
An Optimal Approach for Land-Use / Land-Cover
Mapping by Integration and Fusion of Multispectral
Landsat OLI Images: Case Study in Baghdad, Iraq

Hayder Dibs & Hashim Ali Hasab & Jawad K.
Al-Rifaie & Nadhir Al-Ansari

Received: 23 April 2020 /Accepted: 27 August 2020
# The Author(s) 2020

Abstract Using solely an optical remotely sensed
dataset to obtain an accurate thematic map of land use
and land cover (LU/LC) is a serious challenge. The
dataset fusion of multispectral and panchromatic images
play a big role and provide an accurate estimation of
LU/LC map simply because using a dataset from differ-
ent spectrum portions with different spatial and spectral
characteristics will improve image classification. For

this study, the Landsat operational land imager multi-
spectral and panchromatic images were adopted. This
study aimed to investigate the effectiveness of using a
panchromatic highly spatial resolution to refine the
methodology for LU/LCmapping in Baghdad city, Iraq,
by performing a comparison of classifications using
different algorithms on multispectral and fused images.
Different classification algorithms were employed to
classify the data set; minimum distance (MD) and the
maximum likelihood classifier (MLC). A suitable clas-
sification methodwas proposed tomap LU/LC based on
the outcome results. The result evaluation was conduct-
ed by applying a confusion matrix. An overall accuracy
of a fused image using a principal component-based
spectral sharpening algorithm and classified by the
MLC classifier reveals the highest accurate results with
an overall accuracy and kappa coefficient of 98.90%
and 0.98, respectively. Results showed that the best
methodology for LU/LC mapping of the study area is
found from fusion of multispectral with panchromatic
images via principal component-based spectral algo-
rithm with MLC approach for classification.

Keywords Image fusion . Supervised classification .

Maximum likelihood .Minimum distance . Principal
component-based spectral sharpening algorithm

1 Introduction

Reliable and accurate land use and land cover (LU/LC)
classification is important for applications in a wide
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range (Zhang 2010). Examples of these classification
approaches that have been employed in various disci-
plines and applications include the following: global
change monitoring, land use detection, geographical
information data updating, natural hazards modeling,
and urban expansion prediction (Cihlar and Jansen
2001; Lu et al. 2011; Sang et al. 2014; Hayder 2015;
Otukei et al. 2015). Remote sensing (RS) is useful for
determining LU/LC estimation using suitable datasets
and classification techniques. Imagery classification is
considered the most common method to map LU/LC; it
is a very complicated process which considers several
inputs and factors. The primary step in imagery classi-
fication may start with determining a suitable classifica-
tion approach (Chasmer et al. 2014), training site selec-
tion, imagery pre-processing and processing, feature
segmentation and extraction, suitable classifier selec-
tion, conducting post-classification processing, and
performing accuracy assessment (Lu and Weng 2007).
Selection of a suitable classifier approach is critical for
obtaining an accurate LU/LC thematic map. For LU/LC,
estimating techniques, methodologies, and algorithms
have been adopted, including the MLC as referenced
by Gevana et al. (Gevana et al. 2015) and advanced
approaches such as the artificial neural networks (ANN)
(Elatawneh et al. 2014; Ghosh et al. 2014; Hayder et al.
2018; Cavur et al. 2019). Decision trees (DT) (Chasmer
et al. 2014; Löw et al. 2015), object-based algorithm and
support vector machine (SVM) (Iounousse et al. 2015),
dataset fusion technique (Temesgen et al. 2001), and
sensor integration techniques (Lucas et al. 2014; Hayder
et al. 2017; Kamrul et al. 2018; Cavur et al. 2019).
Nowadays, researchers and analysts have faced difficul-
ties and challenges in terms of selecting which classifi-
cation algorithm to use (Srivastava et al. 2012; Chasmer
et al. 2014; Anjan and Arun 2019).

Imagery fusion provides superior spatial details and
information (Garzelli and Filippo 2005). Several studies
deal with imagery fusion between panchromatic (PAN)
and multispectral (MS) images; it works by combining
the PAN spatial information image that has high-
frequency features with the MS spectral information
image that has low-frequency features (Jing and Cheng
2009). Replacing the MS image low-frequency features
with the PAN image high-frequency features will en-
hance the spatial resolution with loss of some spectral
information (Guo et al. 2010). The purposes of using
imagery fusion include improving spatial resolution,
advancing geometric accurateness, improving

topographic presentation, and refiningclassification pre-
cision (Pohl and Genderen 1998). This study aims to
investigate the effectiveness of integrating the PAN and
MS images of Landsat-8 OLI and examine it with some
classification algorithms in pixel-based level to propose
a refined classification methodology to map LU/LC. A
refined classification method is a powerful tool that can
be used to obtain accurate LU/LC. The proposed proce-
dure is a good tool for analysts and researchers who are
interested in extending the technique to different
datasets and regions.

2 Materials and Methods

The detection approach to map LU/LC was tested and
examined by previous works, and selecting the best
algorithm to detect the LU/LC is a difficult task to
perform, simply because it relates to the study area
location and to the kind of features that are located in
the study area, for example, the North Pole area will
have different features and feature reflections compared
with the tropical area (Jia et al. 2014). For this study,
Landsat-8 satellite imagery of 2018 was adopted in
order to perform the pre-processing and processing
steps. Different kinds of supervised classification
pixel-based algorithms were employed on the processed
datasets, as follows: (1) the original MS Landsat-8 im-
age with a low spatial resolution of 30 m and panchro-
matic Landsat-8 image with a high spatial resolution of
15 m, (2) two types of fused images made between the
MS image that has a low spatial resolution of 30 m with
the high-resolution PAN image of 15 m of Landsat-8 by
spectral sharpening algorithms. Each fusion level has
tested a method that could potentially be applied. Ap-
plying the accuracy assessment technique was done by
using collecting ground truth data from the 2018Google
Earth Pro map; the best technique was then recognized.
The overall flowchart of this methodology is shown in
Fig. 1.

2.1 Study Area Description

The investigated area for this study was Baghdad city,
Iraq, as illustrated in Fig. 2. It is the Iraqi capital city and
has a population of about 7,216,040, and this population
makes Baghdad the biggest city in Iraq. Baghdad city is
located between (33.332–33.329) latitude and (44.551–
44.239) longitude. It occupies an area of 380 km2. In
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Fig. 1 The Methodology flowchart of the study area
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addition, it is also considered the biggest economic and
administrative center of Iraq. Baghdad city is divided
into two parts by the Tigris river; Al-Karkh (Baghdad
western part) and Al-Resafa (Baghdad eastern part). For
this research, both of these sides were considered the
research study area, as shown in Fig. 2. The elevation
ranges of Baghdad city range between 31 and 39 m
above the mean sea level (MSL). Baghdad city is almost
covered by urbanization areas.

2.2 The Used Dataset and Reference Data

The used satellite dataset includes the Landsat-8 image
obtained in 2018. The Landsat-8 satellite sensor was
launched on 11 Feb 2013; it carries two sensors; (1)
operational land imager (OLI) and (2) thermal infrared
sensor (TIRS). Landsat-8 satellite data have eleven
bands with 30 m as a spatial resolution for each band
of 1–7 and 9. However, in the panchromatic band (band
8) with a spatial resolution of 15 m for bands 10 and 11,
the spatial resolution is 100 m. Tables 1 and 2 are
describing the characteristics of OLI and TIRS. The
imagery of this study was freely downloaded from US
Geological Survey (USGS) with path = 168 and row =

37 as referenced from http://earthexplorer.usgs.gov. It
was acquired at 12 April 2018 with level processing
(1 T) standard terrain correction, WGS-84 as a datum.
The adopted image is free of the cloud. Figure 3a, b
shows the MS and PAN images of the study area.

Ground truth data should be obtained to perform
supervised classifications, training site selection, and
classification accuracy evaluation. For ground truth
data in this study, the Google Earth Pro mapping
was adopted to collect training and testing interest
sites. Simply because, the Google Earth Pro image
has a high spatial resolution, the study area classes
following interpretation were defined, and five LU/
LC classes (urbanization area, water bodies, roads,
soil area, and vegetation) were identified. The
adopted Google image was from 2018. The random
sampling procedure was applied in terms of
collecting samples for every single class. The sam-
pling sites have been distributed throughout all the
study area in order to ensure obtaining accurate
classification results. More than 200 pixels were
selected for every single class. Figure 4a, b shows
the collected training and testing samples for image
classifications.

Fig. 2 Location of the study area, Baghdad city, Iraq
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2.3 Pre-processing

An accurate geometric correction performance for sat-
ellite images is required to conduct an accurate image
fusion (Otukei et al. 2015). The suitable location of
ground control points (GCPs) was selected. A first poly-
nomial transformation and the nearest-neighbor resam-
pling method were applied; the obtained root mean
square error (RMSE) was equal to 1.35 pixels. For this
study, the geometric correction of Landsat MS (OLI
sensor) and PAN (TIRS sensor) images was done based
on the collected GCPs from the Google Earth map. Ten
GCPs were distributed in the study area to correct the
MS image, as indicated in Table 3 and Fig. 5. Another
correction was applied on Landsat images, and radio-
metric correctionwith previous studies was proved as an
essential method in imagery pre-processing to remove
sun illumination effects (Pohl and Van 1998; Zhang
2010; Idi and Nejad 2013). Thus, both of the Landsat
MS and PAN images were corrected to convert the
digital numbers (DNs) of the MS and PAN images into
meaningful radiance; the dark object subtraction (DOS)
was employed to correct the MS and PAN images for
atmospheric conditions (Zhang et al. 2014). Figure 6

shows the corrected images from geometric and radio-
metric errors. Most of the collected GCPs were of road
intersections of the study area that suffered from many
wars. So, most of the buildings could be destroyed.
However, road intersections will stay even if the build-
ings are destroyed.

2.4 Image Fusion

The MS and PAN images data were integrated after
performing image sub-setting and layer stacking. In this
study, two approaches have been applied by conducting
image fusions between the MS and PAN datasets (Jing
and Cheng 2009; Li et al. 2012; Idi and Nejad 2013; Löw
et al. 2015). The first fusion level was conducted between
the MS and PAN images using the principal component-
based spectral sharpening method (Ban et al. 2010;
Amarsaikhan et al. 2012; Idi and Nejad 2013). Whereas,
the second fusion level applied the color-normalized
spectral sharpening method. Figure 7a, b shows the fused
images after employing the principal component (PC)-
based and color-normalized (CN) spectral sharpening
algorithms. The PC pan-sharpening analysis approach is
known as one of the methods of imagery pan-sharpening.
It belongs to both projection and substitution algorithm.
The PC method is the correlated variable transformation
into a set of uncorrelated variables; these uncorrelated
variables are known as principal components
(Paidamwoyo et al. 2020). The CN spectral sharpening
is known as stands of color-normalized approach, it is
often applied to pan-sharpening of the MS images. It can
be employed to simultaneously sharpen imagery band
numbers (Ghassemian 2016). Each multispectral band is
multiplied by the panchromatic band. The normalized
fusion image was included in all the MS bands.

2.5 Image Classification and Accuracy Assessment

The confusion matrix approach is often used to evaluate
LU/LC classification outcomes. It provides an assess-
ment of the classified results and referenced data (Li
et al. 2012). Pixel-based image classification approaches
were applied (Qi et al. 2010). Two classification algo-
rithms were selected and evaluated in this research; MD
and MLC to map the LU/LC in Baghdad city (Jing and
Cheng 2009; Ban et al. 2010; Bhaskaran et al. 2010; Qi
et al. 2010; Otukei and Blaschke 2010; Taubenböck
et al. 2012; Anjan and Arun 2019). The overall accuracy
(OA) and kappa coefficient are commonly used as tools

Table 1 Technical characteristics of OLI of Landsat-8

Band name Spectral range
(μm)

Spatial resolution
(m)

Band 1 visible 0.435–0.451 30

Band 2 visible 0.452–0.512 30

Band 3 visible 0.533–0.590 30

Band 4 visible 0.636–0.673 30

Band 5 near-infrared 0.851–0.879 30

Band 6 shortwave infrared 1.566–1.651 30

Band 7 shortwave infrared 2.107–2.294 30

Band 8 PAN 0.503–0.676 15

Band 9 1.363–1.384 30

Table 2 Technical specification of TIRS of Landsat-8

Band name Central
wavelength
(μm)

Spectral
range
(μm)

Spatial
resolution
(m)

Band 10
TIRS-1

10.9 10.6–11.19 100

Band 11
TIRS-2

12.0 11.5–12.51
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for assessing the quality of classification results (Nishii
and Tanaka 1999; Li et al. 2012). In this study, both of

these measurement approaches were used, and their
calculation equations are provided below:

Fig. 3 The raw Landsat satellite image (a) The Multispectral image, (b) The Panchromatic image

Fig. 4 Samples selection (a) The training samples, (b) the testing samples
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Table 3 The collected GCPs from Google Earth Pro for performing geometric correction

No. Latitude Longitude Description

1 33° 18′ 33.01″ N 44° 14′ 34.09″ E Roads intersection

2 33° 12′ 55.52″ N 44° 23′ 47.49″ E Building corner

3 33° 16′ 57.14″ N 44° 28′ 59.34″ E Airport main building corner

4 33° 19′ 56.10″ N 44° 31′ 39.06″ E Roads intersection

5 33° 16′ 53.23″ N 44° 24′ 21.58″ E Bridge corner

6 33° 23′ 37.18″ N 44° 27′ 16.83″ E Roads intersection

7 33° 19′ 02.91″ N 44° 17′ 26.46″ E Roads intersection

8 33° 25′ 02.46″ N 44° 23′ 36.42″ E Roads intersection

9 33° 25′ 42.03″ N 44° 20′ 39.82″ E Bridge corner

10 33° 26′ 36.52″ N 44° 26′ 54.44″ E Roads intersection

Fig. 5 Collected GCPs from fieldwork for performing geometric correction
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OA ¼ ∑c
i¼1nii
n

ð1Þ
kappa coefficient ¼ ∑c

i¼1nij−∑
c
i¼1ni þ nþ i

n2−∑c
i¼1n j þ nþ i

ð2Þ

Fig. 6 The corrected images from geometric and radiometric errors. a Themultispectral corrected image. b The panchromatic corrected image.

Fig. 7 Show fusion images (a) the principal components spectral sharpening image, (b) the color normalized spectral sharpening image
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where n is the total number of pixels, nij is a total number
of classified pixels, ni represents the number of in-
stances, label (i), that have been classified into label (j).

3 Results

3.1 First Experiment (Classification of Landsat MS
Image)

For the first experiment in this study, the authors applied
MLC and MD classifiers on the Landsat MS image that
has a low resolution of about 30m, to map the LU/LC of
Baghdad city. Two LU/LC thematic maps were gener-
ated of the study area. The confusion matrix was
employed in terms of classification result evaluation.
Figure 8 shows the result of the LU/LC classification
performed with Envi 5.3 software. The result reveals
that the MLC produced better accuracy than another

tested method in this research. The overall accuracy is
about 94.09%. A difference was noted between both the
two classifiers, MLC and MD methods, with a differ-
ence of about more than 0.20%. Figure 8 shows the
classification of Landsat MS image. Table 4 indicates
the overall accuracy and kappa coefficient of MD and
MLC classifiers. For image classification, it is assumed
that the red and green colors represent the urban and
vegetation areas, respectively. However, water bodies,
soil area, and roads are represented by the colors blue,
yellow, and black, respectively.

3.2 Second Experiment: Fused Image of MS and PAN
Image Classification

In the second experiment, a fused image was generated
by applying integration between Landsat low spatial
resolution MS and high spatial resolution PAN images
in order to improve and enhance the estimating and

Fig. 8 LU/LC maps produced using different classifiers applied on Landsat MS data. a Maximum likelihood; b minimum distance

Table 4 Overall accuracy and kappa coefficient of MS data classified by MD and MLC classifiers

Type of data Classifiers Overall accuracy (%) Kappa coefficient

Multispectral data MD 73.08 0.66

MLC 94.09 0.93
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Fig. 9 LU/LC maps classified using MD & MLC classifiers on to fused data by color normalized spectral sharpening. (a) Maximum
likelihood, (b) minimum distance

Fig. 10 LU/LC maps produced using MD and MLC classifiers on to fused data by principal component-based spectral sharpening. a
Maximum likelihood; b minimum distance
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mapping of LU/LC and obtain the highest accuracy. Two
types of spectral sharpening algorithms were applied to
perform image fusion. The first one was by applying the
principal component-based spectral sharpening and the
second once was by applying the color-normalized spec-
tral algorithm; two fused images were generated (Garzelli
and Filippo 2005). For image classification, both MLC
and of MD were adopted to map LU/LC and to make a
comparison between the results of these classifiers to
obtain accurate results, as shown in Fig. 9. The confusion
matrix was also used to evaluate the results of MLC and
MD. Statistically, the MLC shows higher OA (97.78 and
98.90%) for fused images by employing color-
normalized and principal component-based spectral
sharpening methods (Pohl and Van 1998; Lu and Weng
2007). These results should be compared with results of
the Landsat MS image classification in order to evaluate
the effectiveness of using the PAN image to map the LU/
LC. Therefore, the outcome of this second experiment
and the first experiment were compared. Figures 9 and 10
and Tables 5 and 6 reveal that integrating the PAN image
with the MS image will improve and enhance the result
and the accuracy of image classification to produce LU/
LC maps with the highest accuracy.

4 Discussion

Regarding the two experiments, a table of compar-
ison was performed in this study. Table 7 presents
the overall accuracy and the kappa coefficients of

all the six LU/LC thematic maps on the Landsat-8
multispectral and fused images that were employed
in this study.

In Table 6, the highest OA was calculated for each
adopted classifier approach for the MS and the fused
images. The MLC approach was recognized to work
best when employed on Landsat image fused by the
principal component-based spectral sharpening ap-
proach. The MD also has a good performance when
applied on fused Landsat by using principal
component-based spectral algorithm. The results reveal
that the classification accuracy obtained from applying
the MLC classifier is the highest accuracy when applied
on the fused image between MS and PAN; the overall
accuracy was about 98.90% with a kappa coefficient of
about 0.98. On the other side, the MD classification
accuracy for MS data was 86.03% for overall accuracy
and 0.81 for the kappa coefficient. Throughout all stages
of this study, the most accurate procedure to clearly
produce the LU/LC map is generated by the fused
images by integrating the PAN and MS images of
Landsat-8 and fused using the principal component-
based spectral algorithm, as shown in Fig. 11. So, re-
garding the result of this investigation, the optimal pro-
cedure to generate the most accurate thematic LU/LC
map of the following method is illustrated in Fig. 12.
This technique showing the best performance based on
the analysis of the results was used to produce the
optimal LU/LC map for the study area. Figure 11 indi-
cates the LU/LC map of the study area with an OA of
98.90% has five different classes (urbanization area,
vegetation area, water bodies, soil area, and roads). This
map was generated using MLC applied for the fused
Landsat MS and PAN data using principal component-
based spectral sharpening algorithm. The refined classi-
fication procedure is shown in Fig. 12.

Table 5 Overall accuracy and kappa coefficient of the fused
image by CN method and classified by MD and MLC classifiers

Type of data Classifiers Overall accuracy
(%)

Kappa
coefficient

Fused image by
(color normalized)

MD 86.28 0.81

MLC 97.78 0.97

Table 6 Overall accuracy and kappa coefficient of the fused
image by PC method and classified by MD and MLC classifiers

Type of data Classifiers Overall
accuracy (%)

Kappa
coefficient

Fused image by
(principal components)

MD 86.03 0.81

MLC 98.90 0.98

Table 7 Overall accuracy and kappa coefficient of all the six
classified maps

Method MLC
overall
accuracy
(%)

MLC
kappa
coefficient

MD
overall
accuracy
(%)

MD
kappa
coefficient

Multispectral 94.09 0.93 73.08 0.66

Fused color
normalized

97.78 0.97 86.28 0.81

Fused principal
components

98.90 0.98 86.03 0.81
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5 Conclusion

The study analyzed the use of Landsat-8 MS and PAN
images for estimating LU/LC in Baghdad city, Iraq. The
research aims to find out the improvingmethodology for
LU/LC mapping Baghdad city by conducting classifi-
cation comparisons using different approach (PC and
CN) methods on MS and fused images. Different clas-
sification methods were adopted to classify the images,
MD and MLC classifiers. The improved classification
method was proposed for LU/LC mapping based on the
result. The result validations were conducted by apply-
ing a confusion matrix. An overall accuracy of the fused
image using the principal component-based spectral

sharpening algorithm and classified by the MLC classi-
fier shows the highest accurate result with an overall
accuracy and kappa coefficient of 98.90% and 0.98,
respectively. However, the image classification of MS
data was obtained at about an overall accuracy and
kappa coefficient of 94.09% and 0.93, respectively. In
addition, the fused color-normalized classification result
has an overall accuracy and kappa coefficient of 97.78%
and 0.93, respectively. Therefore, all these results con-
firm that the image fusion using the principal
component-based spectral algorithm andMLC classifier
were determined as the best technique to estimate the
thematic map of LU/LC for this study.

Fig. 11 The optimal LU/LC
classification achieved
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