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ABSTRACT

The production of Land Use and Land Cover thematic maps using remote sensing data is one of the 
things that must be dealt with carefully to obtain accurate results, data is obtained from sensors of 
different characteristics. It is not possible to obtain high spatial and spectral accuracy in one image, so 
we used a fusion image (multispectral image with a low spatial resolution with a panchromatic image 
with high spatial resolution), which achieved high efficiency in improving the methods of producing 
Land Use and Land Cover maps. In this study, we used Landsat-8 multispectral and panchromatic 
images. The study aims to investigate the effectiveness of panchromatic images in improving the 
methods of producing Land Use and Land Cover maps for the city of Karbala, Iraq. The Support 
Vector Machine was used to classify the fusion images using the Brovey method and Gram-Schmidt 
sharpening algorithms. The appropriate methodology for producing Land Use and Land Cover maps 
was suggested by comparing classifying results and the classification accuracy was evaluated through 
the confusion matrix. Where the results showed that the method of classifying the fused image by 
Gram-Schmidt and classified by Support Vector Machine is the best way to produce Land use and 
Land cover maps for the study area and achieved the highest results for overall accuracy and kappa 
coefficient of 97.81% and 0.95, respectively.   

INTRODUCTION 

One of the most important applications of remote sensing is 
the classification of satellite images, which have formed a 
wide range, especially in the production of Land Use/Land 
Cover (LU/LC) maps (Dibs 2013, Bouaziz et al. 2017, Dibs 
2018) and in many applications such as land use discovery, 
natural hazard modeling, and urban expansion studies as well 
as for continuous updating of geospatial data (Sang et al. 
2014, Otukei et al. 2015, Dibs et al.  2018) and monitoring 
of wetland degradation studies (Ali & Jaber 2020, Hasan et 
al. 2020a). For mapping LU/LC, it was found that the best 
method is to classify images and it is a complex process 
that depends on many concepts, including determining the 
appropriate classification method (Chasmer et al. 2014), 
training site, image processing, feature identification, 
post-classification processing and accuracy evaluation (Sang 
et al. 2014). Choosing the appropriate classifier is very im-
portant to achieve a satisfactory result in classifying the study 
area, many algorithms and techniques have been adopted 
to estimate classification, such as Support Vector Machine 
(SVM) (Iounousse et al. 2015) and other algorithms Artifi-
cial Neural Networks (DNN) (Cavur et al. 2015), Decision 

trees (DT) (Chasmer et al. 2014), and Maximum Likelihood 
(ML) (Gevana et al. 2015). Remote sensing data integration 
technologies (Gevana et al. 2015, Abbas & Jabber  2020,  
Hasab et al. 2020b) and Methods for fusion images from 
a set of multiple and different remote sensing data are one 
way to improve the accuracy of the data used to produce LU/
LC maps, where many researchers dealt with methods and 
techniques for fusion multispectral (MS) image with a low 
spatial resolution with high spatial resolution panchromatic 
(Pan) image to obtain images with high spatial and spectral 
resolution (Dibs et al. 2020, Dibs et al. 2021). It used many 
sharpening algorithms such as the Brovey method, Gram-
Schmidt (GS), Intensity-Hue-saturation (IHS), and Principle 
Component Analysis (PCA).  (Tabib Mahmoudi & Karami 
2020). Fusion methods and techniques have had a wide reso-
nance in many applications that used multiple data and from 
different sources (Jawak & Luis 2013, Sameen et al. 2016, 
Dibs & Al-Hedny 2019, Dibs et al.  2020). Since the methods 
and algorithms of sharpening to combine images with rapid 
development in some applications such as classification of 
images, studying changes, and identifying features, the effi-
ciency of sharpening algorithms were considered one of the 
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necessary things, which is to preserve the characteristics of 
the entered information (Tabib Mahmoudi & Karami 2020). 
Mandhare et al. (2013) used several sharpening algorithms 
such as IHS, Brovey, averaging method, and multiplier 
method to improve the spatial and spectral resolution of the 
merged images. Sarp (2014), also discussed the performance 
of four sharpening algorithms (GS, IHS, PCA, Brovey) for 
fusion MS and Pan images and found that PCA and GS 
work well in all technologies. Another scientist (Zhang et al. 
2016), conducted a study to obtain images with high spatial 
resolution while maintaining the spectral distortion as less 
as possible using sharpening algorithms (Brovey, GS, PCA, 
and IHS) and by comparing the results, it was found that 
Brovey is the best. the objective of this research is to obtain 
an improved methodology for producing LU/LC maps within 
the study area.

MATERIALS AND METHODS

To produce and detect LU/LC maps, methods were select-
ed and examined through previous works to ensure their 
effectiveness and accuracy in this field because the selected 
algorithms must be effective and achieve good results within 
the study area (Jia et al. 2014). In this study, Landsat-8 OLI 
(multispectral images with a spatial resolution of (30 m) and 
a panchromatic image with a spatial resolution of (15 m), 
which were obtained on July 13, 2020, were selected for the 
processing steps as in the pre-processing, layer stacking of 
images was performed using bands (1, 2 & 3), and sub-setting 
was done to define the study area to reduce storage size and 
to facilitate the recall of files. Processing stage the images 
were corrected from geometric and radiometric errors to 
prepare the images for further processing. Later, the process 
of fusion image was conducted using the multispectral image 
with the panchromatic image with the use of two fusion ap-
proaches, the Brovey method sharpening algorithm and the 
other once the Gram-Schmidt (GS) sharpening algorithm and 
two fused images were obtained. To complete the processing 
and analysis operations to produce LU/LC maps, the clas-
sification of the two fused images was carried out using the 
SVM algorithm. The accuracy was evaluated based on the 
confusion matrix, and to determine the best methodology to 
improve the production of LU/LC maps for the study area, a 
comparison was made between the classification results. Fig. 
1 shows a diagram of the methodology used for this study.

Study Area

The study area is the city of Karbala, Iraq, and it is one of 
the important Iraqi governorates because of its economic 
and tourism importance. Its location is between longitude 
44°02′-  44°40′ E and latitude of 32°37′- 33° 31′ N. It has 

an area of   5,034 km2 and a population of about 1.219 
million in 2018. Karbala’s climate is predominantly desert, 
with temperatures in summer reaching 45° and dropping to 
zero degrees in winter. It is one of the Iraqi cities with good 
economic returns due to its orchards of various types of 
crops such as dates, fruits, vegetables, and wheat. It is also 
famous for its handicrafts such as ceramics, as well as the 
manufacture of bricks and tiles. Karbala is a tourist city with 
a good financial return, which is frequented by tourists from 
all over the world to visit the holy sites (Jasem & AL-Mayali 
2020). Fig. 2 shows the study area map.

The Dataset  

The data that was used in this study includes the data set 
of the Landsat- 8 OLI satellite, recorded on July 13, 2020. 
The Landsat satellite includes two sensors, one of which is 
an operational land imaging device (OLI), whose data was 
used, and the other is a thermal infrared sensor (TIRS). The 
Landsat satellite data consists of 11 bands, where bands (1- 
7, 9) have a spatial resolution of (30) meters, and band (8) 
represents Pan and its spatial accuracy (15) meters, while 
bands 11 and 10 have infrared thermal radiation and have 
a spatial accuracy of (100) meters. Tables 1 &2 show the 
characteristics of OLI and TIRS (https://www.usgs.gov/

Table 1:  Technical characteristics of OLI of Landsat-8.

Bands Wavelength
[mm]

Resolution
[m]

Band 1- visible 0.43 - 0.45 30

Band 2- visible 0.45 - 0.51 30

Band 3 -visible 0.53 - 0.59 30

Band 4- near infrared 0.64 - 0.67 30

Band 5- near infrared 0.85 - 0.88 30

Band 6- SWIR 1.57 - 1.65 30

Band 7 -SWIR 2.11 - 2.29 30

Band 8 panchromatic 0.50 - 0.68 15

Band 9 cirrus 1.36 - 1.38 30

(source: https://www.usgs.gov/media/images/landsat-8-band-designations)

Table 2:  Technical specification of TIRS of Landsat-8.

Band name Central 
wavelength 
[μm]

Spectral range
[μm]

Spatial resolution
[m]

B a n d  1 0 /  
TIRS-1

10.9 10.6–11.19 100

B a n d  1 1 / 
TIRS-2

12.0 11.5–12.5 100

(source: https://www.usgs.gov/media/images/landsat-8-band-designations)
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Fig. 1: Flowchart of methodology. 
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Fig. 1: Flowchart of methodology.

media/images/landsat-8-band-designations). The data was 
obtained free of charge from the US Geological Survey 
USGS website as a reference from (http://earthexplorer.usgs.
gov) where we used Landsat -8 OLI  (MS and Pan) satellite 
images, as shown in Fig. 3 & 4 showing the images used. We 
relied on google maps to match the data and choose training 
sites because they have high spatial accuracy.

Analysis and Processing 

In this paper, we started by performing the processing steps, 
which include (1) pre-processing, which is layer stacking, 
and image sub-setting. (2) In the Processing steps, geometric 
and radiometric correction is applied to prepare the image 
for further processing and analysis, the geometric correction 
was carried out to reduce the geometric errors that cause 

different locations and the geometric correction was done 
using the image-to-image method depending on the ground 
control points (GCPs) from Fieldwork. The Landsat-8 (Pan) 
image with a spatial resolution of (15 m) and projected on the 
projection UTM, 38N, and WGS 84 Datum was considered 
error-free, and the geometric corrected based on ten ground 
control points. Table 3 shows the ground control points used 
and Fig. 5 shows the distribution of points in the study area. 
Root Mean Square Error (RMSE) was used as a measure of 
the variance between the measured and the predicted values, 
where the value of the RMSE was equal to 0.344, Table 4 
shows the processing geometric for the Landsat-8 satellite 
image, and the geometric correction was made using the 
ENVI v5.3 program. A radiometric correction was carried 
out to remove the effects of sunlight, as several studies 
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Fig. 2: The study area map. 
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Fig. 3:  Landsat-8 satellite (MS) image.                   

 
 

 

 

 

 

 

 

 

 

 

 

Fig. 4: Landsat-8 satellite (Pan) image. 

Fig. 3:  Landsat-8 satellite (MS) image.
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confirmed that it is one of the main methods of processing 
(Idi & Nejad 2013). The radiometric correction was done 
using the Quick Atmospheric Correction (QUAC) method. 
This method works to return the optical depth based on the 
spectra of the observed pixels available in the scene (Bern-
stein et al. 2012).  Fig. 6 shows the corrected Pan image, and 
Fig. 7 shows the corrected MS image from (geometric and 
radiometric) errors.

Fusion Image 

The fusion process of (MS and Pan) images was performed 
after pre-processing (layer stacking and image sub-setting) 
and processing (geometric and radiometric correction), 
two approaches were applied by performing image fusion 
between the (MS & Pan) dataset (Li et al. 2012, Idi & Nejad 
2013, Löw et al. 2015). The first level of fusion between 
(MS& Pan) images was applied using the sharpening method 
(BT). which is a chromatic conversion method using three 
spectral bands, was applied to the fusion process, the aim of 
which is to print the three multispectral bands used to display 
RGB (Mandhare et al.  2013). The second approach used for 
data fusion is the GS method to improve spatial resolution 
(Kumar et al. 2014). The GS method calculates the average 
of the multispectral image bands and selects a range from 
the Pan image similar to the multispectral image bands. The 
mid-ranges of the multispectral image are replaced by the 
corresponding range of the Pan, and finally, the process is 
repeated in the opposite direction to obtain a high spatial 
resolution (Jawak & Luis 2013), The Fig. 8 shows the fusion 
of (MS & Pan) images using the BT sharpening algorithm, 
and Fig. 9 shows the fusion (MS & Pan) images using the 
GS sharpening algorithm.    

Fig. 3:  Landsat-8 satellite (MS) image.                   

 
 

 

 

 

 

 

 

 

 

 

 

Fig. 4: Landsat-8 satellite (Pan) image. 
Fig. 4: Landsat-8 satellite (Pan) image.

Table 3:  Ground control points in the study area.

No. Latitude Longitude

1 32° 46′ 59.42"N 43° 55′ 43.42" E

2 32° 42′ 21.88" N 43° 54′ 27.08"E

3 32° 34′ 48.29"  N 43° 58′ 38.72"E

4 32° 45′ 36.53" N 44° 06′ 22.25"E

5 32° 41′ 41.34"  N 44° 11′ 48.61"E

6 32° 34′ 47.79"  N 44° 11′ 42.31" E

7 32° 32′ 41.11"  N 44° 03′ 50.24" E

8 32° 36′ 42.22"  N 44° 03′ 37.64"E

9 32° 36′ 58.40"  N 44° 04′ 11.52"E

10 32° 42′ 30.72"  N 43°59′ 55.74"E
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Fig. 6:  Corrected Pan image. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7:  Corrected MS image from (geometric and radiometric) errors. 

 

Fig. 6:  Corrected Pan image.

 

Fig. 5:  The location of GCPs by Google earth. 

 

Table 4: Processing geometric correction for Landsat-8 image. 

 

Fig. 5:  The location of GCPs by Google earth.
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Image Classification

After completing the processing operations and fusion of the 
(MS & Pan) images, the processing must be completed to 
produce LU/LC maps. The classification was applied to the 
fused images using supervised classification and by apply-
ing the SVM algorithm. The classification was performed 
according to the following steps:

Selecting Training and Testing Sites 

Before starting the classification process, the study area 
was divided into six categories: urban area, vegetation, 
water bodies, soil-1, soil-2, and roads. Training samples 
were taken from the categories of the study area by select-
ing the polygons of the area of interest using ENVI v5.3. 
Fig. 10 shows the training sites for each category of the 
study area, and Table 5 gives the pixels that were chosen 
as training sites. Then the classification was applied using 
SVM and then the test samples were taken to verify the 
quality of the classification and its conformity with the study  
area.

Support Vector Machine

The SVM classification algorithm was applied in this study. 

SVM works to find the optimal separator to achieve the ideal 
classification by creating more than one separator and de-
fining the super separator and depending on the experience 
of the analyzer as well as the pixels that were previously 
identified from the study area classes (Erener 2013). The 
classification was applied using SVM on the fused images 
by BT and GS sharpening algorithms after the study area was 
divided into six categories and training sites were selected 
and the kernel used for SVM was radial, Figs. 11 & 12 show 
the SVM parameters used to classify fused images using the 
(BT & GS) sharpening algorithms. Figs. 13 & 14 show LU/
LC map classified using SVM classified on fused data by 
(BT & GS) methods

Accuracy Assessment

To assess the accuracy of the classification results we use the 
confusion matrix approach which is the most widely used 
method for assessing the accuracy of the classified data (Li 
et al.  2012). The accuracy of the SVM classifier used in this 
study was evaluated, and the kappa coefficient and overall 
accuracy were also used as an indicator to assess the accu-
racy, the Overall Accuracy (OA) and the Kappa coefficient 
can be calculated using equations 1 & 2 below (Dibs et al. 
2021 and 2022).

 

 

Fig. 6:  Corrected Pan image. 

 

 

 

 

 

 

 

 

 

 

 

Fig. 7:  Corrected MS image from (geometric and radiometric) errors. 

 

Fig. 7:  Corrected MS image from (geometric and radiometric) errors.
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                        Fig. 8:  Fusion image by Brovey method sharpening algorithm. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                      Fig. 9:  Fusion image by Gram-Schmidt sharpening algorithm. 

Fig. 8:  Fusion image by Brovey method sharpening algorithm.
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Image Classification 
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10 shows the training sites for each category of the study area, and Table 5 gives the pixels that 

were chosen as training sites. Then the classification was applied using SVM and then the test 

samples were taken to verify the quality of the classification and its conformity with the study area. 

 
Fig. 10:  location of training sites for the study area. 
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  Fig. 11: SVM parameter for image fusion by (BT). 

 

 
Fig. 12: SVM Parameter for image fusion by (GS). 

 

  Fig. 11: SVM parameter for image fusion by (BT).
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    Fig. 13:  LU/LC map classified using SVM classified on fused data by Brovey method.  
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       Fig. 14:  LU/LC map classified using SVM classifier on fused data by Gram-Schmidt (GS). 

 

Fig. 14:  LU/LC map classified using SVM classifier on fused data by Gram-Schmidt (GS).
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Where n is the total number of pixels, ni represent the 
number of instances, label (i), that have been classified into 
the label (j), 
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Where n is the total number of pixels, 𝑛𝑛𝑖𝑖 represent the number of instances, label (i), that have 
been classified into the label (j), 𝑛𝑛𝑖𝑖𝑖𝑖 is a total number of classified pixels. The accuracy of the 
classification results was evaluated based on the confusion matrix and its coefficients in Tables 6 
& 7 which give the classification results fused and classified images by SVM. 

 

Table 6:  producer and user accuracies of the fused image by (BT) and classifier by SVM. 

Class Pro. Acc. [%] User. Acc. [%] 
Urban area 93.64 89.32 
Vegetation 98.39 97.87 

Water bodies 97.99 94.14 
Soil-1 99.91 97.52 
Soil-2 95.23 99.96 
Roads  96.15 95.10 

 

Table 6 shows the classification results for the fused image by BT and classifier by the SVM 

approach, that the Soil-1 classifier got the highest product accuracy of 99.91, and the Soil-2 

classifier got the highest accuracy user of 99.96. While the Urban area classifier got the lowest 

accuracy of product and user 93.64 and 89.32, respectively. As for the rest of the classifiers, they 

obtained good results, such as the Vegetation classifier, which obtained a product accuracy of 

 is a total number of classified pixels. The 
accuracy of the classification results was evaluated based 
on the confusion matrix and its coefficients in Tables 6 & 
7 which give the classification results fused and classified 
images by SVM.

Table 6 shows the classification results for the fused 
image by BT and classifier by the SVM approach, that the 
Soil-1 classifier got the highest product accuracy of 99.91, 
and the Soil-2 classifier got the highest accuracy user of 
99.96. While the Urban area classifier got the lowest accuracy 
of product and user 93.64 and 89.32, respectively. As for the 
rest of the classifiers, they obtained good results, such as the 
Vegetation classifier, which obtained a product accuracy of 
98.39 and user accuracy of 97.87, while the Roads obtained 
a product accuracy of 96.15 and user accuracy of 95.1, and 
Waterbodies obtained a product accuracy of 97.99 and user 
accuracy of 94.14.

Table 7 shows the classification results for the fused 
image by GS and classifier by the SVM approach, that the 
Soil-2 classifier got the highest producer accuracy and user 
accuracy 99.74 and 99.78, respectively. Also, Soil-1 obtained 
producer and user accuracy of 99.63 and 99.61 respectively, 
and the Water bodies classifier got the lowest producer accu-
racy of 86.16. While the Urban area classifier got the lowest 
user accuracy of 87.37. As for the rest of the classifiers, they 
obtained good results, such as the Vegetation classifier, which 

obtained producer accuracy of 98.93 and user accuracy of 
97.14, while the Roads obtained producer accuracy of 98.90 
and user accuracy of 98.42.

RESULTS AND DISCUSSION

A Fusion process of (MS & Pan) images was carried out in 
this study to improve the methods of producing LU/LC maps 
to reach high accuracy. Using sharpening algorithms for the 
image fusion tool we used Brovey chromatic transformation 
algorithm and (GS) spatial optimization algorithm and two 
fusion images were created, and to classify the two images, 
we relied on the (SVM) method for mapping LU/LC and to 
make a comparison between the results to estimate which of 
the two approaches is more accurate, as shown in Figs.13 & 
14. We used the confusion matrix to evaluate the results of 
the (SVM) classification algorithm. Where the value of the 
kappa coefficient and the overall Accuracy of the (SVM) for 
fusion images using (GS) are 95 and 97.81%, respectively, 
and the kappa coefficient and the overall Accuracy of the 
(SVM) for fusion images using Brovey are 95.15% and 
0.93 respectively. By comparing the results and as shown in 
Table 8, it was shown that the approach used to obtain more 
accurate and clear LU/LC maps is employing classification 
for fused images, which is obtained by fusion Landsat-8 sat-
ellite (MS & Pan) images by the (GS) sharpening algorithm. 
Figs. 15 & 16 show the comparison of classification fused 
images by (BT & GS) at the level of the overall accuracy 
and Kappa coefficient. 

CONCLUSION

The study analyzed the use of Landsat-8 (MS & Pan) images 

Table 6:  producer and user accuracies of the fused image by (BT) and 
classifier by SVM.

Class Pro. Acc. [%] User. Acc. [%]

Urban area 93.64 89.32

Vegetation 98.39 97.87

Water bodies 97.99 94.14

Soil-1 99.91 97.52

Soil-2 95.23 99.96

Roads 96.15 95.10

Table 5: Collected training sites from the Landsat-8 satellite image.

Class Color Pixels Polygons

Urban area Red 4.848 16/4.848

Vegetation Green 23.275 14/23.275

Water bodies Blue 6.625 6/6.625

Soil -1 Yellow 19.077 10/19.077

Soil -2 White 8.650 9/8.650

Roads Black 1.571 By points

Table 7:  Producer and user accuracies of the fused image by (GS) and 
classifier by SVM.

Class Pro. Acc. [%] User. Acc. [%]

Urban area 97.68 87.37

Vegetation 98.93 97.14

Water bodies 86.16 98.05

Soil-1 99.63 99.61

Soil-2 99.74 99.78

Roads 98.90 98.42

Table 8:  Overall accuracy and kappa coefficient of the fused image by (GS 
and Brovey) and classified by (SVM) classifier.

Type of data Classifier O v e r a l l 
accuracy

Kappa coefficient

Fusion image by  GS SVM 97.81% 0.95

Fusion image by BT SVM 95.15% 0.93



880 Fatima Hashim et al.

Vol. 21, No. 2, 2022 • Nature Environment and Pollution Technology  

by the (GS) sharpening algorithm. Figs. 15 & 16 show the comparison of classification fused 

images by (BT & GS) at the level of the overall accuracy and Kappa coefficient.  
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classified by (SVM) classifier. 
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accuracy 

Kappa coefficient 

Fusion image by  GS SVM 97.81% 0.95 
Fusion image by BT SVM 95.15% 0.93 

 

 

 

     Fig. 15: The overall accuracy of the fused image by (Brovey & GS) and classifier by (SVM). 
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Fig. 15: The overall accuracy of the fused image by (Brovey & GS) and classifier by (SVM).

 

    Fig. 16:  the Kappa coefficient of the fused image by (Brovey & GS) and classifier by (SVM). 
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two methods GS and Brovey classified using SVM. The improved Fused image classifier approach 

is proposed for LU/LC mapping based on the result by applying a confusion matrix and it shows 

the full accuracy of the Fused image using spatial optimization algorithm GS and classified by 

SVM, the highest result with an overall accuracy of 97.81% and kappa coefficient 0.95. Also, 

results were obtained for the Fused data in the BT method, classified by SVM, overall accuracy of 

95.15% and a kappa coefficient of 0.93, Therefore, the image fusion approach using the GS 

algorithm and classifier by SVM was determined as the best optimized LU/LC mapping technique 

for this study. 
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    Fig. 16:  the Kappa coefficient of the fused image by (Brovey & GS) and classifier by (SVM).

to estimate LU/LC for the city of Karbala, Karbala Gov-
ernorate, Iraq. This research aims to identify an improved 
methodology for mapping LU/LC to the city of Karbala 
by making comparisons between images combined with 
two methods GS and Brovey classified using SVM. The 
improved Fused image classifier approach is proposed for 
LU/LC mapping based on the result by applying a confusion 
matrix and it shows the full accuracy of the Fused image 

using spatial optimization algorithm GS and classified by 
SVM, the highest result with an overall accuracy of 97.81% 
and kappa coefficient 0.95. Also, results were obtained for 
the Fused data in the BT method, classified by SVM, overall 
accuracy of 95.15% and a kappa coefficient of 0.93, There-
fore, the image fusion approach using the GS algorithm and 
classifier by SVM was determined as the best optimized LU/
LC mapping technique for this study.
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