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Abstract

Drought is a disaster that profoundly impacts several factors, including the economy,
agriculture, environment, and society. In order to successfully monitor droughts in
semi-arid regions, assessments of the severity and impact of droughts are required.
However, little is known about how variations in yearly patterns and configurations
of land use and land cover (LULC) influence the consequences of drought. LULC
classification and drought evolution was evaluated and mapped by combining
geographic information system and remote sensing techniques. The Diyala River
Basin (DRB), north of Iraq, has been considered a representative study area. Five
major LULC types were mapped: water bodies, urban lands, bare lands, vegetation
lands and palm, depending on the Landsat imageries of 2013, 2016, 2019, and 2022.
The images were categorised using a classification algorithm and a maximum
likelihood method. The study results showed that during the study period, the urban
lands and bare lands have expanded from 1295.8 km2 (3.9%) to 1677.4 km2 (5.1%)
and 5770.3 km2 (17.5%) to 8501.1 km2 (25.8%), whereas the vegetation lands have
declined from 25,273.9 km2 (76.6%) to 22,421.8 km2 (68.0%). Using spectral indices
from Landsat, the current research also evaluated droughts’ magnitude and frequency
in the DRB during the growing season for 2013 through 2022. Fifteen mosaics were
created over ten years using forty images in Landsat 8 and 9 OLI/TIRS (167/36 and
168/37) that had been gathered from 2013 to 2022. The scenes are from two Landsat
time series. The drought situation was assessed using the Normalized Difference
Vegetation Index (NDVI), Vegetation Condition Index (VCI), Soil Adjusted
Vegetation Index, Normalized Difference Water Index (NDWI), and Land Surface
Temperature (LST). The research’s findings revealed a increased in the DRB’s
occurrence and severity of drought over the past ten years, especially in 2021 and
2022. However, between 2021 and 2022, the total vegetation covered based on NDVI
decreased by 20.67% and 36.33%, respectively. In 2021 and 2022, the vegetation
lands significantly decreased from average (28.48% and 12.82%, respectively). The

VCI results showed that in 2022, there was a prolonged extreme drought extent of



5727.1 km2 (47.8%). The NDVI and LST are more closely correlated drought indices
and are appropriate for use in arid and semi-arid areas to monitor drought with limited
data. Derbendekan and Hemrin lakes, equally, experienced declines of 15.1%, 7.12%,
and 108.38%, 143.33% in 2021 and 2022, respectively. Between 2013 and 2022, the
DRB experienced an increase in drought, a decline in water body surface area, and a
decrease in precipitation averages. This study will advance knowledge of the

connections between drought indices from remote sensing and meteorology.
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CHAPTER ONE
INTRODUCTION

1.1 General

Climate change has primarily impacted land use and land cover (LULC),
impacting worldwide temperatures and precipitation (Al-Timimi et al., 2012;
Sameer et al., 2023). The LU and LC modifications are helpful for analysis and
visualization of the impact of different advance routes and aid in the formulation
of scientific policies (Degife et al., 2019) and the implementation of tenable laws
that protect natural resources and offer ecosystem services (Hailu et al., 2018;
Hussain and Karuppannan, 2021). The main concern is how directly LULC affect
the Earth's fundamental processes and features, such as the water cycle,
biological habitats, and land degradation and production (Goward et al., 2002).
The current condition of the Earth's surface appears to be drastically changing
due to anthropogenic activity (Hussain et al., 2022; Mohy an Rasheed, 2022; Sayl
et al., 2022). By reducing ecological infrastructure, the LULC alterations
heightened the interplay of resources, administrative concerns, and humanities in
responding to climate change and socioeconomic calamities (Saleh and Ahmed,

2021).

Remote sensing data may be the only information source for drought monitoring
in locations with few sampling gauges (Julien and Sobrino, 2010; Juliev et al.,
2019; Sameer et al., 2021, 2023). Globally, drought intensity, duration, and
impact have all been measured using satellite-based drought indices, such as the
Normalized Difference Vegetation Index (NDVI), Vegetation Condition Index
(VCI), and Land Surface Temperature (LST) (Goward et al., 2002; Gaznayee and
Al-Quraishi, 2019; Hussain et al., 2020a; Dibaba et al., 2020; Gaznayee et al.,
2021; Mohammed and Sayl, 2021).
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The NDVI, which deals with the robustness of vegetation and has a strong link
with green biomass, an indicator of healthy vegetation or crops, was calculated
mathematically utilizing spectral bands inside the satellite picture (Saleh and
Ahmed, 2021; Hussain et al., 2020b). The NDVI creates an adaptable way to
calculate plants' amount, value, and growth by relating near-infrared and red
colour spectral information (Yesuph and Dagnew, 2019). High-resolution
satellites such as the Landsat series, the Sentinel series, and various on-board
sensors are currently available to estimate the vegetation index at local (Mustafa
2020) and universal levels (Dibaba et al., 2020; Hussien and Karuppannan, 2022;
Mohammed et al., 2022).

The Vegetation Condition Index (VCI) was created to separate ecological and
weather-related signals in the NDVI. Gaznayee et al. (2021) results highlight
relationships with some ecological variables and demonstrate the VCI's ability to
detect characteristics of droughts, providing crucial data to decision-makers in
the environmental and economic sectors. Furthermore, Land Surface
Temperature (LST) measures the energy balance of the earth's surface, providing

vital information about the physical properties and climate of the planet (Arsyad

et al., 2018; Assaf et al., 2021).

Gaznayee et al. (2022) reported a negative correlation between LST and NDVI,
as an increase in LST was observed at several scales due to changes in vegetation
cover and soil moisture, indicating that surface temperatures can rise rapidly with
water stress. According to Sun et al., 2010, and Mohammed and Sayl, 2020
Recent whose described the correlation between NDVI and LST, which is one of

many factors that negatively affect vegetation dynamics, as an essential element.
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1.2 Statement of Problem

The Diyala River Basin, which have an area of 32,600 km? and is 445 km long,
is the third-largest tributary of the Tigris River. The river serves as Diyala City's
main water source for domestic, agricultural, municipal, and other uses. Water
contamination and scarcity are current issues in the Diyala River Basin. Several
changes have recently been made to the river basin. It is crucial to identify and
categorize the basin's LULC for planning and management in the area to preserve
the best opportunity given the rise in land use brought on by a population boom

and urbanization linked to climate variability.

Understanding the causes, processes, and generalizations of LULC alteration
at many spatiotemporal levels is essential for researching these topics (Dibaba et
al., 2020). Doing so would make it easier to compare different catchment areas
and pinpoint those vulnerable to change. This would assist decision-makers in
using more practical methods to maintain the water resources while drawing

significant attention to the basin environment.

1.3 Aim and Objectives

The main aim of this study is to investigate the pattern and evolving
characteristics of land use and land cover in the Diyala catchment, northern Iraq,

from 2013 to 2022. Therefore, the specific study objectives are :

(1) Identify land use and land cover variations; and

(2) Determine the status and frequency of droughts by estimation the Normalized
Difference Vegetation Index, Vegetation Condition Index, and Land Surface
Temperature alterations. in the Diyala River basin over the last ten years (2013—

2022) using remote sensing methods.
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1 .4 Assumptions and Limitations

Studying the drought condition of the study area using the NDVI, VCI, NDWI,
and NDBI indices, and using aerial images downloaded from the USGS
(https://earthexplorer.usgs.gov), with a spatial resolution of 30 meters. Despite
this resolution can be considered low accuracy, but for the present work purposes,
it was suitable to trace the LULC alterations. Downloading and implement the
amount of precipitation and temperature data from NASA
(http://power.larc.nasa.gov) because of shortage of ground weather stations
historical records. A period of every 3 years was also taken to detect changes in
LULC, as well as to estimating NDBI and SAVI, and a period of each year was
taken to determine the values of NDVI, NDWI, and VCI, which is considered a
good period to measure the state of drought and the difference in vegetation cover,

as well as the variation in water bodies in the DRB over the study period.



CHAPTER TWO

Theory and Review of Literature

2.1 Introduction

Climate change has mostly impacted land use and land cover around the world
due to changing temperatures and precipitation levels (Al-Najjar et al., 2019,
Pradhan et al., 2020). Which in turn changes in land use and land cover (LULC)
have an effect on both physical and human ecosystems, and they also contribute
to climate change. It is important in many socioeconomic and environmental
applications. Additionally, it affects streamflow. Data on long-term LULC change
are essential for managing water resources and urban development because of
population growth and water scarcity. Numerous prior studies looked at how
changes in land use and land cover impact hydrological processes and how to
forecast future map. This chapter will provide an in-depth but concise review of

relevant local and global previous studies on LULC alteration.

2.2 Remote Sensing

The science of remote sensing focuses on the investigation of interaction of
electromagnetic waves with items on the ground, and the detection, analysis, and
exposes the properties of distinct elements' spatiotemporal variations and land
area, using technology for classification of remote sensing photos is a crucial way
to identify and interpret target features is now one of the techniques for

researching changes in land use successful (Peijun et al., 2016).

2.3 Land Use and Land Cover

The Earth's and its immediate surroundings' physical and biophysical
characteristics are referred to as Land Cover (LC). It is represented by the
distribution of the land's physical features, including those created only by human

activity, like settlements, such as vegetation, water, desert, and ice. However, the
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phrase Land use (LU) refers to how people intend to use or manage a specific
type of LC. Therefore, LU includes both the method by which the biophysical
characteristics of land are modified and the intention behind that modification
(the purpose for which the land is used, such as agriculture, grazing, etc.). These
more subtle changes affect the character of the LC without changing its overall
classification. This definition of LU establishes a direct link between human
behavior and the LC (FAO, 1998a).

A detailed investigation is required for effective LC management. Several
academic fields, including biology and soil sciences, hydrology, and meteorology,
have knowledge of the physical characteristics of the LC based on direct
measurements and the use of physical models (Hagos, 2014). The LC changes as
a result of human modifications to the earth's surface. These changes have a
significant impact on how key components of the Earth's system function (such
as energy, water, and soil balance). In addition, as the population grows, the
demand for finite natural resources rises, changing the surface of the land (Islam
et al., 2018). An important factor in the creation of runoff is the impact of LC, as
the amount of water that is intercepted for infiltration and runoff depends on the
vegetation that divides the water (Winnaar et al., 2007).

Climate change, which has altered global temperatures and precipitation
levels, has had the greatest impact on LULC (Al-Timimi et al. 2012; Sameer et
al. 2023). The LULC modifications are helpful for analysis and visualization of
the impact of different advance routes and aid in the formulation of scientific
policies (Degife et al. 2019). They also aid in the implementation of tenable laws
that protect natural resources and offer ecosystem services (Hailu et al. 2018;
Hussain and Karuppannan 2021). The main concern is how directly LULC affect
the Earth's fundamental processes and features, such as the water cycle, biological
habitats, and land degradation and production (Goward et al. 2002). The current
condition of the Earth's surface appears to be drastically changing due to

anthropogenic activity (Hussain et al., 2022; Mohy and Rasheed, 2022; Sayl et

5
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al., 2022). By reducing ecological infrastructure, the LU, and LC alterations
heightened the interplay of resources, administrative concerns, and humanities in
responding to climate change and socioeconomic calamities (Mohammed 2013;

Lin et al. 2018; Mustafa and Ismail 2019; Saleh and Ahmed 2021).

2.4 LULC classification

LULC Classification is the process of appointing land cover classes to pixels
and categorize them. For instance, water, urban lands, forests, horticulture,
vegetation lands, mountains, and highlands (Rajendran et al., 2020).

The best method for classifying land cover is a remote sensing data
classification process (Richards, 1993). The classification workflow divides the
pixels in a picture into various classes using supervised or unsupervised
techniques (Richards, 1993). Can execute a supervised classification using
training data provided and a classification method of maximum likelihood,
minimum distance, Mahalanobis distance, Spectral Angle Mapper (SAM), etc.,
or can perform an unsupervised classification without training data. ENVI
(Environment for Visualizing Images) is used to classify the study area.
Geographic information systems provide a powerful tool for manipulation in the

detection of land cover features.

Unsupervised classification and supervised classification are the two main
types of classification processes. Table 2.1 lists the key differences between
supervised and unsupervised classification methods. The primary tool for
obtaining quantitative data from remotely sensed image data is supervised
classification (Richards, 1993). In supervised classification, the training
examples could be selected, and the image could be categorised in accordance
with the samples that have been selected. Because they will influence which class
each pixel in the final image inherits, the training samples are essential. The three
steps that could be taken when running a supervised classification are shown in

figure 2.1.
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Figure 2.1 The required steps that could

(Richards, 1993).

be taken when running a supervised classification

Table 2.1 The main distinctions between supervised and unsupervised techniques

for classifying land use and land cover (Richards, 1993).

Aspect

Supervised Classification

Unsupervised Classification

Definition

Classification guided by known

training samples

Classification without predefined

training data

Training Data

Requires labeled training data for

each class

Mo labeled training data required

Process

Involves training the classifier

using labeled samples

Uses clustering algorithms to

group pixels

User

Involvement

Requires user to select training

samples

Minimal user intervention during

classification

Class Prior knowledge of class Classes are discovered from data
Information identities is needed patterns
Accuracy Often results in higher accuracy May have lower accuracy due to
Assessment due to training lack of training
i . Effective for identifying specific Suitable for exploratory data
Applicability i
classes analysis
o Less flexible, as predefined Mare flexible, as classes are
Flexibility )
classes are used generated dynamically
i Potentially more complex due to Generally simpler as it relies on
Complexity

training process

clustering
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By using this technique, the analyst can construct representative parameters
for each class of interest using a sufficient number of known pixels. Training is
the name of this stage. The classifier is used to assign labels to all the picture
pixels in accordance with the trained parameters. Maximum Likelihood
Classification (MLC), which makes the assumption that each spectral class can
be characterized by a multivariate normal distribution, is the most widely used
supervised classification technique. As a result, MLC can recognize those
extended classes by utilizing both the mean vectors and the multivariate spreads
of each class. However, the accuracy of the mean vector and the covariance
matrix estimates for each spectral class of data is necessary for MLC to be
effective (Richards, 1993).

Additionally, it is predicated on the idea that classes are distributed immorally
in multivariate space. We are unable to produce reliable results when the
distribution of the classes is multimodal. Unsupervised classification is a different
type of classification. In order to classify image data, a clustering method is
mostly used, and no human understanding of the classes is necessary (Richards,
1993). The number and position of the unimodal spectral classes can be found
using these approaches. The migrating mean clustering classifier is one of the
most often used unsupervised classification methods (MMC). According to
Richards (1993), this approach is predicated on labelling each pixel with
unidentified cluster centres before moving from one cluster centre to another in a

way that results in the SSE measure of the prior section being reduced.

In order to identify data about the earth's surface and environment, remote
sensing 1image categorization is necessary. The classification technique
identifies the information about the object that corresponds to the image and
extracts the essential data about that object (Breiman, 2001) supervised

classification and unsupervised classification are the two general categories
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used to categorise remote sensing image categorization. We employ supervised

categorization in this work.

2.5 Accuracy Assessment

The accuracy assessment method determines how closely the findings match the
observed values. The accuracy valuation process involves constructing numerous
points from the classified map, comparing their locations, and fitting coordinates
from the original photos to positions determined through earth's reality
information (Hussain and Karuppannan, 2021). In this study, these points were
selected based on random sampling. It should be noted that factors used in
classifier training were not taken into account for precise valuation. Fifty points
were created as a result, and they were taken into account for creating the error
matrix for accuracy assessment. The historical LULC, such as estuaries,
croplands, and water bodies, were made possible because of Google Earth
information. LU classes were enhanced and identified using a high-quality

Google Earth map.

2.6 Change Detection

According to Green et al. (1994), change detection compares the spatial
representation of two locations in time while controlling any variances brought
on by variations in the variables of interest. Improved resource management and
utilisation are possible because of the ability to accurately and quickly detect
changes in the earth's surface features (Lu et al. 2004). This capability also paves
the way for a deeper comprehension of the relationships and interactions between
natural and human activities. Geographic data, typically in digital formats like
satellite imagery, analogue format (previous aerial photographs), and vector
format (maps), is the most popular sort of data used to detect changes (Singh

1989).
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Numerous digital algorithms and approaches for analysing and identifying LU
and LC changes have been created and tested in recent decades as a result of the
accessibility of substantial archival data sets (Dewidar 2004). These techniques
and procedures have undergone in-depth analysis, and excellent summaries and
descriptions have been provided (Haque and Basak 2017). It is essential to choose
the appropriate change detection method in order to deliver reliable results since
it is highly influenced by the temporal, geographical, spectral, and thematic
resolutions of remotely sensed data. Unsupervised classification techniques
(iterative self-organizing data) include the Affinity Propagation (AP) cluster
method, fuzzy c-means algorithms, K-means algorithms, and ISODATA
(Maxwell et al. 2018; Camps-Valls et al. 2011).

Numerous studies on LU and LC modelling have been carried out as a result,
comparing machine learning algorithms and other machine learning
methodologies (Talukdar et al. 2020; Camargo et al. 2019). Additionally, research
has been done to select the most suitable and accurate machine-learning classifier
among the numerous LULC mapping algorithms (Camargo et al. 2019; Jamali
2019). In this research, the spatio-temporal changes that have occurred have been
explored and identified using the GIS-based change detection methodology,
which integrates GIS and the RS method (Lu et al. 2004). This method has been
chosen to be employed as it allows for the incorporation of several data sources
with various data accuracies and formats for long-period periods into LULC
change detection (Lu et al. 2004). The method aids in the analysis of the LULC
changes' direction, pace, and spatial distribution (Weng 2002).

2.7 Spectral Drought Indices

Since drought is a frequently expected catastrophe that is challenging to identify
(counting its beginning, extent, strength, and scope), predict, and manage within

the larger environment (Gaznayee et al., 2019; Mohammed and Scholz, 2019),
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it has adverse, profound effects on the social, natural, and economic
circumstances of the area that is impacted. Due to low average precipitation, a
deficiency of natural water sources, high evapotranspiration rates, low water use,
a combination of these factors, or both, water scarcity is frequently linked to
drought (Mohammed and Scholz, 2017). Additional climatic factors considered
essential in determining how often droughts occur include high temperatures,
low air humidity, strong winds, timing and precipitation patterns (especially in
cultivated growing periods), severity, and extent (Mohammed and Scholz, 2017;
2019). Currently, as countries work to improve modification and adaptation
policies, the drought and climate variability effects on water resources have
garnered more attention (Mohammed and Scholz, 2017b). According to Lee et
al. (2017), water stress, which can be caused by high evapotranspiration rates,
excessive water use, or a combination of these factors, is believed to be the
second-most important factor in the hydrologic budget after precipitation.
Understanding the spatio-temporal pattern of drought is essential because it
poses severe risks to people and the environment (Mohammed and Scholz,
2019). Different portions of the globe are predicted to experience more recurrent
and severe droughts due to climate change (Hussain et al., 2022). Once there is
a persistent deficiency in rainfall, a climatological drought occurs (Mohammed
and Scholz, 2017a). A drought in agriculture is defined by a lack of precipitation,
which leads to dwindling soil moisture and inadequate vegetation (Mohammed

and Scholz, 2017a).

Iraq has been extensively researched and is referred to in the literature as the
northern regions of Mesopotamia or the fertile crescent (Gaznayee & Al-
Quraishi, 2019; Gaznayee et al., 2019). Over the past few decades, the northern
region of Iraq and other areas have experienced a severe drought marked by a
sharp decline in precipitation rates (Al-Quraishi et al., 2019; Mustafa, 2020).

Drought can have multiple consequences, including groundwater depletion, lake
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and reservoir depletion, water shortages, and decreased availability of field crops
and feed (Zakaria et. al., 2013; Mustafa, 2020). In relation to agriculture, the
northern high-precipitation region is dominated by vegetable production and
fruit orchards, while wheat fields dominate the intermediate-precipitation region
and in low-precipitation areas, barley is the primary crop. Depending on
precipitation, barley and winter wheat are harvested in the late spring (April—
June) after they are planted in the fall (October-November) (Schnepf, 2004;
Eklund and Pilesjo, 2012; Zakaria et al., 2013).

The drought progression is divided into two stages: Firstly, a meteorological
drought is defined as a long period without rain that signals the start of a drought
event. Second, a lack of rainfall reduces available soil water and vegetation
cover, resulting in agricultural drought (Almamalachy et al., 2020). Geographic
information systems (GIS) and (RS) are becoming more popular for drought
detection (Chopra, 2006). In its current state of development, RS technology can
help with disaster prediction, mitigation, and monitoring. The latter is done
successfully worldwide, with indices resulting from optical RS figures.

Contrarily, drought has been extensively studied and mapped using spectral
drought indices (Chopra, 2006; Gaznayee and Al-Quraishi, 2019). Whether a
researcher is interested in agriculture, meteorology, or hydrology, they can use
data from various satellites for various projects. These data make it possible for
us to more clearly understand the effects of drought across a wider region
(Menon and Bhavana, 2016) compared to slower traditional methods.

Geo-information technology (GIS, RS, and GPS), which integrates the
acquisition, modelling, examination, and managing of spatially distributed data,
is regarded as a modern discipline of the sciences (Al-Quraishi and Negm, 2019;
Mustafa and Ismail, 2019). Vegetation is the first component of the environment
that is impacted by drought. The land surface system is crucial for tying together
environmental elements such as water, soil, air, and additional ecological

components (Foley et al., 2000).
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RS data may be the only information source for drought monitoring in
locations with few sampling gauges (Julien and Sobrino 2010; Juliev et al. 2019;
Sameer et al. 2021, 2023). Globally, drought intensity, duration, and impact have
all been measured using satellite-based drought indices (Goward et al. 2002;
Gaznayee and Al-Quraishi 2019; Hussain et al. 2020a; Dibaba et al. 2020;
Gaznayee et al. 2021; Mohammed and Sayl 2021).

The NDVI, which deals with the robustness of vegetation and has a strong link
with green biomass, an indicator of healthy vegetation or crops, was calculated
mathematically utilising spectral bands inside the satellite picture (Saleh and
Ahmed, 2021; Hussain et al., 2020b). The NDVI creates an adaptable way to
calculate plants' amount, value, and growth by relating near-infrared and red
colour spectral information (Yesuph and Dagnew 2019). High-resolution
satellites such as the Landsat series, the Sentinel series, and various on-board
sensors are currently available to estimate the vegetation index at local (Mustafa
2020) and universal levels (Dibaba et al. 2020; Hussien and Karuppannan 2022;
Mohammed et al. 2022).

The VCI was created to separate ecological and weather-related signals in the
NDVI. Gaznayee et al. (2021) results highlight relationships with some
ecological variables and demonstrate the VCI's ability to detect characteristics
of droughts, providing crucial data to decision-makers in the environmental and
economic sectors. Furthermore, LST measures the energy balance of the earth's
surface, providing vital information about the physical properties and climate of

the planet (Aryan et al. 2018; Assaf et al. 2021).

Gaznayee et al. (2022) reported a negative correlation between LST and NDVI,
as an increase in LST was observed at several scales due to changes in vegetation
cover and soil moisture, indicating that surface temperatures can rise rapidly

with water stress. Recent research has described the correlation between NDVI
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and LST (Sun et al. 2010; Mohammed and Sayl 2020; Gaznayee et al. 2022;
Sayl et al. 2022), which is one of many factors that negatively affect vegetation

dynamics, as an essential element.

2.8 Summary

Based upon the previous review of literature, arise the need to conduet a study
uses RS and GIS to prepare LULC maps and calculate various spectral indices,
including the Normalized Difference Vegetation Index (NDVI), the Vegetation
Condition Index (VCI), the Soil Adjusted Vegetation Index (SAVI), the
Normalized Difference Water Index (NDWI) and Normalized Difference Build-
up (NDBI) in order to detect changes in LULC and correlate these changes with
Land Surface Temperature (LST). This integrated approach allows the present
study to gain more understanding of complex relationships between LULC,

vegetation, and draught.
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CHAPTER THREE

MATERIALS AND METHODS

3.1 The Study Area

The watershed of Diyala River Basin is typically used as example for semi-arid
and arid climates (Al-Faraj and Scholz, 2014). At Lake Derbendikhan in the

Sulaymaniyah Governorate of northern Irag, the Tangro, Wand, and Sirwan

rivers converge to form the Tangro River, the fifth tributary of the Tigris River.

The river begins in the Zagros Mountains and flows through Iran and Iraq for

approximately 574 kilometers before entering the Tigris River south of Baghdad,

Irag. The entire area is roughly 32975.6259 km?, of which 46% is in Iraq and the

rest in Iran. Figure (3.1) illustrates the location of the Diyala River Basin, which
is located between latitudes 33°12'00"” and 35°47'00” E and longitudes 44°18'00”
and 47°58'00" N.

35 200'N

Irag-iran Borderns

— Dvy st Rivert
Dvyala River Basn
DEM

- Migh - 3M7

mJowr e IKkm Low: 14
0 20 0o 120 10

T T T T
4400 AS'00UE 4074008 4800

Fig. 3.1 The Diyala River Basin's hydrographic system can be
found: (a) in iran (b) in Irag.(https://earthexplorer.usgs.gov).
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Derbendikhan (35°06'46"N 45°42'23"E), considered among the largest dams in
Irag, manages the flow of the river. As shown in the figure 3.2 the Derbendikan
Is an earth rockfill dam that was built in 1961 and serves several functions,
including flood control, hydropower generation, and irrigation. About 20% of its
16,750 km? is in Irag, and the remaining 80% is in Iran (Nagi et al., 2021). The

Derbendkhan Reservoir can hold 3.5 million cubic meters of water in total

(MCM). Upstream, the Diyala River has a length of about 217 kilometers.

Fig. 3.2 Derbendikan earth rockfill dam.

As shown in the figure 3.3 the Hemrin (34°06'52"N 44°58'04"E), earthfill with
clay core and gravel shells dam in DRB, is the second dam. About 120 kilometers
to the east of Baghdad City, in the middle of the Diyala River, Hemrin was
constructed in 1981 (Al-Faraj and Scholz, 2015).

16


https://geohack.toolforge.org/geohack.php?pagename=Darbandikhan_Dam&params=35_06_46_N_45_42_23_E_type:landmark_region:IQ

Chapter Three Materials and Methods

Fig. 3.3 Hemrin earthfill with clay care and gravel shells dam.

3.2.1 Spatial and Temporal Data

Figure (3.1) shows satellite images that were downloaded from the USGS (the
United States Geological Survey) (https://earthexplorer.usgs.gov) (accessed
September 20, 2022) and included the Digital Elevation Model with a spatial
resolution of 30 meters. The basin was enclosed via Landsat 8,9 (OLI) and TIRS
imagery with path/row = 167/36, 168/37, having 30 m spatial resolution and nine
spectral bands. The Landsat images were downloaded for four periods, which are
the years 2013, 2016, 2019, and 2022. Landsat combinations, Google Earth, and
ground control points (GPs) were gathered by the Global Positioning System
(GPS) for the classification of Landsat photos and accuracy evaluation as given

in Table (3.1) downloaded from (https://earthexplorer.usgs.gov).

17



Chapter Three Materials and Methods

Table (3.1) Data gathered from Earth observation pictures for the Diyala
River Basin (https://earthexplorer.usgs.gov).

S. No. Satellite/Sensor ~ Date Path/Row  Spatial Spectral Band Used
Resolution Resolution
1 Landsat 8(OLI/TIRS) 7 April 167/36 30 Multispectral 1-,7 and 9
2013 168/37 (1-7,9 bands)
100 Band 10 10
2 Landsat 8 (OLI/TIRS) 6 April 167/36 30 Multispectral 1-7,and 9
2016 168/37 (1-7,9 bands)
100 Band 10 10
3 Landsat 8 (OLI/TIRS) 24 May 167/36 30 Multispectral 1-,7 and 9
2019 168/37 (1-7,9 bands)
100 Band 10 10
4  Landsat 8,9(OLI/TIRS) 23 April 167/36 30 Multispectral 1-,7 and 9
2022 168/37 (1-7,9 bands)
100 Band 10 10

Note: In 2019, photos in April were not selected due to clouds and lack of clarity
in aerial photos in this month.

3.2.2 Meteorological Data

Climatic data such as minimum and maximum air temperatures and precipitation
data for the study period of DRB have been obtained from the National
Aeronautics and Space Administration (NASA) (http://power.larc.nasa.gov)
(accessed on November 21, 2022).

3.3 Data Analysis Softweares
1. ArcGIS 10.8: ArcGIS 10.8 was used to create LU and LC maps and image
classification and calculate NDVI, VCI, NDBI, SAVI and NDWI.

2. Google Earth: Google Earth was utilized to check the classification LU/LC

and calculate the accuracy assessment.

3. Microsoft Excel 2021: The Excel 2021 programme was used to arrange the
values of the tables that were obtained from ArcGIS 10.8, and to draw the

relationship between indicators, such as the relationship between NDVI and LST.
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3.4 Classification Procedures
3.4.1 Classical Maximum Likelihood Classifier

Maximum likelihood classification was applied to categorise each pixel.
Although it is recommended to perform at least 20 trials when classifying a
picture using a map with less than three classes, this study used at least 30
reference samples for each class. The reference sites for 2013, 2016, 2019, and
2022 on Google Earth were taken into consideration. There are numerous steps
in the overall process of classifying images. The initial step is to choose training

locations.

Using the processed images as a guide, training locations were sampled using the
polygon technique, which allowed for the sketching of polygons for a particular
spectral class. During the process, various band arrangements, picture
enhancements, and colour configurations were used to distinguish between and
comprehend the surface structures of the photographs. Every band represents a
data set file for a certain electromagnetic field ratio used to determine the study
features. The band groupings were chosen based on their applicability. The
samples extracted signs were estimated using the histogram approach, and
numerous trials were conducted until the desired unimodal distribution was
achieved. The same-class signs were then combined by selecting all the signs
from each class. Additionally, the training data set is used to generate class
signatures and the whole-picture classification. A compound signature was used
in the supervised image classification maximum likelihood map to map the LU
and LC. The LU and LC class change portion (CP) and fraction of illustrative
change (FC) in the LU and LC class area can be estimated by applying the

following equations:

CP (Km®) = OA — EA 3.1
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OA -EA
FC (%) = TXIOO 3.2

In which OA is the last year extent (km?), EA is the first year extent (km?), and

A is the overall area of the basin (km?).

3.4.2 Accuracy Assessment

Data on LU and LC features, and other types of thematic data essential to GIS
analysis, are mostly derived via RS. To assess the distribution of LC and to update
current geospatial information, aerial, and Landsat satellite imageries are also
commonly used. The significance of RS in GIS has increased dramatically with
the development of RS technologies and image processing software (Mahdi and
Mohammed, 2022). While geospatial processes are now more efficient and
powerful as a result of the greater use of RS data and technology, the complexity
has also raised the likelihood of error. Earlier, studies on picture categorization
did not place a high premium on accuracy evaluation. Yet, accuracy assessment
has become an extremely important process due to the accelerated potential for

error given by digital photography (Congalton and Green, 2019)

A crucial stage in the processing of data from RS could be accuracy assessment
or validation. It increases the value of the upcoming information for the user. The
quality of the information must be known in order for geodata to be used
profitably. The overall accuracy of the categorised image is evaluated by
comparing the classification of each pixel to the clear land cover conditions
derived from the associated ground truth data. The accuracy of the producer,
which may serve as a barometer for how well real-world land cover categories
may be identified, is used to measure errors of omission. According to Congalton
(1991), Jensen (2005), and Campbell (2007), the chance that a classed pixel on

each map corresponds to the actual class on the ground or real-world location is
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known as user accuracy (UA). The error matrix and kappa coefficient have

become the accepted metrics for assessing the precision of image classification.

These points were selected based on random sampling. It should be noted that
factors used in classifier training were not taken into account for precise
valuation. Fifty points were created as a result, and they were taken into account
for creating the accuracy assessment error matrix. The historical LULC, such as
estuaries, croplands, and water bodies, was made possible because of Google
Earth information. LU classes were enhanced and identified using a high-quality
Google Earth map. Considering the overall accuracy, user and producer accuracy,
and the error array, the Kappa Index (KI) was estimated. KI typically ranges from
0 to 1, and values below 0.4 denote low agreement; between 0.4 and 0.8, moderate

agreement; and over 0.8, robust arrangement (Viera and Garrett 2005) as shown

in table (3.2).

Table (3.2) Statistical measurements to evaluate the intelligent accuracy of a
category (Viera and Garrett, 2005).

\no. kappa statistic power of agreement \
1 0> Less than chance agreement

2 0.20-0.01 Slight agreement

3 0.40 -0.21 Fair agreement

4 0.60-0.41 Moderate agreement

5 0.80-0.61 Substantial agreement

6 1-0.81 Almost perfect agreement

The overall accuracy is computed by dividing the total number of pixels by the
total number of correctly categorised pixels. Pixels examined The Kappa
coefficient is an agreement metric. The proportion reflects the classification's
degree of accuracy (Congedo, 2021). As a result, concentrated on general change

rather than land cover-specific changes.

An error matrix and Kappa coefficient, including user classification and a
reference image, were used to assess accuracy (Tembo and Volk, 2022). An error

matrix is a very efficient way to convey the accuracy of thematic maps since it
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provides a simple way to identify the specific accuracies of each class as well as
both inclusion and exclusion errors (commission and omission errors). The
overall accuracy, user's accuracy, producer's accuracy, and Kappa coefficient
were calculated using the following equations (Al-Saady et al., 2015; Dibaba et
al., 2020):

_ (total number of classified pixels ( daigonal)

x 100 3.3
(total number of reference pixels)

UA = (number of correct classified pixels for each classes )

100 3.4
(total number of pixels in the classif ied image)

(number of correct pixel in the classified map for each classes )
= x 100 3.5

(total number of reference pixels(Google earth)

__ (total no. of (diagonal X reference) — (¥ (user X procdure ) )

KI% = x 100 3.6
% (total no.of reference)? — (3 (user X procdure)

Producer and user accuracy and the whole Kappa index of the agreement were
calculated, depending on the error matrix. The transition error matrix of the LU
and LC denotes the LU and LC change during 2013, 2016, 2019, and 2022 in this
study, for example. The transition matrix is defined by (Daba and You, 2022):

Ay Ay Ay,
At: At21 Atzz ---------- AtZJ 3 . 7
Ay Ay Ay,

where Aj; = the area in transition from land i to land j, and each element in the
transition matrix 1is categorised assuming Aj is non-negative and The
quantification of the changing aspects of modification during the time frame was
then explored by computing the zone of specific classification for each time frame
(every year 2013, 2016, 2019, and 2022) after evaluating its produced LU and LC
maps accuracy between 2013 and 2022.
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3.4.3 Change Detection

To create the LU and LC images for 2013, 2016, 2019, and 2022, ArcMap 10.8
(ESRI, 2020) was used. First, the land cover categorizations were accomplished,
and the LU and LC classifications were assessed. Then LU and LC investigations
and degrees of change were considered. The following equations are used to
determine the total LU and LC between two periods (Mahdi and Mohammed,
2022):

Overall LU and LC change = Area of the last year - Area of the first year 3.8

_ Overall LU and LC change
Ratio of LU and LC change = - x 100 3.9
Full basin area

A matrix of LU and LC was established for 2013, 2016, 2019, and 2022 using the
ArcMap environment to test the LU and LC inter-classification changes and
analyse the catchment practice in LU and LC changes. This array calculated the
difference in the region (growth or reduction), stability, and change between the
LU and LC classes.

3.4.4 Normalized difference vegetation index

Normalized Difference Vegetation Index (NDVI) 1s the most generally applied
vegetation cover index. NDVI is used to investigate and evaluate plant density

and health changes. As shown in table (3.3).

The following equations are used to estimate NDVI (Hussain and Karuppannan,
2021):

NDVI = — 3.10
+

in which
NIR = near-infrared (0.85-0.88 um).

R =red (0.64—0.67 um).
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NDVI = (Band 5 — Band 4) 311
(Band 5 + Band 4) '
Table (3.3) Statistical measurements to calculate Normalized Difference

Vegetation Index (Hussain and Karuppannan, 2021).

Ino. NDVI Value NDVI Classes |
1 -1 - -0.1 water bodies

2 -0.11 — 0.1 Urban land

3 0.11- 0.2 Barren rocks, sand, or snow

4 0.21 — 0.5 Grasslands

5 0.51 — 1 Dense foliage

3.4.5 Land Surface Temperature

Land surface temperature (LST) was derived by applying the following stages:

1. convert thermal data to radiance using the following equation: (Sun et al.,
2010).

Le=ML x Q_+ AL 3.12

2. Converting L to Brightness Temperature (BT):

K,
ln(IE—Al)Jr 1

3. Calculating NDVI

BT = — 273.15 3.13

NDVI = (Band 5 — Band 4) 314
(Band 5 + Band 4) '

4. Calculating the vegetation proportion (P,)

NDVI—NDVI;, \>
V= < ) 3.15
NDVI,,,.x — NDVI,;,
5. Calculate Emissivity €
& =0.004 x Py+0.986 3.16
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6. Calculating the LST

In the last step, the following equation could be applied to produce the surface
temperature (Hussain and Karuppannan, 2021).

BT

~ T 0.00115xBT 3.17
(71355 *In(®)

LST

It is important to understand that the LST is not the same as the air temperature.
in which L = (the top of the atmospheric) TOA
ML= RADIANCE MULT BAND 10
«al = corresponds to band 10;
AL =RADIANCE ADD BAND
K1 =K1 CONSTANT BAND 10

K2 = K2 CONSTANT BAND 10

3.4.6 Vegetation Condition Index

The vegetative condition index (VCI) was created to separate the biological
components of the NDVI from the component that is linked to the weather. The

following equation can be used to estimate VCI (Gaznayee et al., 2021).

NDVI — NDVI,;i, 318

VCI = X 100
NDVI,,,, — NDVI_;,

where NDVI stands for the NDVI value for the current month, and NDV1,,,;, and
NDVlI, stand for, respectively, the lowest and highest values of the NDVI in the

observation.

The VCI index relates recent NDVI values to values recorded during the same

period in past years in a specific pixel since it has often been recommended based
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on the relative NDVI fluctuation with regard to the minimum historical NDVI
value. Several studies used the VCI as a technique to measure the severity of the
drought; however, the only VCI values provided insufficiently detailed
assessments of the situation (Gaznayee et al., 2021). Table 3.4 shows the VCI

values and the corresponding drought categories.

Table 3.4 Classification of the
Vegetation Condition Index
(VCI) values in relation to
drought (Quated from
Gaznayee et al., 2021).

Classification  VCI Values

Extreme 10< VCI
Drought

Severe 10<VCI<20
Drought

Moderate 20<VCI<30
Drought

Mild Drought 30<VCI<40
No Drought VCI > 40

3.4.7 Normalized Difference Water Index

An indicator of water body change monitoring that uses the green and NIR bands
i1s the Normalized Difference Water Index (NDWI). That can be expressed by
(Gaznayee and Al-Quraishi, 2020):

QGreen - NIR 3.19
Green + NIR

In which Green is the green band (B3), (0.53-0.59 um ), NDWI stands for the

NDWI=

normalized differential water index, and NIR is the near-infrared band (B5),

(0.85-0.88 um ).

A body of water has a high absorption capacity and little Infrared and Visible rays
radiation. Using a threshold value, the water body can be divided into surfaces
with detectable water (NDWI figures greater than or equal to 0.3) and those

without discernible water, according to McFeeters (1996). In the current study,
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the size of water bodies like Derbendikan Lake (DLK) and Hemrin Lake (HLK)
was estimated using the NDWI, and the ArcGIS software was used to classify the
NDWI fraction images.

3.4.8 Normalized Difference Built-up Index

Compared to other surface features, built-up lands have higher reflectance. NDBI

is useful to map urban built-up areas, which is expressed as follows (Zha, 2003).

_ (MIR-NIR)

NDBI=——————
(MIR+NIR)

3.20

where NIR is near infrared reflectance, which is (1.57-1.65 um), band 5;
MIR is middle infrared reflectance, which is (0.88-0.88 um) band 6. NDBI
values range from -1 to 1. The greater the NDBI is, the higher the proportion

of built-up land is, and the larger areas of construction land there are.

3.4.9 Soil Adjusted Vegetation Index

In an effort to enhance the NDVI, Huete (1988) created a vegetation index that
took into consideration the differences in red and near-infrared extinction across
the vegetation canopy. The index is a transformation approach that reduces soil

brightness effects from spectral vegetation indices using red and near-infrared

(NIR) wavelengths. The SAVI is defined by:

_ (1+L)(NIR - Red)
~ (NIR + Red + L)

SAVI 3.21
where L is a canopy background adjustment factor. An L value of 0.5 in
reflectance space was found to minimize soil brightness variations and
eliminate the need for additional calibration for different soils. The
transformation was found to nearly eliminate soil-induced variations in

vegetation indices (Huete, 1988).

27



Chapter Three Materials and Methods

3.5 Research Methodology

Aerial photographs from Landsat 8,9 for the years 2013, 2016, 2019, and 2022
were used to draw LU and LC maps and calculate the quantities of the five types:
water bodies, urban areas, bare lands, vegetation land, and palm trees. The NDVI
was also calculated and mapped, and the LST values were calculated and linked
to a relationship to determine the strength of the correlation that occurs between
them. The VCI was also calculated to determine the incidence of drought in the
study area during the years of the study, and the NDBI was calculated to

determine the expansion of urban areas throughout the study period.

While from the year 2013 to 2022 These images were used to measure the water
bodies in Lake Derbendikan and Hemrin using NDWI, and the VCI was also
calculated during this period to determine drought conditions for a period of 10

years, as shown in figure (3.4).
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2013 to 2022
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Figure (3.4) Adopted methodology for assessing the land use and land cover
alteration on the Diyala River Basin.
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CHAPTER FOUR
RESULTS AND DISCUSSION

4.1 Land use/Land Cover Alterations

The change of LULC has been considered an essential focus that needs to be
addressed in the environmental variation study and urban expansion and
development. In order to the LULC classes in the (DRB), Landsat images for the
periods 2013, 2016, 2019, and 2022 were used as shown in Figure 4.1. The basin
area was comprised of different land types, which are water bodies, urban lands,
barren lands, vegetation areas, and palm lands. The classification of LULC was
engaged along with an investigation analysis using Google earth. The main
LULC classes in the basin were the vegetation areas that covered about 76.64%,
57.36%, 63.63%, and 68.00% during 2013, 2016, 2019, and 2022, in that order
as shown in Table 4.1 and Figure 4.1. Then came the deserted areas and cities,
which increased by 381.57 km? (1.16%) and 2730.77 km? (8.28%) from 2013 to
2022, respectively.
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Figure 4.1 Temporal variation of Land use and land cover classes of the Diyala
Basin throughout 2013, 2016, 2019, and 2022.

29



Chapter Four Results and Discussion

Even though vegetation cover had reduced between 2013 and 2022, there seems
to be a positive alteration in the area, with an increase of 6.27% between 2016
and 2019. The water bodies class comprised 501.10 km2 (1.52%) in 2013, but
decreased by -274.12 km2 (-0.83%) between 2013 and 2022 (Table 4.1). It has
been observed that during the study period, vegetation cover has altered between
built-up lands and barren areas. It has been noticed that the bare land has
increased during the last decade. In 2013, about 5770.30 km? (17.50%) of the
basin was covered by bare lands, which increased to 8501.08 km? (25.78%) in
2022. Besides, in 2022, the bare land area increased by 8501.08 km? (25.78%)
(Table 4.1). Still, there was a significant rise in bare land from 2013 to 2016,
increasing by 5430.61 km? (16.47%). In 2022, the main LU and LC categories
were vegetation cover (68%), followed by barren areas (25.78%), and built-up
lands (5.09%).

Table 4.1 Land use and land cover (LU//LC) classes area over the

study period.
.. LU/LC class
Year Unit WBL UL BL3 VL PLS Total
2013 Km? 501.1 1295.8 5770.3 25273.9 1345 32975.6
% 1.5 3.9 17.5 76.6 0.4 100.0
2016 Km? 1085.7 1620.0 112009 189145 1546 32975.6
% 3.3 4.9 34 57.4 0.5 100.00
2019 Km? 662.6 1631.4  9540.6 20983.8 157.2 32975.6
% 2.0 5.0 28.9 63.6 0.5 100.0
2022 Km? 227.0 1677.4  8501.1 22421.8 148.3 32975.6
% 0.7 5.1 25.8 68.0 0.5 100.0
CP Km? -274.1 381.6 2730.8 -28520 138 0
FC% % -0.8 1.2 8.3 -8.7 0.0 0

"Water Bodies; >Urban Lands; *Bare Lands; “Vegetation Lands;
Plams; CP=Change between 2013 and 2022, FC=Percentage of
change.

During the studied period, agricultural lands witnessed the largest decline. The
deterioration in soil moisture content of the DRB, which originated due to lower
average annual rainfall during the past years, is generally responsible for the

decline in agricultural lands.
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The expansion or contraction of the region covered by a specific LU or LC class
can be denoted by the extent and percentage of the variations recognised.
Expansion and contraction of the corresponding LU and LC class's spatial
magnitude are usually represented by positive and negative numbers,
respectively. The temporal variations of LU and LC in the DRB during the study
period are displayed in Figure 4.1. Though the spatial and temporal LU/LC
variations in DRB are shown in Figure 4.2, Vegetation cover and built-up lands
witnessed continuous growth, although barren lands exhibited a continuous drop.
The upper basin portion showed the most growth in agricultural lands, while the

lower basin portion showed the greatest growth in urban areas.
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(a):Satiotemporal variations of LULC at 2013.
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(c):Satiotemporal variations of LULC at 2019.
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(d):Satiotemporal variations of LULC at 2022.

Figure 4.2 Land use and land cover spatiotemporal alteration for Diyala
River Basin over study period.

Based on these findings, it was concluded that population growth resulted in a
significant reduction in vegetation cover. Similarly, between 2013 and 2022, a
lack of water bodies resulted in an increase in barren areas and a lack of

vegetation cover.

4.2 Accuracy Evaluation of Land Use and Land Cover

As shown table 4.2 displays the estimation results of the producers' (PA) and
users' (UA) accuracy, overall accuracy assessment (OA), and the Kappa
coefficient values for different LU/LC classes for the 2013, 2016, 2019, and 2022
years, respectively. The OA and the KI values were 93% and 91.2%, 88. 7% and
85.8%, 89.2 and 86.5%, and 90.2% and 87.7%, respectively. The maximum and
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minimum PA values detected for the bare lands, vegetation lands, and palms were
in the range of 92.9% to 83.3%, 91. 7% to 73.3%, and 91. 7% to 71.4%, in that
order. The corresponding values of UA detected for urban lands, vegetation
lands, and palms were in the range 0f 92.3% t0 90.9, 92.3% to 81.8%, and 91.67%
to 66. 7%, 1n that order.

Table 4.2 The estimation of the Kappa coefficient (KI) and overall
accuracy (OA) for the water years 2013, 2016, 2019, and 2022.
LU/L GCRD?

b c

vear WBT ULZ BL® vL¢ ps °oTH UA

WB! 11 0 1 0 0 12 91.7

uLz o 10 0 o 1 1 90.9

BL® 0 0 10 0 0 10 100
2013 VL* 0 0 1 11 0 12 91.7

PLS 0 0 0 1 11 12 91.7

Total 11 10 12 12 12 57

PA® 100 100 833 917 917

OA% 93

KI% 91.2

LU/L GCRD? . ]
Year . WB! ULZ BL? vL? pLs o UA

WBI 9 0 0 0 0 9 100

uLz o 10 0 o 1 1 90.9

BL® 0 0 10 0 0 10 100

VL4 0 0 2 9 0 11 81.8
2016 PL5 0 0 0 3 9 12 75

Total 9 10 12 12 10 53

PA® 100 100 833 75 90

OA  88.7%

Kl 85.8%

LU/L GCRD? . ]
Year . WB! ULZ BL? vL? pLs o/ UA

WBI 12 0 0 1 0 13 923

ULz o 12 0 0 1 13 92.3

BL® 0 0 13 0 0 13 100

VL4 0 0 1 11 1 13 84.6
2019 PL5 0 0 0 3 10 13 76.9

Total 12 12 14 15 12 65

PA® 100 100 929 733 71.4

OA  89.2%

Kl 86.5%
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Table 4.2 :continued
LU/L GCRD?

b c

Year . WB! ULZ BL? vL? ps o UA

WBT 12 0 0 0 0 12 100

ULz o 11 0 o 1 12 91.7

BL® 0 0 2 0 0 12 100

VL4 0 0 1 2 0 13 92.3
2022 PL® 0 0 1 3 8 12 66.7

Total 12 11 14 15 9 61

PA® 100 100 857 80 889

OA  90.2%

Kl 87.7%

"Water Bodies; ?Urban Lands; *Bare Lands; “Vegetation Lands;
SPlam; *Ground Control Reference Data (Google Earth); "Ground
Truth; ¢ Use’s accuracy (%); ¢ Producer’s accuracy (%).

Based on the findings, the KI values showed significant agreement across all
examined years.

4.3 Change Detection Matrix

The investigation of the LU/LC alteration supports the determination of how a
definite class can move to another one. The LU/LC changing matrixes from 2013
t0 2016, 2016 to 2019, and 2019 to 2022 were calculated and mapped (Table 4.3).
The results 2013-2016 revealed that 451.47km?, 632.58km?, 4498.51km?,
17578.65km?, and 80.90 km? of water bodies, urban lands, barren lands,
vegetation cover, and palm grove and forest areas, respectively, were unchanged.
The maximum extent was stable in farming lands (17578.65 km?), followed by
barren lands (4498.51 km?). The highest conversion occurred in vegetation lands
to bare lands (6313.74 km?) and (811.42 km?) to urban lands during the same
period. The maximum change of the bare lands and palms into urban lands was
134.50 and 1.98 km?, respectively.
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Table 4.3 Land use and land cover change matrix area (km?)
for the water years 2013-2016,2016-2019, 2019-2022, and
2013-2022, for the Diyala River Basin.

2016
Class WB UL BL VL PL Total
WB 4515 155 157 17.4 0.03  500.1
UL 450 6326 3337 2527 3.8 1267.8
BL 403 1345 44985 1085.8 0.3 5759.3
2013 VL 5493 8114 63137 175786 623 253153
PL 02 1.9 2.3 45.6 809  131.0
Total 1086' 15959 11163.9 18980.1  147.2 329735
2019
Class WB UL BL VL PL Total
WB 5465 445  33.7 34.4 202 6611
UL 699 757.6 4848 2777 158  1605.8
BL 1712 2415 75105 1591.9 153  9530.3
2016 "y 181.3 490.4 4939.7 15370.1 423  21023.7
PL 02 49 3.3 47.6 95.4 1515
Total 969.1 1538.9 129720 17321.6  170.7 329725
2022
Class WB UL BL VL PL Total
WB 2038 101.8 207.9  145.00 446  663.07
UL 59 9628 353.86 275.37 8.83  1606.83
so19 BL 412 3310 689038 227299 2627  9561.80
VL 117 2129 1039.48 19726.33 32.83 21023.28
PL 006 1.4 3.01 33.01 80.08 117.54
Total 2627 1609.9 8494.72 2245270 152.47 3297251
2022
Class WB UL BL VL PL Total
WB 190.1 789 986 129.9 2.4 500.0
2013 UL 54 7524 3684 1365 6.4 1269.2
BL 47 2060 5098.6 446.3 2.9 5758.4
VL 247 5801 29232 217138  73.6 253154
PL 025 239 2109 26.3 570 1295
Total 2252 16414 8510.8 22452.8 1423 329725

The modification identification matrix was computed using the pixel-by-pixel

approach from 2016 to 2019 as shown in (Table 4.3). The results displayed that

vegetation lands have been decreasing during this period and altering into bare

lands, urban lands, or new types. The stable areas, according to calculations,
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covered 15370.05 km?, and the largest area conversion discovered in the arid
plains, 4939.74 km?. The palm area's transition trend showed that 95.40 km? is
unchanged. A large part of the palm industry was transformed into vegetation and
urban. It is interesting to note that urban occurred mainly in the lower part of
DRB areas because people prefer to reside in the lowlands as living costs are low
compared to mountain lands and along the roadways.

The change detection results from 2019 to 2022 showed that 19726.33 km? of
VL were unaffected, but 1039.48, 212.97, 32.83, and 11.67 km? of areas were
converted into BL, UL, PL, and WB, respectively. The maximum advance of the
BL class by UL extents was 331 km?. For WB, UL, BL, and PL, about 203.83,
962.82, 6890.38, and 80.08 km? areas were stable. Furthermore, from 2013 to
2016, 2016 to 2019, and 2019 to 2022, it has been found that more land was
transformed into bare lands (6313.74, 4939.74, and 1039.48 km?) and urban
(811.42, 490.42, and 212.97 km?) from vegetation lands.

The overall LU and LC conversion between 2013 and 2022 showed that the areas
of built-up (580.13 km?) and barren (2923.18 km?) expanded the common
terrestrial vegetation cover more than the two previous transitional times. In
contrast to the previous two transition matrices, the conversion of barren
indicated that all classes except from this gained the regions. Because urban areas
encroached more quickly than the others, the highest conversion was seen in arid
regions. The barren class encroached on 2923.18 km? of vegetation area within
nine years, which was the longest time period of all categories.

4.4.1 Results of NDVI and LST

From 2013 to 2022, the minimum values of NDVI ranged from -0.25 to -0.29,
the maximum values of NDVI ranged from 0.61 to 0.65, and the average shows
the same statistics (Figure 4.3 and Table 4.4). The total basin area has witnessed
a decline in plant cover; in 2013 and 2016, the maximum NDVI value was 0.61,

which shows that vegetation covers, such as grassland and forest areas, were
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expanded, while the minimum NDVI values were -0.25 to -0.28, in that order,
which reveals that DRB has a sufficient amount of water bodies. Between 2019
and 2022, the maximum NDVI values were 0.67 and 0.65, which shows that
vegetation cover is expanding, and the minimum NDVI values were -0.26 to -

0.29, in that order, which implies enough water bodies and bare soil (Table 4.4).
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(c):Spatiotemporal alteration based on NDV1 at 2019.
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(d):Spatiotemporal alteration based on NDVI at 2022.

Figure 4.3 The Normalized Difference Vegetation Index (NDVI) in the

Diyala Basin River over the study period.

Table 4.4 Descriptive statistics for weather parameters and Normalized Difference
Vegetation Index (NDVI) values for the period 2013, 2016, 2019, and 2022 for the

Diyala River Basin.

Weather Variables

NDVI

Year Temperature (C) Precipitation (mm) LST

Min? Max?> Me.2 SD* Min! Max? Me3® SD* Mint Max> Me® SD* Max?> Min!
2013 -0.25 061 018 64 51 31 18.05 5 275.33 378.26 326.8 30.2 47.2 -10.2
2016 -0.28 0.61 0.17 57 13 312 16.25 536 369.83 593.76 4818 70.3 434 -115
2019 -0.26 0.67 021 7.2 97 349 223 531 43206 60354 5178 56.72 472 1.7
2022 -0.29 065 0.18 63 46 338 192 518 1323 369.12 250.7 93.17 492 -1.2

"Minimum; ?Maximum; *Mean; “Standared deviation

The value of NDVI shows decline in vegetation cover, mainly in the lower portion

of the basin extent (Figure 4.3 and Table 4.5). The upper part of the basin consists

of topography with grasslands and trees. However, the NDVI-based vegetation
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mass is less in the interior portion of the study area and less in the lower part of
the basin (Figure 4.3). A smaller amount of precipitation and high air
temperatures are observed in the lower part of the basin (Figures 4.3a and 4.3b).
These results are consistent with the research performed by (Gaznayee 2021;
Gaznayee et al., 2022), and both studies concluded rises in the severity and
occurrence of drought over the basin. Anincrease in LST, a decline in plant cover,
and a shortage of average rainfall were the main properties of the studied basin.
Climate conditions have reduced the vegetated cover, and topographical

inconsistency is another factor that has affected vegetation cover.

Table 4.5 The area coverage and percentage of the entire area for the
Diyala River Basin in the years 2013, 2016, 2019, and 2022 for the
Normalized Difference Vegetation Index.

Area
2013 2016 2019 2022
LU/L ’ 0 » 0 ’ 0 9 0
c* Km ) Km ) Km Y% Km Y%

WB 353.4 1.1 560.2 1.7 550.0 1.7 1659 0.5
UL 784.8 24 6955 21 5292 16 4551 1.4
BL 18433.8 55.9 132225 40.1 20252.1 614 203742 61.8
VL 12001.4 36.4 16128.7 48.9 10547.8 31.9 105152 31.9
PL 14023 43 2368.7 7.2 1096.5 3.3 1465.2 4.4

Linear regression analysis was utilised to discover correlations between LST and
NDVI, and the results show that LST and NDVI were adversely correlated by

regression analysis as shown in (Figure 4.4).
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Figure 4.4 Alteration maps of the Normalized Difference Vegetation Index
(NDVI) and Land Surface Temperature (LST) of the Diyala Basin in (a) 2013;
(b) 2016; (c) 2019; and (d) 2022.

4.4.2 Result of climate factors and NDVI

Climate data are collected from the National Aeronautics and Space

Administration (NASA). The data were then correlated with ground-based values

and visualised using the Arc GIS 10.8 programme. The spatial distribution maps

of the long-term mean air temperature and precipitation are shown in Figures 4.5a

and 4.5b. When compared to Khanagin, the long-term precipitation values
changed from (300-360) mm at Baghdad station to (460-470) mm. A notable

difference between the upper and lower sub-basins was the amount of

precipitation (Figure 4.5a). The mean air temperature of the basin ranged from
10.8513.15 °C, 13.1515.81 °C, 15.8218.48 °C, and 18.4921.24 °C at the upper
and middle parts of the basin to more than 24.17 °C at the upper part of the basin

(Figure 4.5

b).
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43



Chapter Four Results and Discussion

To determine the relations between meteorological variables and NDVI,
regression analysis (R?) for the annual reference period for rainfall, temperature,
and NDVI has been implemented (Figure 4.6). Precipitation and mean air
temperature were progressively linked with LU/LC among different
environmental factors. The trend of the regression coefficient R? indicates that
there is a negative association between temperature and NDVI. Regression
coefficients (R?) of 0.5, 0.67, 0.63, and 0.63 were detected for 2013, 2016, 2019,
and 2022, respectively. However, precipitation has a positive correlation with
NDVI throughout the same period of 0.5, 0.67, 0.4, and 0.5, respectively. The
analysis reveals that NDVI essentially declines in areas where temperatures
increase and precipitation decreases. Interestingly, the temperature in urban areas
was greater than the temperature in plant-covered areas. Valuation and

assessment of the built-up location need figures and an understanding of LST.
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Figure 4.6 Correlations among Mean air temperature (T) and precipitation (P)
and the Normalized Difference Vegetation Index (NDVI) of the Diyala Basin in
(a) 2013; (b) 2016; (c) 2019; and (d) 2022.
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In evaluating the growth in agricultural lands brought on by the development of
environmental protection laws and the prevention of recording over the past few
years, the development of living standards, increased awareness among residents
of these parts, and ongoing synthetic afforestation in that zone, the territory, shrub
area, and trees may be crucial factors (Mustafa, 2015; Gaznayee et al., 2022). The
variations of agricultural drought in terms of NDVI were observed as LST
variations. LST and NDVI relations exhibit bad connections in the research basin,
according to Figure 4.4, which looks at the generalizability of the represented
LST and NDVI correlations about weather drought observation and valuation.
NDVI and LST often have a negative association since NDV1 values rise as LST
values fall. The associations between LST and NDVI are often negative (Sun et
al., 2010; Gaznayee et al., 2022). Except for a negligible rise at some sites, there
were maximum changes in NDVI in the northeast and southeast, where rainfall
was higher than before in some parts. NDVI variations were seen throughout the

study period, and the index saw a significant rise in 2019 and 2022,

The NDVI index regularly increased with the increase in precipitation and
decrease in temperature in the upper parts of DRB, which has resulted in a
growing trend in the vegetation of the northeast as shown in (figure 4.3, figure
4.5). Conversely, constant LST increases and declining precipitation caused
continuous decreases in the vegetation covering the lower part of the basin. The
drought in semi-arid regions considerably leads to ecological degradation as it
limits vegetation cover growth and exposes the soil to loss (Gaznayee et al.,
2022). The spatiotemporal variability of LST-NDVI correlation on universal
scales has been considered by several researchers (Julien and Sobrino, 2010) and
was founded on the hypothesis that complementary statistics in these researches
would deliver an extra vigorous description for many occurrences at the ground’s
surface. This study’s NDVI varies owing to spatiotemporal rainfall variability
(Goward et al., 2002). Accordingly, NDVI is a reasonably worthy sign of
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precipitation deficiency in the region, and warmer temperatures are effective for
plants growth (Mahdi and Mohammed 2022). The use of the NDVI-LST-based

indices regression formula must be restricted to local times and places where
harmful associations are seen, rather than on a global scale. The application of

the NDVI-LST-based indices regression formula must be limited to local areas
and times wherever deleterious relationships are observed and not on an
international level. Depending on whether energy temperature (a positive slope)
or water (a negative slope) serves as growth constraints for the vegetation, the
LST-NDVI slope sign may be affected. The latter can occur at lower latitudes,
especially in dry terrain, whereas the former is more common at high latitudes or

in tropical evergreen forests (Gaznayee et al.2022;Mahdi and Mohammed2022).

4.4.3 Change in Normalized Difference Vegetation Index

The most drought-prone periods, as determined by vegetation growth, were
the years 2017-2021 and 2022, according to the findings in Table 4.6 and Figure
4.7. The vegetation cover was noticeably lower in these years compared to other
years. The extent of the drought peaked in 2021, when it reduced the vegetative
cover to 6816.81 km2, or 20.67% of the entire study area. The vegetation
coverage in 2021 deviated (-28.48%) from the average, which is 38.45% on
average over the 2013-2022 period. From 2013 to 2022, the Diyala Basin's NDVI
spatiotemporal distribution is shown in Figure 4.7 and Table 4.6.

Table 4.6 Descriptive statistics NDVI and vegetation cover characteristics
for the study area over the study area

Year NDVI _ Area Coverage Fluctuation
Max Min Mean SD (km? % %

2013 061 -0.25 0.18 0.61 13403.71 40.65 -8.5

2014 0.63 -0.28 0.175 0.64 12967.08 39.32 -9.83

2015 0.65 -0.37 0.14 0.72 1445185 43.83 -5.32

2016 0.61 -0.28 0.165 0.63 18497.41 56.09 6.94

2017 0.67 -0.3 0.185 0.69 11865.02 35.98 -13.17

2018 062 -03 0.16 0.65 13284.99 40.29 -8.86

2019 0.67 -0.26 0.205 0.66 11644.31 35.31 -13.84

2020 0.64 -0.31 0.165 0.67 12324.34 37.37 -11.78
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Table 4.6: Continued
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Figure 4.7 Variations in the study area's Normalized Difference Vegetation
Index (NDVI-based) vegetation cover Variations in the study area's NDVI-
based vegetation cover over time from 2013 to 2023.
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4.5.1 Vegetation Condition based on Vegetation Cover Index

According to the VCI findings, severe droughts occurred in 2013, 2016, and 2022.
Less than or equal to 10 (severe drought) and more than 40 were among the VCI
results (no droughts). Table 4.7 shows that the most critical years for drought
events were 2013, 2019, and 2022, although the vegetation cover was
extraordinarily decreased compared to the 2016 year over the examined period.
The droughts peaked in 2022, their highest severity; consequently, 2022 is
considered the driest in the research period. Based on the geographical patterns
of drought severity in the DRB, the results indicated that the whole research
region experienced mild to severe drought during the study period, particularly
in 2013 and 2022. Except for many minor northern locations, 2022 was an
extremely poor drought year with harsh conditions throughout the region. The
severe and extreme drought parts in the north, eastern, middle, and southern areas
of the studied region were 5727.1 km2 (47.8%), 644.3 km? (5.4%), 635.3 km?
(5.3%), and 653.2 km? (5.5%), for extreme, severe, moderate, mild, and no
drought, respectively. In general, the VCI, Table 4.7, and Figure 4.8 show that the

southern and middle zones of the DRB are the most affected by extreme droughts.

Table 4.7 Areas and rate of the Drought Severity Categories based
on Vegetation Condition Index (VCI) values for the period 2013,
2016, 2019, and 2022 for the Diyala River Basin.

Year 2013 2016 2019 2022
= Extreme (km? 35511  3837.2 3188.8  5727.1
S _VCI<10 (%) 26.5 20.7 27.4 47.8
A Severe (km?) 1283.3 676.4 1078.7  644.3
@ 10 < VCI <20 (%) 9.6 3.6 9.3 5.4

= o Moderate (km?) 1391.2  658.5 1224.2  635.3
z-g 20 < VCI <30 (%) 10.4 3.6 10.5 5.3
5§ Mild (km?) 1151.8  647.9 093.2 653.2
= & 30<VCI<40 (%) 8.6 3.5 8.5 5.5

&8 > No Drought (km?)  6026.3 12677.4 5159.5  4320.4
§§ VCI > 40 (%) 44.9 68.5 44.3 36.1
<&
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Table 4.7: Continued

Total Vegetation 112) 134037 18497.4 116443 11080.4

cover (%) 100 100 100 100
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4.5.2 Change in Vegetation Cover Index (VCI)

The VCI results showed that there had been severe drought events in 2017, 2021,
and 2022. According to the VCI index, which has values ranging from 0 for non-
vegetative to 100 for dense vegetation, the most critical years for drought were
2017, 2021, and 2022, while vegetation cover was noticeably decreased in
comparison to the other years throughout the investigated period. Because 2021
was the year when the drought was at its worst, during the time of the study, it
was the driest year. Taking into account the spatial patterns of the Diyala
catchment's drought severity, the results showed that mild to severe drought
affected the entire study area between 2013 and 2022, especially in 2021 and
2022. With the exception of a few small northern patches, Diyala experienced a
terrible drought in 2021. In the northern, central, eastern, southeastern, and
southern parts of Diyala, the combined areas of severe and extreme drought were
3704.34 km? (54.34%), 800.54 km? (11.74%), 532.59 km? (7.81%), and 404.70
km? (5.94%), respectively. The south and middle regions of Diyala typically
suffer the most from severe droughts, according to the VCI (Table 4.8 and Figure
4.9a,4.9b). Additionally, the results showed that Diyala experienced a very severe
drought in 2022, with 3530.14 km? (29.47%), 1192.53 km? (9.95%), 1150.47 km?
(9.6%), and 1202.42 km? (10.04%), respectively, for the categories of extreme,
severe, moderate, mild, and no drought. The largest class area was found in 2017,
with a protracted extreme drought area of 3319.94 km? (27.98%), according to
the results of the second-highest geographical region for Extreme Drought Class

(VCI = 10).
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Table 4.8 Drought Severity Category areas and rates for the Diyala River basin

from 2013 to 2022, based on Vegetation Condition Index (VCI) values.

Class 12 Class 2° Class 3¢ Class 49 Class 5¢ TVC'
Year Area Area Area Area Area Area

km? % km? % km? % km? % km? % km?
2013 1909.2 14.2 1388.2 104 16519 12.3 1587.6 12.8 6866.91 51.2 13403.7
2014 1333.8 10.3 1330.0 10.3 1976.6 15.2 1792.3 13.8 6534.3 50.4 12967.1
2015 2758.9 19.1 15095 104 9989 6.9 888 6.1 8296.7 57.4 14451.9
2016 1998.1 10.8 10295 5.6 1227 6.6 12719 6.9 129709 70.1 18497.4
2017 33199 28 1633.3 13.8 1083.1 9.1 920.5 7.8 4908.2 41.4 11865.0
2018 1910.0 144 11787 89 1788.6 13,5 15529 11.7 6854.7 51.6 13285
2019 11496 99 14305 12.3 1836.1 15.8 1627.7 14 5600.35 48.1 11644.3
2020 23946 194 2310.2 18.7 15239 124 8825 7.2 5213.13 42.3 12324.3
2021 3704.3 54.3 800.5 11.7 532.6 7.8 4047 59 137464 20.2 6816.8
2022 3530.1 295 11925 10 11505 9.6 1202.4 10.0 4904.85 40.9 11980.4

V(I values < 10 (extreme); ® 10 < VCI values <20 (severe); ©20 < VCI values
< 30 (moderate); 430 < VCI values < 40 (mild); °VCI values > 40 (no); ‘Total
Vegetation Cover Area.
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Fig. (4.9a): Classification of draught severity based on VCI for period
from 2013 to 2018 in the Diyala River Basin.
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Fig. (4.9b): Classification of draught severity based on VCI for period
from 2019 to 2022 in the Diyala River Basin.

4.6.1 Area changes of Derbendikan Lake by NDWI

Combining the NDWI and VCI to monitor the Derbendikan Lake (DLK) water
surface area and river water levels is a very efficient way to investigate drought
patterns. According to NDWI values, the water surface area of the DLK
experienced a particularly severe drought effect in 2021 and 2022 (Table 4.9,
Figure 4.10). Higher VCI values, a smaller DLK surface area, and lower average
precipitation were the defining characteristics of the years discussed. Over the ten
years under study, the DLK's surface area changed (Table 4.9, Figure 4.10). The
surface area's highest and lowest values were 109.06 and 119.66 km?2,
respectively, in 2016 and 2019, while 44.63 and 52.61 km?, respectively, were
recorded in 2021 and 2022.
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Table 4.9 The surface area of
the Derbendikan Lake (DLK)

and its percentage change
from 2013 to 2022.

Water year

Area

Fluctuation?

km?

%

2013
2014
2015
2016
2017
2018
2019
2020
2021
2022

63.13
54.88
56.26
109.06
107.80
55.68
119.66
82.40
44.63
52.61

3.4

-4.85
-3.47
49.33
48.07
-4.05
59.93
22.67
-15.1
-7.12

aFluctuation shows the

variation around the average
% of the DLK's surface area.
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Figure 4.10 Derbendikan Lake (DLK) surface area variations in spatial

distribution from 2013 to 2022.
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4.6.2 Area changes in Hemrin Lake by NDWI

A very effective way to examine drought patterns is by using NDWI and VCI in
conjunction to monitor the HLK's surface area and the river's water levels. Using
the NDWI results, it was discovered that the drought's effects on the HLK's
surface area were especially noticeable in 2021 and 2022. (Table 4.10, Figure
4.11). Lower VCI values, a smaller HLK surface area, and lower precipitation
averages were all characteristics of the cited years. Over the ten years under study,
the HLK's surface area changed (Table 4.10, Figure 4.11). Particularly, with
surface areas of 317.03 and 360.86 km?, respectively, the two years 2016 and
2019 had the largest surface areas. The two consecutive years 2021 and 2022 had

small surface areas, measuring 66.79 and 31.84 km?, respectively.

Table 4.10 The surface area of the
Hemrin Lake (HL) and its
percentage change from 2013 to

2022.
Area Fluctuatio
Water year n?
km? %
2013 181.87 6.7
2014 188.48 13.31
2015 123.31 -51.86
2016 317.03 141.86
2017 214.99 39.82
2018 23751 62.34
2019 360.86 185.69
2020 187.45 12.28
2021 66.79 -108.38
2022 31.84 -143.33
“Fluctuation indicates the

fluctuation around the average
percentage of the surface area of
the HL
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Figure 4.11 Changes in the surface area of Hemrin Lake (HLK) between 2013
and 2022.

4.7 Changes of NDBI and their Relationship to LST

Using ArcGIS software, the build-up index was located using the NDBI values.
The NDBI values in the study area increased significantly in 2022. This is a
result of increasing urban land and increasing barren areas . The computed
NDBI values for the urban regions' spatial layout in the years 2013, 2016,
2019, and 2022 are shown in Figure 4.12.
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Figure 4.12 The Normalized Difference Built-up changes values of the Diyala
Basin throughout (a) 2013; (b) 2016; (c) 2019; and (d) 2022.

Lower NDBI values depict vegetated regions like forests, crop fields,
agricultural lands, parks, and water bodies, whereas higher NDBI values show
urban areas like buildings, roads, bare soil, residential, and commercial areas.
The study's findings suggest that places with greater LST were those where
higher NDBI values were found. R? values of 0.66, 0.69, 0.68, and 0.74 were
estimated to indicate a positive association between NDBI and LST for the
years 2013, 2016, 2019, and 2022, respectively as shown in (Figure 4.13). LST
and NDBI have a substantial positive correlation, which suggests that LULCs

with more biomass have lower LST. findings also indicate that LST values are
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lower in less NDBI regions, such as vegetation areas, but higher in more NDBI

regions, such as built-up areas.
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Figure 4.13 Alteration maps of the Normalized Difference Built-up
Index (NDBI) and Land Surface Temperature (LST) of the Diyala
Basin in (a) 2013; (b) 2016; (c) 2019; and (d)2022.

4.8.1 The SAVI changes and relation with LST

The Soil Adjusted Vegetation Index (SAVI) is important for vegetation detection
based on the Natural Variation Vegetation Index (NDVI). The highest SAVI
values indicate healthy and dense vegetation, while the lowest SAVI values
indicate sparse plants and bare soil. The SAVI scale goes from -1 to 1. The level
of pixel greenness, which indicates that there are sufficient organisms that can
grow inside the pixel, is represented by the greatest SAVI value (which is very

close to 1). Alow SAVI score (around -1) denotes a pixel with little green content.

On average, between 2013 and 2022, the minimum values of SAVI decreased
from -0.38 to -0.44, and the maximum values of SAVI increased from 0.91 to

0.97 (Figure 4.14). In 2013 and 2016, the maximum value of SAVI was 0.91,
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showing that vegetation covers, such as grasslands and forest areas, had been
expanded, while the minimum SAVI values were -0.38 and -0.42, in that order,
revealing that DRB had a sufficient amount of water bodies. Between 2019 and
2022, the maximum values of SAVI were 1 and 0.97, indicating that the modified
vegetation of the soil had expanded, and the minimum values of SAVI were -0.38
and -0.44, in that order, implying sufficient bodies of water and bare soil. Linear
regression analysis was used to detect correlations between LST and SAVI, and
the results showed that LST and SAVI were negatively correlated with regression

analysis (Figure 4.15).
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Figure 4.14 The Soil adjusted vegetation index changes values of the
Diyala Basin throughout (a) 2013; (b) 2016; (c) 2019; and (d) 2022.
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Chapter Four Results and Discussion

The direction of SAVI depends on the physical and chemical parameters of the
leaves, the texture of the plant, and the value of L, where L is a correction factor
with a value between 0 and 1. If the vegetation density is too great, the value O is
utilized; if it 1s extremely low, the value 1 1s used. Due to the study area's average
plant density level, the adjustment factor utilized in this study has a value of 0.5.

While LST is influenced by temperature, soil moisture, and soil particle size.

4.8.2 Comparison between NDVI and SAVI indices

The values for the indices were compared to land surface temperature to
determine a correlation between the indices (Figure 4.15 and Figure 4.4). The
results indicate that SAVI has a better correlation when compared to the NDVI
index, where the value of R?is 0.82, 0,87, 0.77, and 0.83 during 2013, 2016, 2019,
and 2022, in that order, for the SAVI index, whereas the NDVI index has a value
of R? of 0.66, 0,64, 0.68, and 0.63 during 2013, 2016, 2019, and 2022, in that
order. However, the SAVI index was adopted for the production of vegetation
maps in order to reduce the effects of the soil background (Huete, 1988; Masoud
and Koike, 2006).
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CHAPTER FIVE
CONCLUSIONS AND RECOMMENDATIONS

5.1 Conclusions

In the present study, land use and land cover (LU and LC) patterns were

delineated using remote sensing data and GIS technologies to assess and detect

their changes in the Diyala River Basin (DRB) between 2013 and 2022, and

therefor the following conclusion points can be drawn :-

1.

The major cover the study area are vegetation cover , which covers 25273.9
km?, 18914.5 km?, 20983.8 km?, and 22421.8 km?, or roughly 76.6%,
57.4%, 63.6%, and 68.0% in 2013, 2016, 2019, and 2022, respectively.
From 2013 to 2022, agriculture decreased from 76.6% to 68.0%.

Barren land and built-up land coverage were 3.93% and 17.5%,
respectively, in 2013, but they increased to 5.1% and 25.8%, respectively,
in 2022,

In low-density plant regions, there was a 4.5% drop in vegetation cover
between 2013 and 2022. But with a ratio of around 5.9%, the area devoid
of vegetation displayed an increased trend.

NDVI distributions are frequently impacted by meteorological factors,
including temperature and precipitation.

According to NDVI, the amount of vegetation coverage fell by 20.67% and
36.33%, respectively, between 2021 and 2022.

The levels of the Derbendekan and Hemrin lakes decreased by 15.1%,
7.12%, 108.38%, and 143.33% in 2021 and 2022, respectively.
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Chapter Five Conclusions and Recommendations

The DRB had an increase in the frequency and severity of drought over the
previous ten years, particularly in 2021 and 2022; a decrease in water body
surface area; and a fall in precipitation averages. The findings of this study
will aid in improving basin development and organisation and increasing

water resources.
5.2 Recommendations

1. Investigate the changing LULC classes utilising more satellites, imageries
sourced from Sentinel, MODIS and the quickbird with higher spatial
resolution.

2. Integrated with the effects of climate change on LU and LC outlines in the
future projection.

3. The absence of high-resolution images, which could alter the reliability of
the findings, and the necessity for more thorough research with 1-year time
intervals to comprehend the dynamics of the LU and LC changes are some
of the study's drawbacks. To solve the aforementioned issues and provide
greater information, more research is required.

4. Extending the study area and coverage period to include more regions and

watersheds in lrag.
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