The vector      was created from  ̇    except for components where  ̇    was 

zero. In those cases,      was set to a random number between 0.01 and 300. If purely simulated 

CAD weights were to be used,      was created only by random numbers. 

For each component in     , a true weight    was simulated. This    was set to be a few percent 

above     , using discrete values for the percentages.  

The total weights of simulated cranes,  , was calculated from either  ̇ and    or   and   , 

multiplied with a small variation   to simulate deviations in manufacturing. For the case with  ̇ 

the elements of   was calculated as  

    ∑ ̇             
(4.1) 

with each      being normally distributed around one with a standard deviation of         to 

simulate a variation of about five percent on each component. The values of    was calculated in 

the same way but without the variation  , and    was the same as   only rounded to the nearest 

100 kg. 

It should be noted, that finding    is not actually possible. Because   is constructed from values 

around   , the only value that can actually be found is the mean of the values that are actually 

used to construct  . With enough observations of a certain component, this mean should 

approach   . 
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4.2 Regression analysis, simulated values 
An obvious first step in solving inverse problems of this kind is to run a regression analysis. 

There are several different software applications for regression analysis; in the beginning of this 

project Minitab 16 was used. 

Regression analysis requires two inputs: a vector   and a matrix  . The solution will be a 

vector   . Before collecting any data, the method was evaluated using simulated values. The 

matrix   was created using random values, with each cell being either 0, 1 or 2. The weights in   

were calculated as in 4.1 with a variation between -15 and 15 %.  

The output from Minitab for the first 20 components is shown in Table 4-1, together with the 

theoretical weight. This simulation was run with 400 components and 1000 measurements. 

Table 4-1. Example of output from Minitab with simulated values 

Term       

2 42,484 41 

3 70,956 69 

4 23,397 19 

5 55,595 57 

6 15,78 19 

7 15,072 19 

8 77,387 83 

9 58,154 56 

10 65,889 68 

11 35,42 34 

12 82,007 84 

13 84,881 88 

14 61,847 62 

15 58,509 62 

16 2,469 0 

17 91,346 94 

18 -6,291 0 

19 49,568 51 

20 39,019 42 

21 62,736 65 

 

The result looks promising, with only a few of the component weights off by more than a few kg. 

15 % error is probably way above what will occur with actual components. This was considered 

proof that the statistical approach is possible. 
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4.3 Data collection 
Project numbers for manufactured cranes, including their measured weight, were collected from 

LetsC. For the rest of the analysis it is important to have cranes that share many components, or 

more specifically to have many observations per variable. Therefore, only cranes from a single 

family were selected, and special cranes (such as extra-long or chain driven) as well as B-orders 

(non-standard cranes which might contain customer-specific components) were removed. The 

list of project numbers and weights was entered into an Excel worksheet. 

A macro read every project number from the list and then queries the database in BaaN to 

receive a list of the components that belong to each crane set-up. The received list contained 

some things that are only used for manufacturing (for example what tests to run before deliveries 

and what stations the crane should pass in the factory); these were filtered out by the macro. 

For each crane set-up, the macro added a new row to the matrix  ̇, with the quantity of each 

component in the correct column. If there was no column for that specific component, a new one 

was created. As a final step every empty cell of the matrix was filled with zeros. The 

corresponding weights were used to create the vector  ̇. 

4.4 Regression analysis, real values 

The matrix  ̇ and vector  ̇ obtained from the Excel macro were inserted into Minitab, and a 

regression analysis was run. Right away Minitab displayed several errors, similar to  

“* NOTE * 3803996 cannot be estimated and has been removed.” 

According to Minitab Support technicians, this can be caused by rank deficiency in the matrix. A 

bit simplified; if it’s not possible to distinguish between two variables, one of them is removed. 

This would be the case if two columns of   were the same. Minitab has a built-in function that 

calculates the correlation between every pair of columns, and outputs it in a matrix. A correlation 

coefficient of 1 (direct correlation) means that the two columns are linearly dependent, that is if 

one of them is known the other one can be calculated from that column. 

The correlation matrix from Minitab was inserted into a new macro that finds correlation 

coefficients equal to 1 and their corresponding components. One of the correlating components 

was then simply removed. This was done in order to evaluate the method, a more elegant 

solution on how to handle correlating columns could wait until later. 

Even with the direct correlations removed, there were many components that couldn’t be 

estimated by Minitab. The weights of the ones that were actually estimated were off by several 

hundred kilos, mostly evident because many of them were negative.  
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4.5 Support weighing 

Technically, it would be possible to weigh single components in order to make the rank of  ̇ 

better. Some components are more difficult than others (for instance components which have 

many different parts), and some might not be in stock except for when they are going to be used, 

but for many components it’s relatively easy. The concept of weighing one or a few components 

and adding them as new rows in  ̇ is from here on referred to as support weighing. 

In order to test the effects of support weighing, the vector   was simulated as described in 

section 4.1. This serves two purposes: first of all, it makes it possible to add more measurements 

without the manual work included. Secondly, it removes unknown variances in weights, 

unknown measurement errors, and human error in data entry. Any problems that occur when 

using a calculated   instead of a measured one would be either due to the method or the matrix  ̇ 

itself. 

Another similar way to make the rank better is to add scales at more places in the assembly 

process. If the problems described in the previous section are due to high correlations among the 

components (but not direct ones, since those correlations have already been removed), 

measurements while the crane is partially assembled might help break those correlations. The 

data received from BaaN contains information about the cranes path through the plant, so the 

macro that was used earlier was modified to simulate partial weighing as well. 

The initial thought was to add support weighing of the components that Minitab fails to 

calculate. Minitab is then able to calculate all of the components without warnings, but the result 

was still way off as soon as any variation was introduced. The result was incorrect even if every 

single component got weighed, even though the problem now seemed trivial. 

The idea of adding scales at different stations in the factory doesn’t really help the analysis at all. 

The explanation for this can be found in the way the components are combined. Components that 

have high correlation are usually assembled at the same station or at nearby stations. Breaking all 

of those correlations apart would require an unreasonable amount of measuring points. 

4.6 Least squares solutions 

The least square solution of      means the solution that minimizes the difference between 

   and  . However, because we are looking at the component weights, this might not be the 

wanted solution. Using the model to predict the weight of a new crane that is similar to the ones 

already in the model might work well even if the component weights are off, but there is no good 

way to verify the result. There is also an apparent risk that if some components that are not in the 

same setup in   were to be assembled together in a new crane, the prediction might be off 

because the component weights are unrealistic. The same may occur if a crane containing a new 

component that replaces an old component is to be predicted, since a large error in the old 

component would be compensated for by the other components in that crane.  
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In order to have more control over the calculations, Minitab was replaced with Matlab. Minitab 

is good for doing simple analyses, but it can only handle certain types of situations. It is also 

limited when it comes to the maximum size of a problem. Matlab has fewer built in features, but 

all the built-in features of Minitab can be built in Matlab with the help of m-files, and the results 

from Matlab is easier to interpret since the processes which produce them are fully known and 

hopefully understood.  

Matlab offers the possibility to solve the rank deficient problem by using the pseudoinverse. That 

means finding the solution with the smallest norm, no matter what rank   is. By using the 

pseudoinverse, the system could be solved even without support weighing. The resulting 

component weights however were off by several hundred kilos, probably because the 

pseudoinverse only makes sure that the norm of       is as small as possible. When every 

component got support weighed, the pseudoinverse gave about the same solution as a regular 

least square solution. 

Another feature in Matlab is a command called lsqnonneg. Lsqnonneg also finds a least square 

solution, but with the extra constraint that no coefficient should be below zero. This should at 

least be closer to a solution with realistic component weights. However, as lsqnonneg lifts some 

component weights above zero, others get a larger residual and the solution is no better than a 

regular least square solution. 

If the least square solution of      gives unrealistic component weights, there might be a 

better way to solve the problem. If the weights in the CAD system are assumed to be correct 

except for features that are not modeled, a better solution could be to minimize the difference 

between      and   . This can be accomplished in several ways, for instance by defining    as 

every element in      multiplied by (   ) and minimize 

        (4.2) 

Equation (4.2) gives a resulting   as the fraction between      and  . Another similar way is to 

define               and minimize 

                 (4.3) 

the only real difference between the two solutions is whether they minimize the percentual 

difference   or the difference in kg      .  

Even though the analysis was now striving towards good component weights, the result was still 

way off as soon as any variations were introduced. This suggests that the problem might not be 

in the approach but instead in the data that is used to create the model. 
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4.7 Data conditioning 

There are several things that can be done to the matrix  ̇ in order to make the problem easier to 

solve and thereby make the solution better. Correlation tests were mentioned in section 4.4, but 

there are other things that can be done with knowledge about the specific problem, in this case 

about the components. 

Many of the components that are collected from BaaN are not real parts, but can be for instance 

instructions for the assembly personnel. There is no way to distinguish these from real parts 

automatically, so this must be done by manually looking at the component names. 

There are also many components that are real physical parts, but have a negligible weight. This 

can for instance be signs, warranty papers or manuals. These parts increase the number of 

columns in  ̇ a lot, but don’t really contribute to any weight when looking at complete cranes. 

In order to make the calculations better, both the assembly instructions and the parts with 

negligible weights were removed. The same was done with oil and paint, because the weight of 

those should be connected to their corresponding part. 

In some cases, the only difference between two components is the country the crane is shipped 

to. This is the case with manuals and warranties, but those were already removed due to their low 

weight. Radio controllers on the other hand have a significant weight, but the only difference 

between two different components for them is the frequency that they operate on in a specific 

country. Therefore, they can be combined into one component without damaging the result. 

There might be more components that could be combined into one component so the Matlab 

scripts are built to handle that. 

Cranes that have a unique component, meaning one that is used in only one crane in  ̇, will not 

make the analysis better. In fact, that component will often get a very large component residual 

when the norm of  ̇    is minimized. This is due to the fact that it is always possible to make 

the total residual of that crane zero without affecting the total norm, just by changing the weight 

of the unique component. Since those cranes do more harm than good, they are not used in the 

analysis.  

After conditioning the matrix, it was apparent that there are not as many unique crane set-ups as 

previously thought. When the components mentioned above had been removed, almost one third 

of the cranes in the data set were duplicates. This further explains why the matrix was rank 

deficient to begin with. 

Duplicate cranes are not a problem for the analysis as a whole, but they are a problem concerning 

unique components. A component that only exists in two cranes that have an identical set-up is 

just as bad as if it was a single crane, but it is much harder to identify. This is solved by adding 

duplicate cranes into one entry (summing the rows in both  ̇ and  ). This doesn’t change the 

analysis, but makes it possible to detect and remove set-ups with unique components. 
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4.8 Mathematical versus numerical full rank 
Consider the matrix 

 

 
[
   
   
       

]  (4.4) 

In a strict mathematical sense, this has full rank since every column has a pivot element. 

However, from a numerical point of view the last row has a very low impact because it is much 

smaller than the rest of the rows. In a numerical sense, the matrix is actually badly conditioned. 

The effect is the same when using support weighing, only then there are several hundred rows 

containing only 1 or 0. 

Since the weights in   are not exact, there will always be errors in the component weights. The 

least square solution will spread these errors out, while keeping the norm of       as small as 

possible. A bit oversimplified, this means that the higher the sum of all elements in a column, the 

smaller the error associated with that component. 

Adding one single support weighing will only slightly affect the column sum of  ̇. The rank of  ̇ 

gets improved by adding the support weighings, but the matrix is still as badly conditioned as 

before. 

4.9 Regularization 

Because  ̇ is ill-conditioned, more information must be added to the system. The most straight 

forward way to do this is to regularize it using weights from the CAD system. Even if many of 

the weights are wrong or missing, there might be enough information to make the problem well-

conditioned. 

In order to test this theory, all CAD weights were assumed to be correct, meaning that the parts 

were assumed to be modeled correctly, but with some features missing (i.e. oil, paint, welds etc.). 

For these tests, every element in      was assigned a random weight. 

The system was regularized by 

 
[
 
  
]   [

 
      

]  
(4.5) 

The choice of   and   is difficult. The product    must be large enough to make the extended 

matrix well-conditioned, but not so large that the solution is pinned to     .  

As a first try,   is set to  , the identity matrix. This can be seen in Figure 4-1to Figure 4-5. For 

the graphs on the left in these figures, the y-axis shows       and the x-axis shows 

components sorted by increasing   . The value    cannot be observed in real data, but is good for 

visualizing what happens with the simulated data. The red line represents the 5 % maximum cad 
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variation used for these tests. The plot on the right in Figure 4-1-Figure 4-5 shows         on 

the y-axis and components sorted by increasing    on the x-axis. 

In Figure 4-1,     and    . As can be seen, the residuals are rather large but spread out 

evenly around 0.  The graph on the right shows that this solution is not especially biased 

towards     . 

 

Figure 4-1. Component residual with     and     

Changing   can give a better result. The optimal   can be found by locating the corner in the L-

plot, or for the simulated data by looking at the norm of      . For this data set, the optimal   

was found to be close to 14. With     , the residuals get smaller, but the weights are more 

biased towards     . This can be seen in Figure 4-2. 

 

Figure 4-2. Component residual with      and     

As   is increased even more, seen in Figure 4-3, the residuals group more in a triangular pattern. 

The reason for this is that      is always lower than   , which means that as    gets closer 
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to     , it also gets lower than   . The graph on the right shows that this solution is starting to 

get close to     . 

 

Figure 4-3. Component residual with      and     

At even higher  , lines start to appear in the triangle. This was the reason why the difference 

between      and    was calculated in discrete percentages, it makes it easy to see when    is 

really close to     . As seen in Figure 4-4 there is one line for every percentage. The graph on 

the right clearly shows that the solution is getting close to     . 

 

Figure 4-4. Component residual with       and     
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When   is increased much more, the lines get more obvious. See Figure 4-5. This solution is 

almost equal to     . 

 

Figure 4-5. Component residual with       and     

As a second try in finding a good   ,   was set to one and each diagonal entry in   was set to be 

the sum of the corresponding column in  ̇. The idea was that this should make the weight from 

CAD equally important to the measurements. This however turned out to be a bad idea; some 

component weights get so close to     , which is strictly lighter than   , that they force others to 

be way too heavy. This can be seen in Figure 4-6. 

 

Figure 4-6. Component residual with   being the column sum of  . 
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With     , each element on the diagonal of   being the norm of the corresponding column 

in  ̇, increasing   to the optimal immediately makes the component weight get biased 

towards      as can be seen in Figure 4-7. 

  

Figure 4-7 Component residual with     and      

With     however, the result is more like the previous results. Some of the residuals are large, 

but most are close to zero without being too biased towards     . The result can be seen in 

Figure 4-8. 

 

Figure 4-8. Component residual with     and      
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4.10 Iteration 
There might be a way to improve the solution by some sort of iteration. It would be preferable to 

use    , because finding   for a set of data is problematic and not that practical for everyday 

use and different data sets require different  .  

For the test with different kinds of iteration, equation (4.5) was changed into  

 [
 
  
]   [

 
   ̃

]  (4.6) 

where  ̃       in the first iteration.      was created by random numbers. The iterations were 

run 100 times, each time changing either    ̃ or both. Both     and      were tested. 

Several questions had to be answered: Is      always the best guess, or can a better guess  ̃ be 

made after running the analysis? Can   be modified to pull only certain components closer to  ̃? 

Can physically impossible solutions be avoided by pulling those components whose    is under 

zero closer to  ̃? 

Both for simulated and real data,      should always be slightly below the corresponding   . 

This means that a correct    should be a few percent above the corresponding     . Values 

either below or high above      are most likely wrong. 

One obvious thought is that components whose    are slightly above      should stay there. This 

can be achieved by setting  ̃ to either    or a value between    and     , and increasing the 

corresponding  . Increasing   makes sure that the solution is being pulled harder towards the 

new  ̃. After enough iteration, this makes sure that most components are within the specified 

interval. However, this only ensures that the component weights are within the interval, not that 

they are actually correct. 

Another method might be to pull the components that are far away closer to     . This was done 

by increasing   for those who were outside the interval. This caused some components to get 

closer to     , but many times other components had to compensate by getting further away.  

In order to improve this,  ̃ was modified at the same time as  . Each time a component had its 

predicted component weight    either below      or higher than 10 % above     , a new best 

guess for that component was set to  

  ̃        (       ) (4.7) 

where   was tried as both 0.1 and 0.5, and   was increased by 10 %. This gave a smoother 

behavior, since the component was being pulled towards a value somewhere between      and 

the previous   . It did however give a solution that was highly biased towards     . Running the 

same iteration without increasing   did not pin the solution to     , but the result was only 

slightly better than without running the iteration at all. 
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Negative component weights are obviously physically impossible, but can appear in models like 

this. Correcting those weights by pulling them harder towards      could in theory cause others 

to get closer to their real value. Because one component often affects other components, only the 

most negative component in each iteration was changed. When all of the component weights 

were positive, many of them were pinned too close to     . 

The same thing occurred when increasing   for components which had        . Both in this 

test and the previous one, some components constantly got pushed down and needed a very high 

  in order to stay close to     . It seems like these were the components that are only used in a 

few cranes. This will be touched more upon in section 0. 

When all different sorts of tests had been made, it was apparent that the best iteration is using 

equation (4.7) with      . Figure 4-9 shows this without changing  , Figure 4-10 show this 

with   increased with 10 % every time a value gets outside the specified interval. Figure 4-11 

show the result without iteration, with     . 

 

Figure 4-9. Component residuals after 100 iterations without changing  . 
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Figure 4-10. Component residuals after 100 iterations with changed  . 

 

Figure 4-11 Component residuals without iteration. 

The iterations gave a better result than just running with     , but it was only slightly better. 

Running for 100 iterations requires lots of computing time, and the iterations are sensitive to 

faulty values in     . Because of the small gains and large problems associated with iterations, 

running the analysis with      without iteration seems like the best idea.  
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4.11 Predictions 
When all of the component weights are reasonable, it’s possible to make predictions of new 

cranes. However, since there are so many duplicate cranes, there is a big possibility that an 

identical crane has already been built. If there is a measurement of an identical crane, is that 

better than the predictions based on the regression process along with regularization? 

In order to test this, predictions were made on a sample of crane set-ups that were already in the 

analysis. These were compared to the mean weight of the old identical set-ups. Figure 4-12 

shows the difference between predictions made by  ̂   ̇ 
    and predictions made by taking the 

mean weight of old, already measured crane set-ups. Both the predictions are subtracted from the 

theoretical value     ̇ 
    to make the graph easier to read. The result shows that predictions 

made with regression are in most cases better than the ones made with the mean of old 

measurements.  

 

Figure 4-12. Comparison between predictions and mean of old measurements 

The reason for this is that the predictions made with regression are based on many more 

observations than the mean value of the old identical cranes. This means that the predictions 

made with regression are less sensitive to variation. It should also be noted that the 120 cranes in 

Figure 4-12 were actually part of a larger set of 141 cranes, but only 120 of those had been 

manufactured before. 

As was mentioned in section 4.7, unique components do not serve any real purpose for the 

analysis. For this reason they were removed. There are, however many components that are only 

used two or three times in the entire data set, and they will still get a big residual. This is shown 

in Figure 4-13 which show component residuals sorted by number of occurrences, plotted with a 

log-scale on the x-axis. Figure 4-13 was made with a much bigger data set than the one used 
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previously; this was done only to make the shape of the graph clearer. What can be seen is that 

the component residuals are much higher for components that appear rarely in  ̇. 

 

Figure 4-13. Component residuals sorted by number of occurrences. 

Removing all of those cranes is not possible, because there would be very few observations left. 

Also, they still add some information to the model. However, making a prediction based on 

component weights that are likely to have a large residual might not be a good idea. For these 

components it’s possible that the weight from CAD could be a better estimation.  

One way to do this is to replace the weight in   with the one in      before making the 

predictions and another way is to set a high   for those components when running the analysis. 

Both of these approaches were tested and the results are shown in Figure 4-14 to Figure 4-16. 

The numbers on the x-axis shows how many occurrences a component should have in   before 

being considered good. The y-axis shows the norm of the difference between predicted weights 

and true weights for 141 cranes. The only difference between the figures is which set of random 

numbers was used for the component weights, the variations are the same.  
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Figure 4-14. Comparison between replacing xp and increasing L to 500, run 1 

 
Figure 4-15. Comparison between replacing xp and increasing L to 500, run 2 

 

Figure 4-16. Comparison between replacing xp and increasing L to 500, run 3 
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Figure 4-14 and Figure 4-16 show that it can improve the result to run the analysis with a large   

for components used less then around 5 times. Figure 4-15 however shows a different result. 

Because the result was different with different random numbers and even in the best case just 

marginally better than without corrections, it is safer to run the predictions with only   .  

4.12 Results 
The tests show that it is possible to improve the result slightly by different sorts of iterations. 

However, the tests are run with perfect data. 

Making automated decisions based on      when it is known to have errors is risky. The entire 

process would need to be carefully monitored to make sure that the solution isn’t forced towards 

a bad value. With the small gain of iterating, it is simply not worth the extra risk. 

Finding an optimal   is difficult to do in a practical sense. Using the L-curve, at least for this 

data, is difficult and requires a lot of experience. Because of this, a solution that requires      

is not really practical. The best compromise between good result and ease of use is therefore 

using      and    . 

To test the model, the last 141 manufactured cranes were collected from LetsC and BaaN.  This 

was the same data set that was used to create Figure 4-12. The results from the predictions made 

on these cranes can be seen in Figure 4-17. The different cases are with the  ̇̃   ̇    (meaning 

that many components are missing a weight on the drawing, as they currently are) and  ̃       

(meaning that every drawing is correctly made but missing some features). Both of these have 

been evaluated with good weighings ( ) and with weighings rounded to the nearest 100 kg (  , 

answering the question of whether a better scale than the one on the forklift would improve the 

analysis). The diagrams show lower and upper bound of the predictions, the predicted value  ̂ 

and    everything is divided by  ̂. It is important to note the different scales on the four plots in 

Figure 4-17. The reason for different scales as well as division by  ̂ is that it makes the graphs 

much easier to read and interpret. 
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Figure 4-17. Comparison between predictions for a number of simulated cases along with prediction intervals and 

simulated measurements. 

The same thing as above is done with real data, shown in Figure 4-18. These predictions are 

done on actual cranes with actual data collected from BaaN and LetsC. 
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Figure 4-18 Prediction interval for actual measurements along with predicted values measured weight. 

As can be seen, replacing the scale on the forklift gives only a slight improvement. What really 

needs to be done is to make      better. If every drawing is made correctly, the prediction 

interval with simulated data is little above 2 %. If nothing is done to the drawings, the simulated 

data gives a prediction interval above 20 %.  

The prediction interval using real values is about 9 %. This shows that the simulated data might 

have more variation than the real data, and that it is possible to reach the target of 1 % by 

correcting some of the weights in CAD. 

As can be seen in the plots, the prediction interval is actually wider than it needs to be. 95 % of 

the predictions should be inside the interval, but for the simulations none of them are even close 

to the upper or lower bound. The reason for this is probably the fact that the predictions are made 

on a regularized model. The estimated values in  ̃ actually have a pretty bad fit to the rest of the 

model, causing both the standard deviation and the prediction error to be larger than they have to 

be. Currently, there seems to be no theory on how to calculate a prediction interval from a 

regularized model. 

4.13 Statistical process control 
When a good enough prediction model has been produced it can be used together with a control 

chart to monitor the production and give alarms when the process gets out of control. As a 

quality characteristic the differences between measured and predicted weights for the same crane 

can be used.  

First a number of predictions on produced cranes had to be made in order to see that the system 

could be considered in control. 200 cranes were chosen on which the difference between 

simulated weight and predicted was calculated. These differences were then divided into sample 
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groups with     according to the theories described in section 3.7.1. Within the groups,   and 

 ̅ was calculated in order to make estimations of   ̅ and   ̅. A control chart was then created in 

which  ̅ for the different groups was plotted and the result can be seen in Figure 4-19. 

 

Figure 4-19. Trial run for control chart. 

As can be seen in the figure the process could be considered in control, something that is not 

surprising seeing that simulated values was used. The fact that the centerline did not end up at a 

mean difference of zero is a sign that the predictions was inclined towards slightly low values, 

but the CL should be kept at the estimated value since the control charts purpose is to evaluate 

the stability in the production system, not the accuracy of the predictions.  
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Since the process was considered to be in control 141 new cranes was collected from LetsC and 

predictions were made for them. These new cranes were also divided into groups with size 

    and the groups respective  ̅ was plotted onto a control chart with the same limits as 

described above. The result can be seen in Figure 4-20. 

 

Figure 4-20. Control chart with new predictions. 

All this was done to confirm that control charts with the difference between weighed and 

predicted weight as quality characteristic can be used to monitor the production system.  
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5 Proposed process 
This chapter describes a suggested workflow, based on the findings in the previous chapter. 

5.1 Creating the model 
In the first part of the process, the model is created. This is done by collecting and refining data, 

and solving the system. 

5.1.1 Data collection and conditioning 

A list of manufactured cranes with corresponding project numbers and weights are collected and 

inserted into an Excel worksheet. A macro takes each project number and gathers information 

from BaaN about which components are included in each crane set-up.  

The set-up for each crane is used to create the matrix  ̇. For every different component, i.e. for 

each column in  ̇, the corresponding weight is collected from a drawing. The weight is stored in 

the same worksheet as  ̇. The worksheet is imported into Matlab, creating  ̇,  ̇    and  ̇ . The 

vector  ̇  is a list of component names. 

Most of the time oil tanks for the cranes are shipped separately, but they are still included in the 

list received from BaaN. To make the list of components match the components that were 

actually weighed, the oil tanks and possibly other components are removed from the matrix.  

Components with negligible weight (signs, manuals etc.) are removed from the matrix. Radio 

controllers and possibly other components without differences in weight are combined. Each 

time new data is collected, the list of components  ̇  must be checked to find these kinds of 

components. 

Initially all values in  ̇̃ comes from  ̇    but in some cases, it might be desired to use a different 

weight than the one on the drawing. In those cases, Matlab reads a new weight from a list and 

replaces the value in  ̇̃ . 

5.1.2 Solving the system and refining the input 

When the values in  ̇̃ are satisfactory a test is conducted to identify cranes that might have been 

incorrectly weighed. To do this a preliminary prediction model has to be created. Because some 

components always appear together a correlation test is run first. If the correlation coefficient for 

a pair of components is 1, they are combined to one component and the weights in  ̇̃ is 

combined.  

The preliminary prediction model is then created by solving the system  

 
[
 ̇
 ̇ 
]   [

 ̇
 ̇  ̇̃

]  
(5.1) 

The least square solution is a vector  ̇   
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To identify large errors in the measurements in  ̇, a plot of the residuals  ̇ ̇   ̇ is made. The 

largest residuals might be because of an error in data entering, so those cranes need to be 

checked. An example of how to identify these cranes can be seen in Appendix I. It is important 

to re-run the analysis after removing errors in the data, as one bad measurement will usually 

cause errors in other places. 

When all of the measurements in  ̇ are reasonable, duplicate cranes are combined into one row 

and all cranes with unique components are removed. When this is done a new correlation test is 

run to make sure that no new direct correlations have emerged by the conditioning. If a 

correlation is found, entries in  ̇̃ and  ̇ are combined before removing one of the components.  

After all correlations have been taken care of,  ̇ is calculated from the modified  ̇ and  ̇ by 

equation (5.1) and a plot of  ̇   ̇̃ is made. A large difference between  ̇  and  ̇̃ can be due to 

an error on the drawing, or an incorrect guess. If there is an error, it needs to be corrected, and 

the analysis re-run. For some components it is reasonable to have a large difference, this can be 

the case with for instance cylinders which contain lots of oil. In that case, it might help the 

analysis to adjust the weight in  ̇̃ with either an estimate or a measurement of a real component.  

When all apparent errors in the data are removed or corrected the final prediction model is 

created by solving the system in equation (5.1). The  ̇  that comes out of this final run is 

considered to be the final prediction model which is used to make predictions. Some values in  ̇  

can be considered to be good guesses of the component weights and used as starting values in  ̇̃ 

if the analysis should be run again. This can be for instance components that have been used 

many times in  ̇.  

5.2 Making predictions 
In the second part of the process the data needed for a prediction model is collected and a 

prediction is made. 

The prediction set-up,  ̇ , is created from a list of its components. This is done to ensure that it 

has its rows in the same order as the columns in  ̇.  

A prediction is made by  ̇̂   ̇ 
  ̇ . Along with the predicted weight a prediction interval is 

created, this is done to ensure that the prediction has a high enough confidence level. 

If the new crane set-up contains a component that has not been used before, that component 

cannot be predicted. The prediction  ̇̂ and the prediction interval will be calculated without that 

component, and it must be added separately. The prediction will also be calculated without oil 

tank, but with pallet. The weight that actually affects the customer is with oil tank but without 

pallet, so this must be taken into consideration.  
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It must be noted, that the component weights in  ̇ are not perfect. This can cause confusion if, 

for instance, two similar cranes are predicted. It that case, it is possible that one of them gets a 

slightly higher weight than the other one, when it is obvious that it should be the other way 

around. Care must be taken when delivering a prediction to a customer that does not know how 

the predictions are made.  

5.3 Statistical process control 
Apart from making predictions on cranes that are to be manufactured, the results from previous 

sections can be used to evaluate whether or not the production process is in statistical control or 

not. This is done with control charts, using the difference between a weighed crane weight and 

its corresponding predicted weight as a quality characteristic for the production system.  

To do this, first of all it is necessary to determine if the system is in control so initially about 200 

cranes will have to be produced on which predictions are made. These cranes will be used to 

estimate   ̅ and   ̅, and later plotted in the control chart constructed using these variables.  

If the chart indicates that the system is in control cranes at delivery can be predicted and the 

difference between predicted and measured weight can be plotted on the control chart. This 

should be done at least semi-automatically at the same time as the crane weight is entered in the 

production system before the crane is shipped from the factory. 

If, however, the chart indicates that the system is out of control, actions should be taken to 

identify and correct the assignable causes of variation present. The purpose of this is not to 

justify the use of a control chart, but mainly that a system that is out of control is unpredictable 

and therefore risky. When the assignable causes has been identified and corrected a new set of 

cranes should be produced on which new variables for the control chart can be estimated. If this 

set shows that the system is in control the chart can be utilized as mentioned above, otherwise a 

new round of identifying assignable causes should be conducted and so on and so forth until the 

system is in control. 
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6 Discussion and future work 
The initial plan for the statistical approach was to make a quick regression analysis in Minitab, 

and then spend time on analyzing the result. The hope was to be able to identify the variance for 

every component, and in that way find out where improvements could be made.  

Unfortunately, the mathematics involved in solving this problem was a bit more advanced than 

what was expected. The ill-conditioned matrices lead to regularization, which is an active 

research subject, often used for instance in image analysis. This means that the available theory 

and tools are difficult to comprehend and use. Since regularization is utilized the proposed 

process can be viewed as a combination of both the methods considered initially. 

The proposed process seems to work, but there is still some work that needs to be done. First of 

all, there are a lot of drawings that need their weight updated. Second, there needs to be some 

sort of user friendly interface both for creating the model and making predictions. Currently 

everything needs to be done through the Matlab command window, which is not exactly user 

friendly. 

Making predictions based on a regularized model is not common. The prediction intervals 

calculated in this report are actually a bit wider than they need to be, probably because the 

guessed values for the regularization make the total variance of the model large. How to 

calculate a prediction interval for a regularized model could probably be a basis for a new thesis 

or a research paper. 

As in every project, a lot of time is spent on things other than the primary target. In order to have 

any data to analyze, there had to be Excel-macros and Matlab-functions that could gather and 

process data from the production system. None of these tasks are primary to the education 

received but as engineers we think that it is important to be able to handle new problems and 

quickly learn the skills required for the work at hand. 

Another thing that is also very common in projects is the problem of finding good units of 

measure. Comparing two solutions would be much easier if there was one single number that can 

be used to evaluate how good that solution is. Making decisions based on the appearance of 

graphs is difficult, and can at times be subjective. In this project, most difficult decisions have 

been made based on that the model should be easy to use instead of going strictly by the results. 

Despite all this the results from tests shows that the method used has an accuracy within the 

desired limits, something that should not be forgotten. The goal was set to predictions within 1%, 

something that the proposed model will be able to do once weights on drawings are corrected. 

The question of when and how the prediction should be presented to the customer has been left 

to be taken care of by the company. This will need to be based on discussion between many 

different departments, something that requires not only time but also good knowledge about how 

the company is run. 
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Appendix I. Example of identification of incorrect weighings 

The figure below shows how incorrectly weighed cranes looks like after preliminary predictions. 

 


