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Abstract 
Land use & land cover change detection in rapid growth urbanized area have 
been studied by many researchers and there are many works on this topic.
Commonly, settlement sprawl in area depends on many factors such as eco-
nomic prosperity and population growth. Iraq is one of the countries which 
witnessed rapid development in the settlement area. Remote sensing and geo-
graphic information system (GIS) are analytical software technologies to eva-
luate this familiar worldwide phenomenon. This study illustrates settlement 
development in Sulaimaniyah Governorate from 2001 to 2017 using Landsat 
satellite imageries of different periods. All images had been classified using 
remote sensing software in order to proceed powerful mapping of land use 
classification. Maximum likelihood method is used in the accurately extracted
solution information from geospatial imagery. Landsat images from the study 
area were categorized into four different classes. These are: forest, vegetation,
soil, and settlement. Change detection analysis results illustrate that in the face 
of an explosive demographic shift in the settlement area where the record + 
8.99 percent which is equivalent to 51.80 Km2 over a 16-year period and set-
tlement area increasing from 3.87 percent in 2001 to 12.86 percent in 2017. 
Accuracy assessment model was used to evaluate (LULC) classified images. 
Accuracy results show an overall accuracy of 78.83% to 90.09% from 2001 to 
2017 respectively while convincing results of Kappa coefficient given between 
substantial and almost perfect agreements. This study will help decision-makers
in urban plan for future city development. 
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Cover (LULC), Land Use Classification, Satellite Images, Accuracy Assessment 
and Change Detection 

 

1. Introduction 

The earth’s surface passes through rapid land use & land cover (LULC) changes. 
Land use commonly refers to the modification of earth’s surface through human 
activities for decent urban management due to various socioeconomic activities 
and natural phenomena while the land cover illustrates the physical manifesta-
tion over the ground [1]. There is no doubt that the growth in population, so-
cioeconomic, political and cultural, plays an important role in land cover 
change, thus, resulting in an observable pattern in the LULC over the time [2]. 

Nowadays, rapid urbanization rate in most of the developing countries is on 
the priority of global problems, while this phenomenon has a significant impact 
on future environment and urban planning processes [3] [4] [5]. 

Sulaimaniyah Governorate like the rest of other cities in Kurdistan region of 
Iraq encountered in the last 16 years rapid expansion in the urbanized area due 
to high population growth rate and economic prosperity [6]. Remote sensing 
and GIS technique are the main applications that attempt to use in direct desk-
top mapping for temporal analysis and quantification of change in LULC with 
better accuracy in less time and low cost and [7] [8].  

Landsat data enhanced imageries in the world with the ability of frequent re-
visit. Different satellite image sources are used in previous studies in land use 
classification to achieve historical trends of land cover changes [9] [10] [11] [12] 
[13]. Satellite image selection in different acquisition dates affects the results ac-
cording to the vegetation life cycle [11], classification of satellite image over the 
time for the same area effect on change in class’s area according to vegetation 
growth and welting on the bare soil. However, all selected satellite images in this 
study refer to the same season over the years to avert detecting false changes in 
the land cover due to vegetation phenology [9] [11] [14] [15] [16].  

Maximum likelihood is a supervised classification method and was used in 
this study to detect LULC change to present how the land use has been changed 
from the year 2001 to 2017. Each pixel in classified Landsat images varies ac-
cording to land cover changes over the time [2]. Frequently, selected data during 
imagery classification preferred in approximately within the maximum vegeta-
tion growth during the annual season [14] [16]. Remotely sensed classified im-
age requires accuracy assessment to prevent certainty limits for the results [17] 
[18]. 

Accuracy assessment widely used in classified images by comparing the 
Landsat image with the results within quantitative evaluation, which is impossi-
ble to be implemented from visual evaluation [15] [18] [19] [20] [21]. Cohen’s 
kappa coefficient is used in this study as a standard measure of classification ac-



K. Alkaradaghi et al. 
 

 

DOI: 10.4236/jgis.2018.103013 249 Journal of Geographic Information System 
 

curacy in order to take into account the correct class which specified purely by 
chance [22] [23] [24] [25]. Accuracy assessment is commonly processed in the 
reference Landsat images with classified images [15] [18] [19] [26] [27] [28]. 

To achieve this objective, random sample points are located within geographic 
information system (GIS), accuracy assessment between each of reference Land-
sat images and classified images implement a confusion matrix (error matrix).  

Iraq witnessed successive wars leading to economic, urban and human reces-
sion affecting all regions, including the city of Sulaimaniyah. According to food 
security and vulnerability in an in-depth survey of Sulaimaniyah Governorate 
after the events in 2003, Iraq witnessed a huge economic boom; Sulaimaniyah’s 
economy today relies on tourism, agriculture, factories, trade and construction 
development [29]. 

There is no doubt urban that development will affect the environment and 
global climate by losses in vegetation biomass, deforestation and land use change 
from areas with high probability of urban expansion [30]. 

This study is an attempt to assess the status of LULC change with the devel-
opment of settlements in Sulaimaniyah governorate to detect the rate of land use 
and the changes that have occurred over the past two decades using geospatial 
techniques. 

2. Study Area 

Sulaimaniyah Governorate is located at the North East of Iraq Figure 1 Sulai-
maniyah city (the capital of Sulaymaniyah Governorate) is one of the three ma-
jor urban cities of Kurdistan Region. Geographically, the city is bounded by 
mountains from the northeast and situated in lower land over encompasses an 
area of around 470 km2 with total population of 829,245 in early 2017 according 
to the data achieved from Statistical Directorate in Sulaimaniyah. The study area 
is characterized by a distinct continental interior climate with hot summers and 
cold winters of the Mediterranean type with the average annual precipitation 
ranging from (500 to 700) mm. 

3. Methodology 
3.1. Landsat Images and Classification 

Landsat Thematic Mapper (TM) images acquired from the years 2001, 2007, and 
2011 was used with Landsat Operational Land Imager (OLI) at a resolution of 
30m for the years 2016 and 2017 in LULC classification. Table 1 represents the 
available Landsat imagery with a spectral band used in this study. All required 
satellite imagery for the study area was downloaded from the official site of 
USGS earth explorer. The city plan was obtained from the Sulaimaniyah muni-
cipality corporation as a shape file of study area.  

In this study, the remote sensing software ENVI 5.3 was used for image 
processing. During the process, the imagery geometrically corrected through 
pre-processing calibration, which consist of atmospheric and topographic correction  
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(Source, Humanitarian Information Centre (HIC), Landsat, United States National Imagery Mapping Agency (NIMA). Contributor, OCHA Iraq.) 

Figure 1. Location map of the study area. 
 
Table 1. Available Landsat imagery with spectral band resolution for Landsat Thematic Mapper (TM) and Landsat Operational 
Land Imager (OLI). 

Image tape  Acquisition date and Time  Bands  Wavelength  (micrometers)  Resolution (meters)  

Landsat 5 
Thematic Mapper 

(TM) 

20/06/2001 
7:13:08 

 
24/07/2007 

7:26:42 
 

05/07/2011 
7:22:01 

Band 1-Blue 0.45 - 0.52 30 

Band 2-Green 0.52 - 0.60 30 

Band 3-Red 0.63 - 0.69 30 

Band 4-Near Infrared (NIR) 0.76 - 0.90 30 

Band 5-Shortwave Infrared (SWIR) 1 1.55 - 1.75 30 

Band 6-Thermal 10.40 - 12.50 120* (30) 

Band 7-Shortwave Infrared (SWIR) 2 2.08 - 2.35 30 

Landsat 8 
Operational Land 

Imager (OLI) 

18/07/2016 
7:32:47 

 
19/07/2017 

7:32:33 

Band 1-Ultra Blue (coastal/aerosol) 0.435 - 0.451 30 

Band 2-Blue 0.452 - 0.512 30 

Band 3-Green 0.533 - 0.590 30 

Band 4-Red 0.636 - 0.673 30 

Band 5-Near Infrared (NIR) 0.851 - 0.879 30 

Band 6-Shortwave Infrared (SWIR) 1 1.566 - 1.651 30 

Band 7-Shortwave Infrared (SWIR) 2 2.107 - 2.294 30 

Band 8-Panchromatic 0.503 - 0.676 15 

Band 9-Cirrus 1.363 - 1.384 30 

Band 10-Thermal Infrared (TIRS) 1 10.60 - 11.19 100 * (30) 

Band 11-Thermal Infrared (TIRS) 2 11.50 - 12.51 100 * (30) 
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[31] [32]. Image-processing techniques are statistical algorithms that change the 
visual appearance or geometric properties of the images, These corrections are 
required for selected multitemporal or multisensor Landsat images to improve 
visibility appearance and image quality and get more accurate results [9] [31].  

In Landsat Operational Land Imager (OLI) digital number values were con-
verted to the surface reflectance with the fast line-of-sight atmospheric analysis 
of hypercubes (FLAASH) to remove atmospheric effects and create a surface 
reflectance image.  

The pre-processed images were classified considering a supervised classifica-
tion method. In this technique, the maximum likelihood was chosen which is 
based on Bayesian theory in estimating parameters of a probabilistic model [33]. 
Each pixel assigned for a class according to its probability. Mean vector and co-
variance metrics are the key component of maximum likelihood classification 
that can be retrieved from training data (signatures or region of interest ROI) [7] 
[14]. All data were used for this study were projected to the Universal Transverse 
Mercator (UTM) projection system with WGS 84 reference system. Figure 2 
shows schematic workflow steps for land use land cover change LULC and ac-
curacy assessment.  

Landsat Thematic Mapper (TM) sensor was carried on Landsat 5 and images 
consist of six spectral bands with a spatial resolution of 30 meters for Bands 1 - 5 
and 7 and one thermal band (Band 6). Landsat Operational Land Imager (OLI) 
and Thermal Infrared Sensor (TIRS) images consist of nine spectral bands with a 
spatial resolution of 30 meters for Bands 1 to 7 and Band 9 is useful for cirrus  

 

 
Figure 2. Schematic workflow used for LULC change detection. 
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cloud detection. The resolution for Band 8 (panchromatic) is 15 meters while 
thermal bands 10 and 11 resolutions are (100 * 30) meters [34].  

3.2. Create Accuracy Assessment Points 

To create accuracy assessment 470 points selected in classified images with the 
congruent Landsat images 2001, 2007, 2011, 2016 and 2017 respectively, the 
classified images were compared with the reference images by means of the error 
matrix [19] [35] [27] [22] [36]. 

Overall accuracy was calculated using Equation (1), while Kappa coefficient 
was calculated using equation (2) [18] [19] [20]. 

100OA C A                        (1) 

where; 
OA: overall classification accuracy; 
C: number of correct points; 
A: total number of reference points.  

11 1
2

11

r r
ii ii i

r
ii

N x x x
K

N x x
                  (2) 

where; 
r: number of categories (Classes); 
N: total number of point (observations pixels); 
xii: number of points on row i and column i; 
xi+: marginal total of row i (from overall confusion/error matrix); 
x+i: marginal total of column (from overall confusion/error matrix). 

3.3. Accuracy Assessment 

Cohen’s Kappa coefficient (K) is a strong statistical method used to measure the 
agreement between predicted and observed categorizations of a dataset. This sta-
tistic method is useful, especially in predictive accuracy of classification [36]. 
Random sample points were used in post-classification for accuracy assessment, 
470 random sample points are located by Arc-map software then all points la-
belled under their category type in the classification. The reference points were 
compared with the classification results at the same locations. The output point 
shape file or feature class that contains the random 470 points was computed in 
the confusion matrix to ensure that each point had a valid class asset values for 
the classified and ground-truth point [14] [20].  

The producer accuracy and user accuracy for each class calculated from 
the matrix as well as an overall kappa index of agreement. When Kappa coef-
ficient is equal to (1.00) it means perfect agreement and if the value close to 
(0.00) it means poor agreement. Table 2 represents the rating criteria of 
Kappa statistics [33] [37]. User accuracy represents the probability that a 
pixel classified into a given category actually which represents that category 
on the ground [38]. 
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Table 2. Fleiss kappa interpretation (Rating criteria of Kappa statistics). 

Kappa statistics Interpretation 

<0.00 Poor agreement 

0.01 - 0.20 Slight agreement 

0.21 - 0.40 Fair agreement 

0.41 - 0.60 Moderate agreement 

0.61 - 0.80 Substantial agreement 

0.81 - 1.00 Almost perfect agreement 

4. Results and Discussion 
4.1. Classification Results 

Four land cover classes identified from maximum likelihood classification. These 
classes are forest, Settlement area, soil, vegetation and as shown in Figure 3. 

Classification results gave the LULC raster image of the selected area, it is 
possible to calculate the area for each class separately according to pixel geome-
try and statistical distribution of pixels through the study area. The change de-
tection in different LULC categories in the Sulaimaniyah Governorate from 2001 
to 2017 as illustrated in Table 3.  

4.2. Accuracy Assessment Results 

The accuracy report from the matrix of all classified images is tabulated in Table 
4. An overall accuracy and kappa coefficient was obtained for the years 2001, 
2001, 2011, 2016 and 2017 respectively. Various measures of accuracy assess-
ment such as producer accuracy, user accuracy, overall accuracy and Kappa 
coefficient were carried out and are represented in Table 2. Kappa coefficients 
generally rated as substantial agreement for all classified. 

Producers Accuracy (Omission Errors) The results from dividing the number 
of correctly classified pixels in each category on the major diagonal matrix by the 
number of reference pixels “known” to be of that category (the column total), 
This value represents how well reference pixels of the ground cover type are 
classified, While users Accuracy (Commission Error) computed by dividing the 
number of correctly classified pixels in each category by the total number of pix-
els that were classified in that category (the row total), This value represents the 
probability that a pixel classified into a given category actually represents that 
category on the ground. 

While Kappa reflects the difference between actual agreement and the agree-
ment expected by chance Kappa results means there is 80% better agreement 
than by chance alone, Different values of kappa and overall accuracy from 2001 
to 2017 return to the choice of reference data, interaction between sensor and 
desired classification scheme and Error matrix is foundation of accuracy assess-
ment.  
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Figure 3. Maximum Likelihood Classification of the Sulaimaniyah Governorate 2001, 2007, 2011, 2016 and 2017.  
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Table 3. Change detection in the four classes identified in the Sulaimaniyah Governorate 
from 2001 to 2017. 

Classified area % Area 
2001 

% Area 
2007 

% Area 
2011 

% Area 
2016 

% Area  
2017 

Change  
detection in% 

Change detection 
in Km2 

Settlement area 3.87 8.74 9.29 12.86 12.86 +8.99 +51.80 

Forest 1.62 1.02 1.89 0.84 0.84 −0.78 −4.51 

Soil 67.56 48.55 29.04 22.79 22.79 −44.77 −257.87 

Vegetation 26.29 41.69 59.65 63.45 63.45 +37.16 +214.03 

 
Table 4. Accuracy assessment of the classified images. 

Classification 
years 

Land use Land cover classes  

Settlement Forest Bare soil Vegetation Overall 
Accuracy% (OA) 

Kappa  
coefficient (K) 

2001 
PA 83.3 75 77.8 92.8 

78.83 0.72 
UA 100 85.7 80.8 69 

2007 
PA 86 75 80 95 

81.63 0.76 
UA 99.1 75 88.9 70 

2011 
PA 90.9 75 80 95 

83.72 0.78 
UA 100 85.7 85.7 70 

2016 
PA 90.5 66.7 83.3 95.2 

84.68 0.79 
UA 95.5 85.7 89 74.1 

2017 
PA 100 87.5 83.3 100 

90.09 0.87 
UA 91.7 100 96 76.9 

PA: Producer Accuracy, UA: User Accuracy; OA: Overall Accuracy, K: Kappa coefficient. 

4.3. Change Detection Analysis 

During the 16 years period (2001 to 2017), settlement area increased by around 
9%, which represent 51.80 km2. On the other hand, bare soil decreased by 
44.77% in area. Forest recorded minimum change according to deforestation in 
land use in the study area, while vegetation increased by over 37% in the area as 
represented in Figure 4. 

Increased vegetation area refers to two factors which are settlement growth at 
the same duration and the difference in Landsat acquisition date, although all 
available images were selected from the same season while there is a difference in 
duration for first and last Landsat Image by around one month duration which 
is sufficient for vegetation growth. 

Maximum likelihood classification result gave the raster image, Settlement 
area calculated according to the pixel geometry from Table 1 and statistical pix-
els distribution in attribute table through the study area.  

Change in settlement area between the years 2001 to 2017 increased from 
3.87% area in 2001 to rich 12.87% area in 2017 as shown in Figure 5. 
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Figure 4. LULC change detection in area from the years (2001 to 2017).  

 

 
Figure 5. Change in settlement area from the years (2001 to 2017). 

 
Two rapid expansions in settlement area noted during evaluation of classified 

images between 2001 to 2017 and 2011 to 2016 respectively which are mainly 
caused by economic prosperity and population growth. 

Change in settlement area returns to modification of land cover due to human 
processes while the change in land cover is the natural occurrence on the earth 
surface like Forest decreased in area from 2001 to 2017 according to Sulaima-
niyah government plan to increase green area around the city but the conse-
quences forest fire reduced the rate of forest development, as shown in Land 
cover variation tendency in Figure 6. 

Bare soil decreased in area from 2001 to 2017 according to modification of 
land cover and Settlement expansion.  

Vegetation and grassland development in the area after 2001 refer to econom-
ic prosperity and Human needs through population growth. 
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Figure 6. Land cover variation tendency from the years (2001 to 2017). 

5. Conclusions 

In situations of rapid land use change, the classified images provide detail in-
formation to understand the land use and land cover of the study area. Settle-
ment area in Sulaimaniyah Governorate expended significantly from the years 
2001 to 2017. This expansion occurred comes at the expense of the bare soil and 
forest shortage in area by 257.87 and 4.51 Km2 respectively. Thus, settlement 
recorded sprawl in the area according to the land use in bare soil and deforesta-
tion. 

All satellite images were selected in this study referring to the same season 
over the years to produce series land use classification maps while there is a time 
deference in acquisition date in the first image in 2001 by 1 month earlier. Thus, 
vegetation appears with less area than soil from the begging; this causes false 
changes in the land cover due to phenology. Increased vegetation area mainly 
refers to two factors which are settlement development due to population 
growth and deferent in duration of Landsat acquisition date. However, all avail-
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able images are from the same season. 
The study area is affected by deforestation in 4.51 km2 over total area of 470 

km2 between the years 2011 to 2017; this value impacts on future environment 
and urban management  

This study will help planners and decision-makers for future development of 
the city. 

Classification results have shown that Maximum likelihood classification is 
the robust technique and there are fewer chances of misclassification. 

Accuracy assessment model is the significant method for validation in the 
land use classification. In addition, number of samples and distribution of ran-
dom points are based on the density of each category in classified images. The 
Kappa coefficient indicates that the classification method is very well captured 
for the land use and land cover of the interest study area.  

The main influence on land cover changes comes through the variety of inter-
linked factors which are the population growth and economic prosperity. 
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