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Abstract

This study analyses long-term changes in land use and land cover (LULC) in the semi-
mountainous region of Dohuk Governorate in the Kurdistan Region of Iraq during the
period 2000-2023, utilising Landsat satellite imagery (Landsat 5 TM and Landsat 8 OLI),
and Machine Learning (ML) classification techniques. The terrain of the study area is
characterised by an intertwined landscape, combining plateaus and agricultural plains. This
creates spectral challenges in distinguishing between similar land categories and makes the
area an ideal model for testing the effectiveness of ML algorithms in complex
environments.

Using the ArcGIS 3.5 environment, supervised classification was performed employing a
support vector machine (SVM) algorithm. The results demonstrated clear changes in
LULC patterns, with the planted/cultivated category increasing from 26.5% to 31.3%. The
developed area also increased from 3.5% to 7.4%, while barren land decreased from 42.1%
to 35%. Overall classification accuracies were 99.04% for 2000 and 97.10% for 2023, with
Kappa values of 0.9868 and 0.9609, respectively, indicating high -classification
performance. Major LULC changes that occurred in the study are, including the conversion
of large areas of barren to planted/cultivated and herbaceous categories, reflecting the

effects of urban expansion and unsustainable land use in the study area.
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1. Introduction

The changes in Land Use/ Land Cover in the contemporary world have become a real challenge
(Bhagawat 2011). reflecting the dynamic interaction between anthropogenic activities and
natural processes. LULC are two elements that have been the focus of separate research for a
while (OGUZ, Hassan, & Omar 2024). Monitoring LULC is essential for evaluating the land
surface, which is influenced by climatic events, human interventions, and natural disasters.
Understanding LULC requires perceiving the Earth as a system of interdependent components
and processes, or as a spatial and dynamic phenomenon (Aspinall & Hill 2007).

As a methodological approach, the detection of change focuses on analysing variations in
radiance between multi-temporal satellite images, in order to localise and quantify changes in
land cover (Lunetta et al. 2004) Change detection technique allows both positive developments
and negative impacts, such as land degradation and loss of productivity, to be identified
(Basseville 2009). Studying the patterns of LULC changes provides crucial information for
simulating spatial and temporal dynamics and understanding their environmental influences.

Classification techniques categorise pixels within an image, with each group representing a
specific class of land cover (Bechtel & Daneke 2012; Abburu & Golla 2015). Classifiers
represent a contemporary approach to land cover classification, emerging from numerical
methods to identify patterns in parametric and non-parametric techniques (Phiri & Morgenroth
2017). Conversely, traditional parametric methods (e.g. maximum likelihood classification and
minimum distance) are predicated on statistical assumptions, including the assumption of a
normal distribution of data.

The typical applications of the conventional approaches to non-parametric supervised ML
classifiers include SVM, artificial neural networks (ANN), K-nearest neighbour (KNN),
decision trees, and random forests (RF) (Adam et al. 2014; Thanh & Kappas 2017; Maxwell et
al. 2018; Ge et al. 2020; Ghayour et al. 2021; Tariq et al. 2023; Liang et al. 2023; Amini et al.
2022). The development of both parametric and non-parametric classifiers has led to the
question of which classification technique should be chosen to provide the intended results.
This has given rise to comparative studies of different classifiers for land cover classification.
A number of the aforementioned studies have relied on unsupervised classification techniques
(Tarabalka et al. 2009), whilst others have employed supervised classification methods (Zhang
et al. 2012). Some studies have also addressed semi-classification methods (Xia et al. 2014).

ML is a branch of artificial intelligence that enables computer systems to learn from
information and data and identify patterns with minimal human intervention, and is therefore
a powerful tool for large-scale environmental analysis (Zhang & Li 2022). Among various ML
approaches, Support Vector Machines (SVM) have gained popularity due to their ability to
handle complex classification tasks and produce reliable results, even with limited training
data. It has shown competitive performance when applied in LULC studies to distinguish
between different types of land cover (Alam et al. 2025; Aljanabi, Dedeoglu, & Seker 2024).

Based on these developments, combining RS with geospatial technologies and machine
learning (ML) models has improved the accuracy and efficiency of land cover mapping
(Debebe et al. 2023). Although the SVM algorithm has been widely used in LULC
classification studies in various regions around the world, its application in semi-mountainous
environments within the Dohuk Governorate has not been addressed in previous literature.
Therefore, this study is the first to employ SVM technology in this region between 2000 and
2023.
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Between 1998 and 2011, the study area experienced rapid and uncontrolled urban growth,
which resulted in negative environmental impacts and a considerable reduction in open spaces
(Jambally 2013). Since 2003, the growth in population and the lack of effective urban planning
regulations have contributed to a considerable increase in built-up areas, accompanied by a
corresponding decline in dry vegetation. By 2014, the situation was exacerbated by an influx
of refugees fleeing political instability in neighbouring regions, which led to intensified
population expansion and increased pressure on land resources (UN-Habitat 2020)
Consequently, agricultural land has expanded at the expense of forests and grasslands, and the
growth of plants in lowland areas has been affected negatively by both urbanisation and
resource extraction (Mzuri, et al. 2021).

The first objective of this study is to analyse the spatial and temporal changes in LULC patterns
in the study area during the period 2000-2023 using satellite data and GIS techniques. The
second is to classify LULC into specific categories (e.g., urban areas, agricultural lands, forests,
barren lands) using the SVM algorithm. The third is to evaluate the effectiveness of RS and
GIS techniques in detecting and analysing long-term environmental changes in semi-
mountainous regions.

The study hypotheses are (1) To what extent has Dohuk Governorate experienced
transformations in LULC patterns during the period 2000-2023? (2) How effective are remote
sensing data and GIS techniques in detecting environmental changes and identifying areas that
should be prioritised for environmental protection?

2. Methodology and Data Collection
2.1 Study Area

The study area is geographically delineated by the natural boundaries of a semi-mountainous
region situated within the administrative limits of the Dohuk Governorate, located in the
extreme north-west of the Kurdistan Region of Iraq. It is bordered by Erbil Governorate to the
east and south-east, Nineveh Governorate to the south-west, and the international border with
Syria to the west. The total area encompasses approximately 4,248 km?, representing 39 per
cent of the overall area of Dohuk Governorate. The northern extent of the study area comprises
complex and indistinct natural features that overlap with the mountainous terrain of the
governorate. In order to define and distinguish this boundary, a series of carefully considered
procedures were employed, based on specific criteria including elevation, river basin
morphology, and the conceptual framework of semi-mountainous landscapes. Geospatially, the
study area lies between latitudes 37°06'N and 38°10'N, and longitudes 42°47'E and 44°13'E,
corresponding to Zone 38N of the Universal Transverse Mercator (UTM) coordinate system
(WGS84) Fig (1). Between 2000 and 2023, the region experienced average annual rainfall
ranging from 200 to 500 millimetres, while the mean annual temperature during this period
was 27.2 °C. The geology of the study area exemplifies the characteristics of the 'unstable shelf'
located between the Arabian and Anatolian tectonic plates (Jassim & Buday 2006). The region
is defined by two bands of unstable shelf mass that run parallel to the Mesozoic margin of the
Arabian Plate and the Late Cretaceous foreland basin (Fouad 2015). Topographically, the
study area exhibits a gradual elevation gradient from north to south. Elevations in the northern
sector range between 682 and 1,051 metres above sea level, while the southern regions descend
to altitudes of approximately 222 to 363 metres. Additionally, isolated elevated points are
sporadically distributed across the eastern and southern parts of the study area.
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Fig. 1. The Semi-Mountainous Area Extent of Duhok Governorate with Elevation Feature.
(A) Study location from the borders of Iraq, (B) Study location from the borders of the
Kurdistan Region of Iraq, (C) Study area.

2.2 Satellite Data

Landsat 5 Thematic Mapper (TM) and Landsat 8 Operational Land Imager (OLI) Level-2
surface reflectance products, obtained from the USGS Earth Explorer platform, were used in
this study at 30m spatial resolution. These datasets, processed by NASA, include radiometric
calibration (Level 1) and atmospheric correction (Level 2). Image selection was based on the
seasonal climatic conditions of the study area, with dry and wet seasons influencing land
surface visibility (Gaznayee et al. 2022). To ensure temporal consistency, images were chosen
from similar dates between 2000 and 2023, primarily in May, when atmospheric clarity is
highest. The selected scenes supported the extraction and quantification of LULC metrics. As
illustrated in Table (1) and Fig. (2). the Google Earth image was also used to assess the
classified LULC maps accurately.

Table 1. Descriptions of the Landsat image used in this study

Acquisition date

Year Satellite Sensor Path/Row

day /month
10 May 169/035
2000 LANDSATS 17 May ™ 170/053
17 May 169/034
9 May 170/034
2023 LANDSAT 8 10 May OLI 169/035
17 May 170/035
633
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Fig 2. Multi-Temporal RGB Composites of the Study Area Using Landsat 5 TM (2000) &
Landsat 8 OLI (2023) Imagery.

2.3 Methodological Framework for LULC Classification

To classify LULC categories from satellite imagery in this study, ArcGIS Pro 3.5 was
employed. The classification followed the Level I scheme of the National Land Cover Database
(NLCD), originally developed by Anderson (1971). This scheme was selected due to its
compatibility with Landsat imagery, as it was specifically designed to accommodate the spatial
and spectral characteristics of Landsat sensors (Anderson et al. 1976). The classification of
LULC in the study area consists of six basic classes (Water, Developed, Barren, Forest,
Herbaceous, Planted/Cultivated). Table (2). The workflow diagram of the methodology
deployed in the study can be illustrated in Fig.3.

Table 2. LULC Classification Scheme (Adapted & modified from NLCD 2011)

Classification Scheme General Description Code

1  “Water Areas of open water 10
These areas contain a diverse range of building materials,

2 Developed ranging from residential gardens to urban areas with 20

diverse population densities.
Areas of land with a rocky, sandy, or clayey composition

3 B A 30
arren that have almost no vegetation cover.

4 Torest Areas are densz_ely covered by trees, whether deciduous, 40
evergreen, or mixed.
Areas are dominated by grasses or herbaceous vegetation,

0, . H

5  Herbaceous generally g{:eater t_han 8(_) %o of total w egetatlo_n.. '_fhese areas 20
are not subject to intensive management activities, such as
tilling, but can be utilised for pastoral purposes.

6 Planted/Cultivated Land that has been cultivated with crops or designated for 20

grazing and forage production.

In this study, in order to organise tables and facilitate the presentation of results in graphs and
figures, a set of abbreviations was adopted to refer to LULC classes. These letters were chosen
based on the first letter of each LULC class name, as follows: (W) for water, (D) for developed
areas, (B) for barren areas, (F) for forests, (H) for herbaceous, and (P/C) for planted/cultivated.

Zanco Journal of Human Sciences 2026 634



Ahmed. D. & Abdullah. N. ZJHS (2026), 30(SpB)630-648

— Data Acquisition —_

Landsat 5 TM Landsat 8 OLI
(2000) (2023)

LULC Classification

v

Machine learning
(Supervised Classification)

v

SVM Classifier
v * v
Google Earth Model training < Sentinel 2

Image (2000-2023)

v

Accuracy LULC Map
assessment ¢ « 2000

* 2023

Confusion Matrix

Imagery

Monitoring LULC Changes
« 2000-2023

Fig 3. Workflow Diagram of the methodology deployed in the study.

2.3.1. Mapping LULC with a Machine learning approach
1. Classification Techniques for LULC Mapping

Machine learning is a technology that falls within the scope of artificial intelligence (Al) to
analyse data. This technology is based on the basic idea that computer systems can learn from
data typically provided and labeled by humans, in order to recognise patterns and make
decisions with minimal human intervention during the prediction or inference phase (Zhang &
Li 2022).

The advent of a variety of geospatial technologies, in combination with ML algorithms, has led
to a revolution in environmental observation, allowing for more timely and accurate data on
land cover dynamics (Debebe et al. 2023). This approach has become popular for the large-
scale analysis of data with complexity, allowing for more accurate results and maps of LULC
(Zhang & Li2022).

A variety of ML approaches are available in the field of LULC mapping, such as random forest
(RF), support vector machines (SVM), and k-nearest neighbours (KNN). The supervised
learning methods are based on the use of patterns to predict values of labels on unlabelled
LULC data. These ways include gradient boosting and regression (Schmitt et al. 2020).

Zanco Journal of Human Sciences 2026 635



Ahmed. D. & Abdullah. N. ZJHS (2026), 30(SpB)630-648

2. Supervised Classification Method Using Support Vector Machines (SVM)

SVM provides a set of high-efficiency algorithms for advanced ML performance (Wu & Shao
2002). The algorithm is a supervised, non-parametric classification method that is able to deal
with non-linear classification conditions using a small number of samples (Su et al. 2017;
Romaszewski 2016). This algorithm is used to find decision thresholds that improve image
class separation based on statistical learning theory principles (Pal & Foody 2010). The SVM
classifier has proven to be more efficient in competitive performance with a limited number of
training samples, compared to other classifiers currently available (Su et al. 2017). In
categorising different classes, SVM is capable of supporting linear and non-linear samples, as
well as multiple continuous and discrete samples (Talukdar et al. 2020).

This approach depends on the principle of structural risk minimisation (SRM), by increasing
and separates the hyperplane, the data points in closest proximity to the hyperplane, and the
data points in closest proximity to the spectral angle mapper (SAM) of the hyperplane, this
process can then separate the data points into distinct classes using the spectral hyperplane
(Talukdar et al. 2020). During this level, the vectors aim to improve the margin distance
between data classes (Pal & Foody 2010; Bouaziz, Eisold & Guermazi 2017). This basically
means that the hyperplane is placed right between the closest points of each class. The training
samples that specify the hyperplane or margin of the SVM are referred to as support vectors
(Shih, Stow & Tsai 2019). The fig (4) illustrates the mechanism of the SVM algorithm (Kumar
2023).

Margin (gap between decision
boundary and hyperplanes)

\ Support vectors
X2 4 R

Decision boundary —

® o (m) Hyperplane
) N o
nyT;_)ertpl?ne @ . \ﬂfﬂ,___ﬁ——for second
or first class ] N class
Q9 AN

:x1
Fig (4). The concept of Support Vector Machine (Kumar 2023).

2.3.2. Training and Validation

The distribution and number of training samples per LULC class were selected according to a
deliberate methodology based on the percentage of pixels classified within each category in the
satellite image. Table (3). This approach involves the proportional assignment of samples
among categories in images, deviating from an equal or random distribution as would be
expected under the proportional sampling strategy (Rahman et al. 2022).

In 2000, the total number of samples was 567, which were subsequently divided into classes
according to their relative size within the image. The planted/cultivated category had the
highest number of pixels (47.11%), with 122 samples assigned to it. while the forest category
contained 61 samples and (0.63%) number of pixels, reflecting a relatively high allocation to
small classes to ensure spectral discrimination. In 2023, the total number of samples was 488.
The category of planted/cultivated comprised 116 samples (51.06%) number of pixels, while

636
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the category of forests included 73 samples (1.17%) number of pixels.

Table 3. Training Sample Counts and Their Pixel-Based Proportions for LULC Classes
(2000-2023)

2000 2023

LULC class sample Pixels% sample Pixels%

W 68 3.85 49 4.89

D 50 4.39 112 10.88

B 181 41.01 80 50.89

F 61 0.63 73 1.17

H 85 6.01 58 6.56

P/C 122 47.11 116 51.06
Total 567 103 488 125.45

2.3.3 Accuracy assessment points

Accuracy assessment is one of the basic and final steps in the digital classification process. It
aims to verify the objective conformity of the classified image with the reference land cover
data, which represents the actual reality (Chuvieco 2016). This is an essential step in assessing
the quality of the classification, as it allows for a comparison of the extent to which the
classified data corresponds to the actual reference data. Moreover, it helps to identify the error
patterns and their sources. In this context, an essential function of the accuracy assessment and
error analysis is to provide quantitative comparisons between different land cover explanations,
thereby enhancing the reliability of results and providing an objective grounding for
comparative analysis.

Validation of the accuracy assessment of the LULC classification was performed using the
automated (Compute Confusion Matrix) tool in ArcGIS Pro (Esri 2024). This tool generates
key statistical measures, including the user’s accuracy (UA) and producer’s accuracy (PA).
Subsequently, this resulted in the construction of a matrix known as a confusion matrix. This
matrix serves as a standard tool to assess classification performance (Srinivas & Narasimha
2011). These indicators are compared to the classification results.

The overall accuracy of the model's performance was calculated by the total correctly classified
samples divided by the total number of samples (Raguraman & Bhardwaj 2024) As follows

(1):
Overall Accuracy:

TP+ TN

04 = b TN+ FP T+ FN

(1)

Where: TP is the True Positive (correctly classified positive samples), TN is the True Negative
(correctly classified negative samples), FP is the False Positive (incorrectly classified as
positive), and FN is the False Negative (incorrectly classified as negative).
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Another image classification accuracy measure used is the Kappa coefficient (K). Its values
range from O to 1, where the higher the value, the higher the agreement and accuracy (Hasnat
2021; Islam et al. 2021). The Kappa coefficient was calculated automatically with the same
tool in the program according to the standard formula (2) (Esri 2024; Lillesand et al. 2015) as
follows:

Kappa Coefficient (K):

@)

where P, is the observed agreement and P, the expected agreement by chance.

In this study, a non-traditional approach was adopted in order to obtain the training samples.
This approach used high-resolution aerial and satellite imagery and topographic maps obtained
from websites such as Copernicus Open Access Hub (Sentinel 2) and Google Earth images
rather than relying exclusively on traditional field surveys. The cartographic representations
were characterised by an aerial perspective, offering high-resolution imagery with a spatial
resolution of 10 metres. The classification's accuracy was verified by representing the
investigation points created within the program with a stratified random strategy distributed
automatically across all parts of the region. This ensured that no bias was introduced during
the investigation. The number of points allocated for each year was 200, with 35 investigation
points assigned to each category. The identification of points represented by incorrectly
labelled categories was based on the true category value. The values that were entered into the
system were separated into two categories: correct and incorrect. The evaluation of each
category is based on the absolute values of the number of correct and incorrect samples. This
process enables the determination of the performance levels for each classification.

2.4. Monitoring LULC Changes (2000-2023)

The prevailing emphasis in landscape change detection has historically been on the analysis of
time series data. However, this study adopted a divergent approach. The study implemented
temporal change analysis using the Change Detection Wizard in GIS Pro 3.5 to estimate and
analyze the changes that have occurred from the year 2000 to the year 2023 in the study area.

3. Results and Discussion
a. LULC Classification Maps results

The results of the classification and analysis of LULC between 2000 and 2023 reveal clear
spatial dynamics. The area of water decreased from 133.8 km? (3.1%) to 55.9 km? (1.2%),
indicating a decline in water bodies. Conversely, developed areas exhibited an increase from
150.1 km? (3.5%) to 315.7 km? (7.4%), reflecting substantial urban expansion. Barren area
decreased from 1,787.5 km? (42.1%) to 1,484.7 km? (35%), while forest area increased from
148.2 km? (3.5%) to 211.1 km? (5%), reflecting an improvement in vegetation cover. The area
of herbaceous decreased from 903.3 km? (21.3%) to 852.5 km? (20.1%), while
planted/cultivated increased from 1,125 km? (26.5%) to 1,327.8 km? (31.3%). %). These shifts
indicate a marked transition from natural categories (e.g., water and Barren) to anthropogenic
ones (e.g., developed areas and agriculture). Table (4), Figs (5 & 6 & 7).
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Table 4. Areas (km? &%) of LULC Classes (2000-2023)

2000 2023
LULC
Class Area € Area Area
2 2 [}
(Km") (%) Km®) (%)
W 133.8 3.1 55.9 1.2
D 150.1 35 315.7 7.4
B 1787.5 42.1 1.484.7 35
F 148.2 35 2114 5
H 903.3 213 832.5 20.1
P/C 1125 26,5 1,3278 31.3
Total 4,248 100 4,248 100
2000
1800
1600
1400
1200
1000
800
600
400
200
o . WmEN mm B =
2000 2023
mWater m Developed Barren = Forest Herbaceous Planted/Cultivated

Fig 5. LULC Areas km? (2000-2023)
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LULC Classification (2023)
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Fig 7. LULC Classification (2023)

b. Accuracy Assessments results

The 2000 error matrix in Table (5) reveals that the model accurately classified water, barren,
forest, herbaceous, and planted/cultivated with a complete user accuracy of 1.000, indicating
that no classification errors occurred within these categories. Conversely, the developed
category demonstrated a user accuracy of 0.800, due to two misclassifications into categories
barren and planted/cultivated. Product Accuracy was 1.000 for water, developed, barren, forest,
and herbaceous, while planted/cultivated recorded a value of 0.980, reflecting a small
percentage of misclassified samples. The overall accuracy for all categories for the year 2000
was 0.9904, while the Kappa coefficient recorded a high value of 0.9868, indicating an almost
perfect agreement between the reference classification and the model classification.

In 2023, the results show that the model continues to achieve high classification performance,
with classes Water, barren, and planted/cultivated recording a perfect user accuracy of 1.000,
while the user accuracy for classes developed, forest, and herbaceous decreased to 0.866667,
0.800, and 0.950, respectively, indicating some instances of misclassification within these
classes. Product accuracy for categories Water, developed, barren, forest, and herbaceous was
1.000, while a slight decrease to 0.940 was recorded in planted/cultivated. The overall accuracy
for 2023 reached a value of 0.9710, while the Kappa coefficient recorded a value of 0.9609,
which is also within the high range, reflecting the quality of classification.
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Table 5. Confusion matrix (2000-2023)

Class W D B F H P/C Total U Accuracy Kappa
2000
W 10 0 0 0 0 0 10 1
D 0 8 1 0 0 1 10 0.8 0
B 0 0 84 0 0] 0 84 1 0
F 0 0 0 10 0] 0 10 1 0
H 0 0 0 0 43 0 43 1 0
P/C 0 0 0 0 0 53 53 1 0
Total 10 8 85 10 43 54 210 0 0
P_Accuracy 1 1 0.99 1 1 0.98 0 0.9904 0
Kappa 0 0 0 0 0 0 0 0 0.9868
2023
w 10 0 0 0 0 0 10 1 0
D 0 13 2 0 0 0 15 0.866667 0
B 0 0 70 0 0] 0 70 1 0
F 0 0 0 8 0] 2 10 0.8 0
H 0 0 0 0 38 2 40 0.95 0
P/C 0 0 0 0 0 62 62 1 0
Total 10 13 72 8 38 66 207 0 0
P_Accuracy 1 1 0.97 1 1 0.94 0 0.9710 0
Kappa 0 0 0 0 0 0 0 0 0.9609

c¢. Change Detection results

The analysis demonstrates that the LULC from 2000 to 2023 for a total area of 4248 km? As
illustrated in Table (6), Figs (8 & 9) indicates that the highest rates of change were recorded
from herbaceous to planted/cultivated (367.2 km?, 8.6%), from barren to herbaceous (346.7
km?, 8.2%), and from barren to planted/cultivated (305.4 km?, 7.2%), reflecting a clear trend
towards intensification of agricultural activity at the expense of natural vegetation cover, which
may be related to increased demand for agricultural production or land reclamation policies.
The transitions from planted/cultivated to barren land (245.4 km?, 5.8%) and from herbaceous
to barren land (206.2 km?, 4.9%) suggest a potential decline in the quality of agricultural land
or environmental shifts that may compromise the sustainability of production. An increase in
forest area was recorded, with shifts from other categories into it (such as 57 km?, 1.3% from
barren land, 56.4 km?, 1.3% from herbaceous land, and 82.7 km?, 1.9% from planted/cultivated
land). However, opposite shifts were also observed, including forest to planted/cultivated (55.3
km?, 1.3%) and forest to herbaceous (46.7 km?, 1.1%). In contrast, shifts from water bodies
were relatively limited, such as water to planted/cultivated (24.1 km?, 0.6%) and water to barren
(20.9 km?, 0.5%), indicating relative stability in this category and limited water bodies in the
studied area.

The developed areas exhibited minor reallocations to alternative categories, including
developed to barren (35.4 km? 0.8%) and developed to herbaceous (28.3 km? 0.7%).
Conversely, the area of land exhibiting no change in land cover during the specified period
amounted to 1855.7 km?, constituting 43.7% of the total area.
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Table 6. Area (km* & %) of LULC changes (2000 -2023)

ZJHS (2026), 30(SpB)630-648

2000-2023

LULCC Kkm?! % LULCC km! % LULCC km? %%
1 W=D 185 04|12 B=D 118 2823 H=B 2062 49
2 W=B 209 05|13 B=F 57 1.3 |24 H=>F 56.4 1.3
3 W=F 29 01|14 B>=H 3467 821|125 H=P/C 367.2 B.6
4 W=>H 157 04|15 B>P/C 3054 72|26| PIC>=W 0.6 0
5 | W>P/C 241 06|16 F>W 0.5 o |27 P/IC>D 56.7 1.3
6 D>=W 1.2 0 (17, F=D 11.2 03] 28 P/C>B 2454 5.8
7 D>B 354 08|18| F>B 216 05|29 P/IC>F 82.7 1.9
8 D=F 4 01119 F=H 46.7 1.1 | 30 P/C>H 191.6 4.5
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4. Discussion

The classification results and the analysis of LULC changes between 2000 and 2023 reveal
clear spatial dynamics that reflect the combined influence of human and environmental factors
in the study area. The SVM algorithm demonstrated strong classification performance,
consistent with findings from previous studies that reported its superiority over other
supervised algorithms, including Kernel Logistic Regression (KLR), Naive Bayes Tree (NBT)
(Tariq et al. 2023). Artificial Neural Networks (ANN), and Maximum Likelihood
Classification (MLC) (Ghayour et al. 2021).

Regarding classification accuracy, the model showed a strong ability to discriminate between
LULC classes, particularly those with distinct spectral characteristics. The variation in
accuracy between 2000 and 2023 is primarily attributed to differences in image radiometric
quality. The 2023 scene exhibited radiometric distortions and atmospheric interference, which
reduced spectral separability and consequently lowered classification accuracy. In contrast, the
2000 imagery was clearer and more radiometrically stable, resulting in higher accuracy. This
highlights the direct influence of data quality on classification outcomes.

Despite the spectral challenges observed in 2023, classes with strong spectral contrast, such as
water bodies, barren land, and planted/cultivated areas, achieved perfect user accuracy (1.000).
Conversely, developed areas, forests, and herbaceous categories showed relatively lower
accuracy. This reduction is largely due to spectral similarity between certain classes,
particularly between developed and planted/cultivated areas, a challenge documented in the
literature (Ali & Johnson 2022; Tong et al. 2020). Previous studies have noted that urban
surfaces with high reflectance, such as concrete and asphalt, may resemble dry or harvested
agricultural fields (Rahman et al. 2020). leading to misclassification when using medium-
resolution imagery such as Landsat. These findings underscore the importance of selecting
high-quality imagery for future classification applications.

Beyond classification performance, the temporal analysis revealed substantial LULC
transformations between 2000 and 2023. The observed shifts indicate a clear trend towards
increased agricultural activity, particularly through the conversion of herbaceous and barren
land into planted/cultivated areas. This pattern reflects the growing influence of anthropogenic
activities, especially agricultural expansion and urban development, on the natural landscape
of the study area.

5. Conclusion

This investigation demonstrated the effectiveness of the SVM classifier in analysing LULC
changes within the semi-mountainous region of Dohuk Governorate, utilising 30-metre spatial
resolution satellite imagery from Landsat 5 and Landsat 8. The SVM algorithm successfully
classified the study area into six primary land cover categories, including water bodies, barren
land, developed areas, forests, herbaceous, and planted/cultivated land, achieving consistently
high classification accuracy across both study years. The model achieved an overall
classification accuracy of 0.9904 and a Kappa coefficient of 0.9868 in 2000, and 0.9710 and
0.96009, respectively, in 2023, indicating strong agreement between the reference data and the
classification outputs.

The temporal analysis revealed substantial LULC transformations between 2000 and 2023,
most notably the expansion of planted/cultivated land and developed areas, accompanied by a
marked reduction in barren land. These changes reflect increasing anthropogenic pressures,
including agricultural intensification and urban expansion, which are reshaping the natural
landscape of the region.
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Overall, the findings confirm the suitability of SVM for LULC mapping in complex semi-
mountainous environments and highlight the importance of high-quality satellite imagery for
achieving reliable classification results. Future research should explore the integration of
higher-resolution datasets, multi-temporal imagery, and advanced machine-learning
approaches to further enhance classification performance and support sustainable land-use
planning in the region.
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