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and Land Surface Temperature (LST) in Ethiopia
using Landsat and MODIS Data, East Africa
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Abstract: This study investigated land use and land cover
(LULC) dynamics and their influence on land surface temperature
(LST) using multi-temporal Landsat and MODIS satellite
imagery. Supervised classification employing the Maximum
Likelihood Algorithm was applied to classify LULC patterns, and
classification accuracy was assessed following standard validation
procedures to ensure reliability for environmental monitoring,
water resource management, and climate change assessment.
Trend and change detection analyses were conducted to evaluate
the spatial and temporal variability of LULC and LST within the
study area. The results identified 15 major LULC classes and
revealed substantial expansion and contraction among different
land cover types over time, accompanied by significant variations
in LST. Grassland was the dominant land cover category,
accounting for more than 36.53% of the total area. In contrast, the
evergreen needle-leaf forest was the least extensive class, covering
less than 0.0014% of the study area. The observed changes in
LULC and associated thermal characteristics are primarily
attributed to both anthropogenic activities and natural
environmental processes, which directly influence hydrological
conditions, including precipitation, evaporation, streamflow, and
water quality dynamics. The findings highlight the strong
interrelationship between land-cover transformation and surface
thermal responses, emphasising the implications of uncontrolled
land-use changes for hydrological balance and ecosystem
sustainability. Therefore, the study recommends continuous
monitoring and effective management of LULC changes,
particularly settlement expansion and deforestation, to mitigate
potential environmental degradation and hydrological imbalance
within the catchment.
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OSL: Open Shrublands

NVM: Natural Vegetation Mosaics
WB: Water Bodies

CSL: Closed Shrublands

I. INTRODUCTION

Land degradation is a major global environmental

challenge driven by rapid population growth, unsustainable
land management practices, deforestation, climate change,
and other anthropogenic pressures. Currently, Ethiopia has
experienced complex changes in land use and land cover
(LULC) due to a growing population converting productive
agricultural lands to urban areas, a key issue among
researchers worldwide [1]. Therefore, in Ethiopia, growing
urbanisation and agricultural land use are linked to a growing
population, resulting in intensive farming to feed it.
Accordingly, many of Ethiopia’s major river basins and fertile
agricultural lands have become increasingly vulnerable to
land degradation, landslides, soil erosion, and declining soil
fertility and productivity [2]. Disturbances in land use and
land cover (LULC), together with the conversion of natural
landscapes into other land-use categories, exert significant
impacts on land productivity, river discharge, surface water
storage, groundwater recharge and storage, land surface
temperature, and geomorphological processes, while also
affecting the socio-economic development of the country [3].
The magnitude and nature of these impacts vary considerably
across spatial and temporal scales, depending on the intensity,
extent, and characteristics of land cover modification and the
sensitivity of the surrounding environmental system [4].

Various factors influence land use and land cover (LULC)
change, including political conditions, temporal and spatial
dynamics, and cultural, economic, and social drivers [5].
LULC change has been widely recognised as a principal
driver of environmental transformation, contributing
significantly to climate change, biodiversity loss, water
resource depletion, soil erosion, and air pollution [6]. These
processes alter ecosystem structure and function, disrupt
hydrological and biogeochemical cycles, and threaten the
sustainability of natural resources and human livelihoods [7].
Consequently, understanding and managing LULC dynamics
have become critical priorities for sustainable environmental
management, climate adaptation, and long-term socio-
economic development [8].

Additionally, variation in land surface temperature is a
major driver of land use and land

cover. cover change [9].
Changes in land use and land
cover contribute to

environmental effects [10].
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Land surface temperature patterns and their relationship to
land use and land cover can provide environmental
information to understand climate change [11]. Nowadays,
remote sensing and GIS play a significant role in monitoring
meteorology [12]. The use of various satellite images assists
in analysing and evaluating the effects of LULC change and
land surface temperature [13]. Satellite imagery of a specific
location at a specific time, mapped using remote sensing and
GIS, is used to detect changes in land use, land cover, and
land surface temperature [ 14]. Due to the availability of long-
term, high-spatial- and temporal-resolution data and their
suitability for various environmental and water resource
applications, several recent satellite-based studies have
evaluated changes in land use, land cover, and land surface
temperature [15]. To the best of the authors’ knowledge,
comprehensive quantitative analyses of land use and land
cover (LULC) dynamics at the national scale remain limited
in Ethiopia, despite the country undergoing substantial
environmental transformations driven by rapid population
growth, urbanisation, industrial expansion, and agricultural
intensification [16]. Over recent decades, these processes
have significantly altered natural landscapes, hydrological
systems, and ecosystem functions across different regions of
the country. However, existing studies have largely been
conducted at local or regional scales, often lacking integrated
nationwide assessments that capture the spatial and temporal
complexity of LULC change. Furthermore, considerable gaps
remain in the availability of consistent spatial information,
long-term  environmental datasets, and scientifically
grounded analytical frameworks necessary to support
evidence-based national planning and sustainable resource
management. These limitations constrain the effectiveness of
policy formulation, environmental monitoring, and strategic
decision-making in land management, water resources,
climate adaptation, and ecosystem conservation. Therefore,
comprehensive national-scale investigations of LULC
dynamics are critically needed to improve understanding of
environmental change processes and to support rational
planning and sustainable development strategies in Ethiopia.
The main objective of this study is to investigate
spatiotemporal changes in land use and land cover (LULC)
and land surface temperature (LST) across Ethiopia using
multi-source remote sensing datasets. The study aims to
assess the interactions between LULC transformation and
temperature environmental dynamics to support sustainable
economic development, environmental management, and
climate change adaptation strategies. The specific objective
of this study is to
= To analyses and evaluate spatiotemporal changes in
land use and land cover (LULC) classes within the
study area using MODIS MCD12Q1 datasets from
2001 to 2022.
=  To assess the spatial and temporal variability of land
surface temperature (LST) across the study area
during the period 2001-2022.
=  To evaluate the distribution and variation of land
surface temperature associated with each LULC
class in the study area.
= To investigate the relationship between LULC
transformations and LST dynamics and to determine
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the influence of land cover changes on surface
thermal characteristics between 2001 and 2022.

II. MATERIALS AND METHODS

A. Study Area

Ethiopia is located in Africa between 3° and 15° N and
between 33° and 45° E, with an area of 1,129,076.162 square
kilometres and a population of 132.67 million in 2024,
making it the second most populous country in Africa after
Nigeria [17]. The country’s climate is primarily governed by
altitudinal variation. Conditions are typically torrid and arid
at low eclevations, whereas the plateau experiences
comparatively mild temperatures and higher precipitation.
Situated just north of the equator, the country exhibits
minimal annual temperature variability; however, markedly
cooler conditions prevail in high-altitude mountainous
regions [18]. Precipitation is largely controlled by the
southwest monsoon, which influences the country from June
to September and defines the principal rainy season. In the
southeastern region, rainfall is bimodal, with two distinct wet
periods: March to May and October to November. In addition,
the rainy season is shorter, lasting from February to May in
certain areas. Owing to the interplay of multiple atmospheric
systems, rainfall demonstrates substantial spatiotemporal
variability across individual river basins [19]. A map of the
study area is provided in Figure 1 below.
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[Fig.1: Location Map of the Study Area Map|

B. Methodology

Land cover detection is a central component of this study,
which utilises MODIS datasets spanning 2001-2022 and
applies classification schemes consistent with the Ethiopian
land use/land cover (LULC) typology. In addition, Landsat
imagery from the United States Geological Survey (USGS)
portal is used to examine LULC dynamics at a spatiotemporal
scale. A supervised classification approach, which is well
established in remote sensing applications, is adopted in this
study. This method facilitates the categorisation of land-
use/land-cover features extracted from satellite imagery. It is
based on assigning pixels to predefined classes under the
guidance of an image analyst, using algorithmic procedures
that link spectral information to specific land cover types.
Training sites are selected as
representative samples for
each identified land-cover
class was subsequently used
to develop a classification
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signature. This signature enables interpretation of spectral
characteristics  associated ~with  different land-cover
categories, thereby allowing systematic classification of
remotely sensed data [20]. Among supervised classification
algorithms, the Maximum Likelihood (ML) classifier is one
of the most widely applied techniques for image
classification. This method is grounded in probability theory
and assumes that the training data for each land cover class,
across all spectral bands, follow a normal (Gaussian)
distribution [21]. Furthermore, MODIS datasets are utilised
to derive additional biophysical variables, including land
surface temperature (LST) and evapotranspiration. Both
LULC and LST analyses are conducted over a two-decade
period (2001-2022), with thematic maps generated for the
years 2001, 2006, 2011, 2017, and 2022 to capture temporal
dynamics. All image processing, classification, and spatial
analyses are performed using ArcMap 10.4 software.
Thematic map production and areal computations are
likewise conducted within this environment. The overall
methodological workflow is summarised in Figure 2 as a
flowchart.

i.  Data Acquisition

Remotely sensed and spatial datasets are widely recognised
as reliable sources for analysing and interpreting land use and
land cover (LULC) dynamics across diverse landscapes [29].
Remote sensing involves acquiring information about the
Earth’s surface without direct physical contact, typically via
satellites, aircraft, drones, or ground-based sensors that
capture multispectral imagery and related geospatial data.
The choice of platform is determined by the required spatial
and spectral resolution, with satellites commonly used for
large-scale mapping and drones for high-resolution, site-
specific analysis. Both active (energy-emitting) and passive
(energy-detecting) sensing systems are employed depending
on the application. For this study, cloud-free remotely sensed
imagery was prioritised to improve classification accuracy.
Image pre-processing included noise reduction, geometric
and radiometric correction, and feature enhancement prior to
classification. Specifically, MODIS Land Cover Type Version
6.1 (MCD12Q1 V6.1) data from NASA’s LP DAAC archive,
accessed via the USGS Earth Explorer platform
(https://earthexplorer.usgs.gov, accessed on 25 July 2024),
were utilised for LULC classification. Data obtained from
USGS Earth Explorer provides freely available satellite
imagery; however, due to the limited availability of cloud-
free scenes, a maximum cloud cover threshold of 10% was
applied, resulting in datasets with approximately 4—-6% cloud
cover, which did not significantly affect classification
accuracy. The datasets, downloaded in HDF format, were
processed in ArcGIS 10.4. To minimise seasonal bias in
vegetation dynamics and LULC change detection, imagery
from comparable seasonal periods was used [22].

ii.  Pre- Processing Data

Publicly available remote sensing datasets are not
inherently error-free; therefore, rigorous pre-processing is
essential to minimise noise, ensure data consistency, and
enhance suitability for subsequent analyses. Such procedures
improve both visual interpretability and spectral separability
of land surface features, while also providing higher-quality
inputs for automated image classification algorithms. In this
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study, all preprocessing was conducted using ArcGIS 10.4.
The workflow included georeferencing, radiometric and
geometric correction, band compositing (layer stacking),
mosaicking, band extraction, and spatial clipping prior to
classification. These steps produced radiometrically and
geometrically corrected satellite  datasets—geometric
corrections involved reprojecting and resampling all datasets
to the Adindan UTM Zone 37N coordinate system
(Transverse Mercator projection). Radiometric normalisation
was applied to ensure comparability across multi-temporal
images for time-series analysis. Individual spectral bands
were extracted using the ArcGIS Spatial Analyst extension.
Following mosaicking, the datasets were clipped to the study
area boundary using standard raster processing tools within
ArcGIS 10.4.

iii.  Image Classification

An appropriate classification framework is fundamental to
the accurate interpretation of satellite imagery in the study
area; accordingly, a modified classification scheme was
adopted to delineate LULC categories. Per-pixel supervised
classification was employed, whereby image pixels are
assigned to classes based on similar spectral reflectance
characteristics [34]. For the 2001-2022 dataset, a Maximum
Likelihood Classification (MLC) algorithm implemented in
ArcGIS 10.4 was used to derive land-use and land-cover
information. The classification procedure comprised three
main stages: training, sample selection, and classification,
followed by accuracy assessment. Initially, an “interpretation
key” representing the spectral signatures of each land cover
class was developed using representative training sites.
Approximately 300 training samples were generated for each
class to ensure statistical robustness. Each pixel was then
probabilistically assigned to the class to which it most closely
corresponds. The Maximum Likelihood method, one of the
most widely applied parametric classifiers in LULC studies,
assumes that the probability distribution of each class follows
a multivariate normal distribution and assigns pixels based on
Bayesian probability principles. Specifically, classification is
determined by estimating the likelihood that an observation
vector X belongs to a given class Mc using Bayesian decision
rules (Equation 1).

d = In(ac) —[0.5 * In(Jcovc|)] = [0.5 % (X — M) =T *
(cove™ )« X =M (1)

Where ¢ is a specific class; d is weighted distance
(likelihood); X is the candidate pixel’s measurement vector;
Mc is the sample’s mean vector; and ac is the likelihood in
percent that any candidate pixel belongs to class C (defaults
to 1.0, or is entered from a priori knowledge); Covc is the
covariance matrix for the class ¢ pixels in the sample; |Covc|
is its determinant in matrix algebra, Covc— 1 is its inverse, In
is its natural logarithm function, and T is its transposition
function (matrix algebra). In the classification approach, eight
major land-use/land-cover classes were developed, including
savannas, grasslands, evergreen broadleaf forests, permanent
wetlands, croplands, vegetation mosaics, water bodies, and
barren ground.

iv.  Accuracy Assessment

Following completion of the
land use/land cover (LULC)
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classification process, spatially explicit LULC datasets
covering 2001 to 2022 were generated to analyse temporal
and spatial patterns of land cover dynamics within the study
area. To ensure the reliability and validity of the classified
outputs, a comprehensive accuracy assessment was
conducted by comparing the classified LULC categories with
corresponding reference data derived from ground truth
information, high-resolution imagery, and ancillary spatial
datasets. The accuracy evaluation focused on the classified
LULC maps for 2001, 2011, and 2022, selected to represent
key temporal intervals within the study period. The
assessment was performed using a confusion matrix (error
matrix), which provides a statistical comparison between
classified data and reference observations. Based on this
matrix, standard accuracy indicators were computed,
including producer’s accuracy, user’s accuracy, overall
classification accuracy, and the Kappa coefficient. The
producer’s accuracy was used to evaluate the probability that
a reference land cover class was correctly classified in the
generated map, thereby indicating omission errors. The user’s
accuracy measured the reliability of the classified categories
from the perspective of map users and reflected commission
errors. Overall accuracy represented the proportion of
correctly classified samples relative to the total number of
reference samples. In addition, the Kappa coefficient was
used to quantify the degree of agreement between the
classified maps and the reference data while accounting for
chance agreement. These statistical measures provided a
robust evaluation of the classification performance and the
reliability of the generated LULC maps, as expressed in
Equation (2).

Total correctly classified pixels

OA =

«100  (2)

Total of classified pixels

Overall accuracy (OA) is calculated by dividing the total
number of correctly classified pixels (i.e., the sum of the
major diagonal) by the total number of reference pixels.

Number of correctly classified pixels per class

PA =

«100  (3)

Number of reference totals per class

The producer’s accuracy (PA) indicates how well test set
pixels of the given cover type are classified.

Number of correctly classified pixels per class

UA =

«100 (4)

Number of classified totals per class

The user’s accuracy (UA) is a measure of commission error
that indicates the probability that a pixel classified into a
given category actually represents that category on the
ground.

N¥i_; Xij—Xi-; XrT—XCT)
N2-3f_, XrT—XcT)

)

Kstar =

Where Kstat is the Kappa statistic, N is the total number of
samples, Xij is the product of the total number of samples and
total diagonal values, XRT is the row total, XCT is the column
total, and r is the number of categories. Statistics or
coefficients evaluate the difference between the actual
agreement of a classified map and the chance agreement of a
random classifier, relative to reference data [23].
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v.  Change Detection

Owing to their cost-effectiveness, extensive spatial
coverage, and high temporal resolution, remote sensing and
GIS-based techniques are extensively utilised for land
use/land cover (LULC) change detection. Multi-temporal
remotely sensed datasets facilitate inter-temporal analysis by
enabling the identification and quantification of spatial
changes over time. Among the available approaches, post-
classification comparison is one of the most widely adopted
methods for LULC change analysis. This technique involves
independently classifying satellite images acquired at
different time periods, followed by a class-by-class
comparison to detect and quantify changes in land-cover
categories. Previous studies have demonstrated that post-
classification comparison provides relatively high
classification accuracy and reliable change detection
performance compared with other analytical techniques [24,
25].

In this study, land use/land cover (LULC) changes in
Ethiopia were assessed using a post-classification
comparison approach based on the Maximum Likelihood
Classification (MLC) of Landsat imagery. Following
classification, raster outputs were converted into vector
format to facilitate spatial analysis and quantitative
assessment of LULC transitions. Changes within each land
cover category were subsequently quantified and mapped
independently to enhance interpretability and support
detailed spatial evaluation. The accuracy and reliability of the
change detection results are inherently dependent on the
quality and precision of the underlying classified thematic
maps [23,26]. Accordingly, the magnitude of change (C) for
each LULC category between 2001 and 2022 was computed
using the following equation.

Cy =X =X (6)

Where Xi is the initial year of the LULC area, Xj is the final
year of the LULC area, and Cij is the change in LULC class
(the total gain or loss of LULCC).

The change in class is divided by the covered area in the
base year, then multiplied by 100. A straightforward
computation was used to calculate the percentage change
(C%). And it has been conducted in each land-use class [23,
26].

C..

1J indicates the number of classes in the image. Cij indicates
how much class IJ has changed. (Pij) is the percentage change
in class 1J. Xi is "basic image" (20001). The most current
picture is Xj (2022).

vi.  Land Surface Temperature

Variation in land surface temperature (LST) represents a
critical factor influencing land use and land cover (LULC)
dynamics. In this study, monthly daytime LST data derived
from MODIS terrestrial emissivity products were obtained
from the NASA Earthdata portal.
for the period 2001-2022 to
evaluate long-term
temperature variability.
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Monthly datasets with a spatial resolution of 0.05° were
selected due to their superior spatiotemporal consistency
compared with daily 1 km products [27,28]. The daytime
MODIS LST datasets were processed in ArcGIS 10.4 and
clipped to the study area boundary. To generate spatial LST
maps, raster data were converted into point features, and
temperature values were extracted for each point. The
extracted values were multiplied by the MODIS scale factor
(0.02) and subsequently converted from Kelvin to degrees
Celsius by subtracting 273.15. Annual and seasonal LST
patterns, as well as interannual variability, were then
analysed. It should be noted that MODIS-derived LST values
may differ from ground-observed temperatures due to
atmospheric conditions, particularly cloud cover, which can
influence satellite-based thermal measurements [28].

vii.  Land Surface Temperature Extraction from Thermal
Band

= Conversion of the Digital Number(DN) to
Spectral Radiance(LA)

All objects emit thermal electromagnetic radiation when
their temperature is above absolute zero (0 K). Based on this
principle, signals recorded by thermal remote sensing sensors
can be converted into at-sensor spectral radiance.
Accordingly, the spectral radiance was computed using
Equation (8), following the Landsat Project Science Office
(2002) formulation.

LA =" gain’ = qcal +'of fset’ (8)

Where gain is the slope of the radiance/DN conversion
function; DN is the digital number of a given pixel; bias is the
intercept of the radiance/DN conversion function. This is also
given as:

LA = IminA + [(ImaxA — IminA)/(qcalmax — qcalmin) *
qeal] €))

Where qcalmin = 0, qcalmax = 255 and qcal is the digital
number of each pixel. They are the spectral radiance for band
6 at digital numbers 0-255, respectively. These compute to
3.2 W m2- srand 12.65 W - m2 - sr, respectively. Equation
9 was substituted with the respective values and simplified to
equation 10.

LA = (0.037059 * DN) + 32 (10)

= Conversion of Spectral Radiance to At-Satellite
Brightness Temperature(TB)

Corrections for emissivity (¢) have been applied to the
radiant temperatures based on the nature of the land cover.
Generally, vegetated areas are given a value of 0.95 and non-
vegetated areas 0.9-2. Artis and Carnahan have computed the
emissivity-corrected surface temperature [44].

TB = —2 (11)

=3
In —=+1
(D)

where: TB = At-satellite brightness temperature (K) LA =
Spectral Radiance in W.m2 .srl .Im1 K1 and K2 =K2 and K1
are two pre-launch calibration constants. (For the Landsat 7
ETM+6.2 band, these compute to 1282.71 K and 666.09
W.m2 .srl .Im, respectively).

viii. ~ Land Surface Temperature(LST)

The derived temperature values are referenced to a
blackbody assumption; therefore, an emissivity (g) correction
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is required to obtain physically realistic land surface
temperature estimates. This correction can be implemented
either by assigning emissivity values based on land-cover
type [45] or by estimating pixel-specific emissivity from the
Normalised Difference Vegetation Index (NDVI). In this
study, emissivity-adjusted land surface temperature (LST)
was computed using the formulation proposed by Artis and
Carnahan [44], as presented in Equation (12).

7 (12)

= e

Where ST = land surface temperature in Kelvin, 4 =
wavelength of emitted radiance in meters (for which the peak
response and the average of the limiting wavelengths (4 =
11.5 Im) [Markham and Barker, 1985] isused, p=h * ¢/ p
(1.438 * 102 m K), p = Boltzmann constant (1.38 * 1023
J/K), h="Planck’s constant (6.626 * 1034 J s), and c = velocity
of light (2.998 * 108 m/s) and € = emissivity (ranges between
0.97 and 0.99), see equation 13

land surface emissivity (€) = 0.004*Pv + 0.986 (13)

For NDVI extraction, the method of Townshend and Justice
[46, 47] was applied.

IR -R
NDVI — band—"band
IRpand+Rband

where IR = near infrared band (band 4 of MSS and TM),
R =red band (MSS band 2, TM band 3)

whereas the proportion of vegetation (Pv) can be calculated
as Eq. 15

(14)

(15)

C. Conversion of LST from Kelvin to Degrees Celsius

_ ( NDVIj ~NDVIpmin )2
v NDVInax—NDVInin

For ease of comprehension, the above-derived LST units
were converted to degrees Celsius using the relation 0 °C =
273.15 K. The workflow of the methodology is shown in
Figure 2 below.

Methodology for LULC dlassification and LST Identification
1

L

e

Data Acquisition
MODIS MCD12Q1 V6-1 satelite image Data)

[Fig.2: Flow Chart of the Methodology]

III. RESULT AND DISCUSSION

A. Accuracy Assessment of the LULC Classification
Based on the evaluation, the results showed that the overall
accuracy and kappa statistics for all land-use types in Ethiopia
were acceptable across the study.
periods of 2001, 2006, 2011,
2016 and 2022 (Table I). In
the present research, the
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classification accuracy met the criterion of at least 80% for
sensor data. For each LULC classification, an accuracy
assessment was calculated from 2001 to 2022, and the results
demonstrate that user accuracy ranged from 95.6% to 98.4%.
The producer accuracy of the LULC classification ranges
from 93.8% to 98.2%, indicating well-classified LULC maps
and being within the range for further analysis. The Kappa
coefficient values indicate strong agreement, ranging from
good to very good according to the classification criteria
adopted by Aliani et al. [29]. As shown in Table I, Kappa
values ranged from 0.86 to 0.95, corresponding to substantial
to near-perfect agreement as defined in previous studies. In
addition, the overall classification accuracy ranged from
94.6% to 98.4% (Table I), reflecting a high level of reliability.
These results demonstrate that the generated LULC maps are
sufficiently accurate for robust analysis of land-use and land-
cover change dynamics, consistent with findings reported in
similar studies. The combined assessment of user accuracy,
producer accuracy, overall accuracy, and the Kappa
(Table 1.) further highlights the strong
performance of the classification approach in integrating
remote sensing-derived indices for multi-temporal LULC
mapping. Accordingly, these methods are considered reliable
and appropriate for subsequent applications, including
modelling future LULC scenarios [30]. Overall, the classified
outputs are deemed valid for evaluating LULC change
dynamics within the study area and agree with other similar
studies [31].

Table I: Accuracy Assessments of the Land Use/Land
Cover Class

coefficient

2001 | 2006 | 2011 | 2016 | 2022
User accuracy 96.8 95.6 98.2 96.5 98.4
Producer’s accuracy | 95.0 98.2 97.9 94.5 93.8
Kappa coefficient 0.86 0.88 0.95 0.94 0.92
Overall accuracy 97.3 98.4 94.6 95.5 94.8

B. Change in Land Use/Land Cover Between 2001 and
2022 from MODIS

In this study, a supervised classification approach based on
the Maximum Likelihood algorithm was applied to MODIS
and Landsat imagery. Based on dominant land use/land cover
(LULC) characteristics, the study area was classified into the
following categories: evergreen needle-leaf forest (ENFL),
evergreen broad-leaf forest (EBFL), deciduous broad-leaf
forest (DBFL), mixed forest (MFL), closed shrubland (CSL),
open shrubland (OSL), woody savanna (WSL), savanna (SL),
grassland (GL), permanent wetland (PWL), cropland (CL),
urban and built-up land (BUL), natural vegetation mosaic
(NVM), barren land (BL), and water bodies (WB). Based on
the results obtained, the dominant LULC was grassland,
covering 36.53-44.75% during the study period. In contrast,
evergreen needle-leaf forest land use/land cover was the
lowest, with an area coverage of less than or equal to
0.0014%. The second dominant LULC was savanna land,
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covering an area between 15.92% and 17.56 % during the
study period. The calculated land use and land cover
classification for the study period from 2001 to 2022 shows
gains and losses in the area coverage of LULC classes. The
ENFL, WSL, GL and BUL show increasing trends during the
study period. EBFL, MFL, CSL, OSL and NVM show
decreasing trends. Higher variation in the increasing and
decreasing trends of DBFL, SL, PWL, CL, and BL was
observed during the study period. The highest ENFL arca
coverage was observed in 2018 with an area of 17.9 km?. For
the selected years, the area percentage of ENFLs increased
from 0.0003% (2001) to 0.0014% (2022), respectively. The
EBFL has been reduced from 2.48% (2001) to 2.05% (2021)
and increased to 2.16% (2022). The DBFL has been reduced
from 0.94% (2001) to 0.44% (2016) and increased to 0.66%
(2022). The MFL has been reduced from 0.05% (2001) to
0.01% (2022). The CSL has been reduced from 3.49% (2001)
to 1.93% (2022). The OSL is falling and rising, from 18%
(2001) to 13.07% (2006), 14.99% (2011), 13.51% (2016), and
14.96% (2022). The WSL has increased from 0.38% (2001)
to 1.01% (2022). The SL has been reduced from 17.56%
(2001) to 15.92% (2002). The GL shows an increasing trend
from 36.53% (2001) to 42.91% (2006), then a decreasing
trend to 41.95% (2011), 43.24% (2016), and 42.38% (2022).
The PWL shows a decrease, then an increase, from 0.1%
(2001) to 0.05% (2006), 0.08% (2016), and 0.12% (2022).
The CL shows have been reduced from 14.11% (2001) to
13.77% (2006) and increased to 14.97% (2022). The BUL
increased from 0.12% (2001) to 0.13% (2022). The NVM has
been reduced from 0.69% (2001) to 0.19%(2022).

The BL shows an increasing trend from 4.91% (2001) to
5.1% (2006), 5.29% (2011), 5.24% (2016), and 4.9% (2022),
then a decreasing trend. The WB shows decreasing and
increasing trends from 0.65% (2001) to 0.61% (2016) and to
0.65% (2022). The total area of the study was 1129071 km?.
The areas of the ENFL were 3.75,3.97,8.42, 16.16, and 15.81
km?in 2001, 2006, 2011, and 2022, respectively. The detailed
analysis of the remaining LULC classes is presented in Table
II. The spatial distribution of land use/land cover (LULC)
exhibits substantial variation across the selected years (2001—
2022), reflecting pronounced gains and losses among LULC
classes over the study period, as shown in Figure 3. The
resulting analyses provide critical spatial information with
direct relevance for policy formulation and decision-making
processes. These findings enable stakeholders to evaluate the
effectiveness of existing land-use policies critically,
anticipate emerging environmental and socio-economic
challenges, and develop appropriate adaptive strategies.
Furthermore, the integration of spatially explicit change
patterns and scenario-based insights supports evidence-
informed  decision-making to promote sustainable
development, improved natural resource management, and
long-term socio-economic resilience.
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Table II: Percentage of Area Under Different LULC Classes in Different Time Periods from 2001 to 2022

Type 2001 | 2006 | 2011 | 2016 | 2022
of Area
LULC Km? % Km? % Km? % Km? % Km? %
ENFL 3.75 0.0003 3.97 0.0004 8.42 0.0007 16.16 0.0014 15.81 0.0014
EBFL 27979.34 248 26470.36 2.34 24588.74 2.18 23202.07 2.05 24428.07 2.16
DBFL 10576.07 0.94 7112.96 0.63 5366.86 0.48 4984.66 0.44 7484.29 0.66
MFL 550.32 0.05 212.17 0.02 120.81 0.01 90.90 0.01 80.97 0.01
CSL 39428.83 3.49 34710.18 3.07 29768.62 2.64 29050.55 257 21791.74 1.93
OSL 203271.71 18.00 147518.61 13.07 169233.93 14.99 152505.15 13.51 168945.53 14.96
WSL 4258.64 0.38 7670.13 0.68 10030.66 0.89 11144.47 0.99 11435.42 1.01
SL 198240.69 17.56 196080.24 17.37 186374.96 16.51 183906.13 16.29 179793.04 15.92
GL 412399.40 36.53 484455.93 4291 473632.82 41.95 488261.45 4324 | 47851648 | 42.38
PWL 1155.85 0.10 518.82 0.05 607.25 0.05 930.22 0.08 1317.65 0.12
CL 159319.77 14.11 155515.64 13.77 158270.87 14.02 164402.60 14.56 169073.47 14.97
BUL 1361.85 0.12 1370.71 0.12 1384.22 0.12 1398.61 0.12 1437.13 0.13
NVM 7808.10 0.69 2991.48 0.26 3010.56 0.27 3204.11 0.28 2133.99 0.19
BL 55424.11 491 57608.10 5.10 59714.53 5.29 59136.76 5.24 55270.82 4.90
WB 7292.73 0.65 6838.30 0.61 6960.97 0.62 6836.55 0.61 7351.74 0.65

Figure 3 illustrates the spatial distribution of land use and
land cover (LULC) across the study area, revealing a marked
heterogeneity in the distribution of dominant land cover
types. Cropland is the predominant class in central Ethiopia,
particularly concentrated in the central and northern parts of
the region. In contrast, grassland is relatively widespread
across the study area, though its presence is more limited in
the eastern and southeastern zones. Open shrubland is the
dominant land cover type in the southwestern part of the
study area, whereas savanna is more prevalent in the western
regions. These spatial patterns indicate pronounced intra-
regional variability in LULC composition and structure.
Furthermore, vegetation distribution, density, and spatial
continuity play a critical role in regulating land surface
temperature (LST) across the landscape, thereby influencing
local and regional thermal conditions.

2006 2011

2016

[Fig.3: Land use Land Cover Classes from 2001-2022 for
the Study Area]

C. Change Detection Analysis

The change detection analysis was conducted to examine in
greater detail the spatial and areal transitions among land
use/land cover (LULC) classes across the selected temporal
intervals. This analysis facilitates systematic quantification of
land cover dynamics, enabling identification of gains and
losses within individual LULC categories over time. The
resulting change matrices and corresponding statistical
summaries are presented in Table III. The results show that
the FNFL increased by 5.88% (0.22 km?) between 2001 and
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2006, by 118.47% (4.45 km?) between 2006 and 2011, by
206.17% (7.74 km?) between 2011 and 2016, and decreased
by 9.33% (-0.35 km?) between 2016 and 2022. EBFL
decreased by 5.39% (-1508.89 km?), 6.73% (1881.62 km?),
and 4.96% (-1386.66 km?) between 2001 and 2006, 2006 and
2011, and 2011 and 2016, respectively, whereas between
2016 and 2022 it increased by 4.38% (1226 km?). MFL shows
decreasing trend by 61.45%(-338.15 km2), 16.6%(-
91.36km?2), 5.43%(-29.91km?2) and 1.8%(9.93km2), CSL by
11.97(-4718.64km2),  12.53%(-4941.56km2),  1.82%(-
718.07km2) and 18.41%(-7258.81), SL by 1.09%(-
2160.45km2), 4.9%(-10823.11km2), 1.25%(-2468.83km?2)
and by 2.07%(-4113.09km2) between 2001-2006, 2006-
2011, 2011-2016, and 2016-2022 respectively, whereas WSL
was increased by 80.11%(3411.49km?2), 55.43(2360.52km?2),
26.15%(1113.81km2) and 6.83%(290.96km2), BUL by
0.65%(8.86km2), 0.99%(13.51km2), 1.06%(14.39km2) and
by 2.83%(38.51km2) between 2001-2006, 2006-2011, 2011-
2016, and 2016-2022 respectively. A detailed assessment of
the rate of land use/land cover (LULC) change, including
class-specific transitions and areal shifts among categories, is
presented in Table III. Overall, notable variations in LULC
were observed across the study periods, particularly between
2001-2006, 2006-2011, 2011-2016, and 2016-2022.
Change detection was implemented through a post-
classification cross-tabulation of image pairs from successive
time periods, enabling both qualitative identification of
transition pathways and quantitative estimation of land-cover
dynamics over the full study period (2001-2022). The
resulting analysis provides detailed areal statistics, including
net changes for each LULC class, expressed as gains (positive
values in area or percentage) and losses (negative values),
thereby capturing the magnitude and direction of landscape
transformation. Overall, the observed LULC transitions
indicate substantial land-system reorganisation over time,
with important implications for local climatic conditions. In
particular, the reduction in vegetated and green land cover is
likely to exacerbate surface thermal conditions, thereby
increasing land surface temperature and associated
environmental stress within the
study area.
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Table III: Change of Land Use and Land Cover for the Study Area Between 2001-2006, 2006-2011, 2011-2016, and

2016-2022
LULC Change of LULC class
class 2001&2006 2006&2011 2011&2016 2016&2022
area in Km? % area in Km? % area in Km? % area in Km? %
ENFL 0.22 5.88 4.45 118.47 7.74 206.17 -0.35 -9.33
EBFL -1508.98 -5.39 -1881.62 -6.73 -1386.66 -4.96 1226.00 4.38
DBFL -3463.10 -32.74 -1746.11 -16.51 -382.19 -3.61 2499.63 23.63
MFL -338.15 -61.45 -91.36 -16.60 -29.91 -5.43 -9.93 -1.80
CSL -4718.64 -11.97 -4941.56 -12.53 -718.07 -1.82 -7258.81 -18.41
OSL -55753.10 -27.43 21715.32 10.68 -16728.77 -8.23 16440.38 8.09
WSL 3411.49 80.11 2360.52 55.43 1113.81 26.15 290.96 6.83
SL -2160.45 -1.09 -9705.28 -4.90 -2468.83 -1.25 -4113.09 -2.07
GL 72056.54 17.47 -10823.11 -2.62 14628.63 3.55 -9744.97 -2.36
PWL -637.03 -55.11 88.43 7.65 322.96 27.94 387.43 33.52
CL -3804.13 -2.39 2755.23 1.73 6131.73 3.85 4670.88 2.93
BUL 8.86 0.65 13.51 0.99 14.39 1.06 38.51 2.83
NVM -4816.62 -61.69 19.08 0.24 193.55 2.48 -1070.13 -13.71
BL 2183.99 3.94 2106.43 3.80 -577.77 -1.04 -3865.94 -6.98
WB -454.43 -6.23 122.67 1.68 -124.42 -1.71 515.19 7.06

D. The Spatio-Temporal Pattern of NDVI for the Study
Area

Figure 4 shows the spatial distribution of the evaluated
NDVI for the study area in 2001, 2006, 2011, 2016, and 2022.
From Table IV, the mean NDVI values for the study area were
0.321in2001, 0.29 in 2006, 0.3 in 2011, 0.34 in 2016, and 0.32
in 2022. This index shows vegetation health, stress, and
greenness (biomass) in the study area, consistent with similar
studies. According to Sahana, Ahmed, and Sajjad, NDVI
values greater than 0.3 indicate healthy vegetation. As
presented in Figure 4, the green-colored area shows healthy
vegetation having an NDVI of more than 0.3, and the red-
colored area shows trees having an NDVI of less than 0.3.
The standard deviations of NDVI were 0.15, 0.26, 0.28, 0.29,
and 0.31 in 2001, 2006, 2011, 2016, and 2022, respectively.
The evaluated vegetation production values were 0.2318,
0.0020, 0.0021, 0.0027, and 0.0024 for 2001, 2006, 2011,
2016, and 2022, respectively, whereas the land surface
emissivity of the study area was 0.9 for the study period. The
estimated mean land surface temperatures for the study area
are 34.7, 33.5, 34.4, 34.67, and 34°C, with standard
deviations of 6.21, 5.86, 5.7, 6, and 5.8 in 2001, 2006, 2011,
2016, and 2022, respectively. The Normalised Difference
Vegetation Index (NDVI) exhibits a strong and consistent
relationship with the spatial variability of land surface
temperature (LST), thereby providing a robust means of
validating LST heterogeneity, consistent with previous
studies [32]. Areas characterised by higher NDVI values are
generally associated with lower surface temperatures. In
contrast, regions with low vegetation density are associated
with significantly elevated LST values, as shown in Figures
4 and 5. Over the study period (2001-2022), NDVI values
exhibit both increasing and decreasing trends, closely
mirrored by corresponding variations in mean LST,
indicating a coherent but inverse vegetation—temperature
relationship. The statistical analysis reveals a strong negative
correlation between NDVI and LST, with a correlation
coefficient of 0.95, indicating a highly significant relationship
consistent with findings reported by Chen and Zhang [33].
Similarly, Guha and Govil [34] identified a strong association
between vegetation cover and surface temperature dynamics.
These results are further supported by Rosca et al. [35], who
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emphasised that the NDVI-LST relationship is particularly
pronounced in areas with sparse vegetation cover. Overall,
the observed findings demonstrate strong agreement with a
broad body of literature spanning diverse geographic and
climatic settings [36-39], thereby confirming the robustness
and generalisability of the vegetation—temperature linkage.

Table IV: NDVI and Land Surface Temperature for the
Study Area from 2001 to 2022

NDVI Temperature
Yea | Ma Min Ave | StD | Max | Min | aveg | St.
r X g D
200 | 0.8 -0.20 032 | 0.15 | 564 | 11.8 | 347 | 6.2
1 8 1
200 | 0.9 029 | 0.26 | 53.8 | 10.1 | 335 | 5.8
6 5 4.3x10° 6
201 0.9 0.3 028 | 53.8 | 12.7 | 344 | 57
1 7 1.5x10° 7 3
201 0.7 034 | 029 | 55.6 | 11.8 | 34.6 6
6 9 9.6x10° 4 7
202 | 0.7 | 5.75x10° | 0.32 | 031 | 53.6 | 12.1 34 5.8
2 5 5 8 6
Legend Legend Legend
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v.m.!ii'l 1 0.8797 v.lu.ngn :0.950229 v‘“*}(gn 10969888
- 02 S Low : 4.356-006 g “ Low  1.480.008
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[Fig.4: Spatial Variation of NDVI for the Study Area
From 2001-2022]

E. Land Surface Temperature (LST)

Figure 5 indicates the evaluated
spatial distribution of land
surface temperature during
study periods in 2001, 2006,
2011, 2016 and 2022 for the

Legend
ET_NDVI_2022
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study area. The blue colour indicates the highest temperature,
whereas the red colour indicates the lowest temperature. The
results show that the minimum and maximum land surface
temperatures in the study area range from 11.8 to 56.4°C in
2001, with an average of 34.7°C. The mean spatial
distribution of the study area LST ranges from 11.8 to 56.4°C
in 2001, from 10.1 to 53.8°C in 2006, from 12.7 to 53.9°C in
2011, from 11.8 to 55.6°C in 2016, and from 12.2 to 53.7°C
in 2022. The figure presents varying trends from 2001 to
2022. The drought, as a natural phenomenon, was a key driver
of variability in land surface temperature. However, other
climatic factors, such as wind speed, also influence land
surface temperature, as reported in similar studies [40]. The
highest land surface temperature was in the northwestern part
of the study area, and the lowest was in the central part. The
mean yearly temporal variation of land surface temperature
for the selected years is 34.7, 33.5, 34.4, 34.67 and 34°C in
2001, 2006, 2011, 2016 and 2022, respectively. Variability in
land-use and land-cover classes also affects the land surface
temperature in the study area. In general, the highest land
surface temperatures were observed in areas with bare soil,
and the lowest in forests and high mountains.
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[Fig.S: Spatial Distribution of Land Surface
Temperature in the Study Area from 2001-2022]

F. Temperature Variations for Different Land Cover
Types

Remotely sensed land surface temperature (LST) represents
the radiative energy emitted from the Earth’s surface,
encompassing a range of land cover types, including building
rooftops, impervious and paved surfaces, vegetation, bare
soil, water bodies, and grasslands. As such, LST serves as an
integrated indicator of surface energy balance and is highly
sensitive to variations in land use and land cover (LULC).
Table V presents the mean LST values for different LULC
categories across the study area during 2001-2022. The
results highlight clear thermal heterogeneity among land
cover classes, reflecting the influence of surface composition
and land management practices on the spatial distribution of
temperature. In this context, Landsat satellite imagery
provides a valuable dataset for examining LULC dynamics
and for assessing their corresponding impacts on LST
variability across different land cover types. It is found from
the result that the highest temperature was observed on barren
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land with the value of 55.64°C in 2016, whereas the lowest
temperature was observed in the EBFL in 2001 with the value
of 10.1°C. Figure 6 demonstrates the dominant land-use/land-
cover with land surface temperature. It demonstrates that the
average land surface temperature was 20.8, 21.45, 18.3, 18.4
OC and 19.14 OC for ENFL, 23, 22.6, 23.3, 23.4 OC and
22.72 OC for EBFL, 30.1, 28.84, 29.44, 29.56 and 28.30C
for DBFL, 27, 27.03, 27.31, 26.62 OC and 26.21 OC for
MFL, 33.9, 32.6, 34.53, 34.31 OC and 34.80C for CSL,
39.9, 38.4, 39.25, 39.9 OC and 39 OC for OSL, 23.1, 22.96,
23.9,23.9 and 23.6 OC for WSL, 29.8,29.24, 29.9, 29.86 and
290C for SL, 35.4, 34.2,35.1, 35.6 OC and 35 OC for GL,
27.14, 26.6, 26.42, 27.65 OC and 26.70C for PWL, 32.17,
31.2,31.8, 31.7 and 31.17 OC for CL, 34.66, 33.15, 34.22,
33.93 OC and 33.61 OC for BUL, 26.33, 25.4, 26.1, 25.86
and 25.63 OC for NVM, 45.54, 44.15, 43.95, 45.1 OC and
43.92 OC for BL and 25.8, 25.5, 25.55, 25.84 OC and 25.1
OC in 2001, 2006, 2011, 2016 and 2022 respectively. For the
calculated land surface temperature, the maximum
temperature was observed in open shrublands, grasslands,
built-up lands and barrens for each year. From the observed
maximum temperatures, the highest temperature was on
barren land in 2016, with values of 56.4, 53.81, 53.9, 55.64,
and 53.68°C in 2001, 2006, 2011, 2016, and 2022,
respectively. In contrast, the minimum temperature was
10.1°C, observed in evergreen needleleaf forests and
evergreen broadleaf forests. This variation in land surface
temperature is due to vegetation cover, which affects land
surface evapotranspiration and emissivity, consistent with
other studies [41]. In addition, Tan et al. [42] demonstrated
that land surface temperature (LST) varies significantly
across different land use/land cover (LULC) categories,
highlighting the strong influence of surface characteristics on
thermal conditions. More recently, Mustafa et al. [43]
reported an increasing trend in LST driven by land-use
change and rising population density in Beijing, China, a
finding consistent with the results of the present study. It is
also important to note that areas exhibiting no apparent
changes in land use and land cover still display spatial
variability in surface temperature, indicating the influence of
additional controlling factors beyond LULC dynamics. In
particular, broader climatic processes, including regional
climate change, play a significant role in modulating LST,
especially in arid and semi-arid environments, where these
changes may intensify drought and exacerbate thermal stress.
Overall, the results of this study indicate pronounced spatial
and temporal variability in land surface temperature across
the study area during 2001-2022, reflecting the combined
influence of land-cover characteristics and broader climatic
drivers. The standard deviation of land surface temperature
for ENFL ranges between 2.5 and 5.9, EBFL (3.1-3.42),
DBFL (1.5-1.94), MFL (1.81-2.1), CSL (1.7-1.97), OSL
(2.05-2.42), WSL (2.4-3.6), SL (3.55-4.01), GL (4.5-5.12),
PWL (3.52-4.62), CL (3.7-4.11), BUL (4.5-5.7), NVM (2.23-
2.8), BL (3.8-4.02), and WB (6.82-7.16).
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Table V: Change in Temperature and Standard Deviation for Different Land Use Land Cover
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[Fig.6: Spatial Distribution of LULC(a) Crospondig with
its LST(b) in 2022]

IV. DISCUSSION

By integrating Geographic Information Systems (GIS) and
Remote Sensing (RS) techniques, this study systematically
examined temporal and spatial changes in land use/land cover
(LULC) and corresponding land surface temperature (LST)
dynamics. Based on the characteristics of the study area and
the dominance of specific land cover types, fifteen distinct
LULC classes were identified and mapped. The final
classified products provide a comprehensive representation
of the principal land cover patterns and their spatial
distribution across Ethiopia over the period 2002-2022.
Classification accuracy was evaluated through a rigorous
validation procedure using 500 randomly selected reference
pixels, which were compared against ground-truth and
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Mean Temperature in Degree Celsius
2001 2006 2011 2016 2022
Type of LULC class Average St.D Average St.D Average St.D Average St.D | Average | St.D
ENFL 20.8 2.5 21.45 5.9 18.3 2.6 18.3 2.93 19.14 2.5
EBFL 23 3.42 22.6 3.4 233 3.25 234 3.3 22.72 3.1
DBFL 30.1 1.94 28.84 1.64 29.44 1.6 29.56 1.55 28.3 1.5
MFL 27 2.1 27.03 1.8 27.31 1.81 26.62 1.96 26.21 1.9
CSL 33.9 1.93 32.6 1.97 34.53 1.72 3431 1.7 34.8 1.7
OSL 39.9 242 38.4 231 39.25 2.05 39.9 2.33 39 2.2
WSL 23.1 3.6 22.96 3.1 23.9 2.9 23.9 2.85 23.6 24
SL 29.8 4.01 29.24 3.9 29.9 3.7 29.86 3.87 29 3.55
GL 354 5.12 34.2 4.8 35.1 4.51 35.6 4.73 35 4.5
PWL 27.14 4.5 26.6 3.93 26.42 3.52 27.65 4.62 26.7 3.83
CL 32.17 4.11 31.2 4.02 31.8 3.8 31.7 4.1 31.17 3.7
BUL 34.66 5.7 33.15 4.92 34.22 4.82 33.93 4.7 33.61 4.5
NVM 26.33 2.8 25.4 2.23 26.1 2.4 25.86 2.8 25.63 2.7
BL 45.54 4.02 44.15 4 43.95 39 45.1 3.95 43.92 3.8
WB 25.8 7.16 25.5 7.1 25.55 6.95 25.84 7.2 25.1 6.82
e independently derived LULC information for
o oSk corresponding time periods. The accuracy assessment results
s B indicate that both overall accuracy and Kappa coefficient
oy P Revd g values for all LULC classes were within acceptable and
4 - reliable ranges across the selected years (2001, 2006, 2011,
S e ,‘E“: =RHL: s SR 2016, and 2022), as presented in Table I. These results
~ st - 5;55=55{ i confirm the robustness and reliability of the classified outputs
. 2 . ; v for subsequent spatio-temporal analysis of LULC and LST
i e dynamics. The Kappa coefficient is a statistical measure that
P - N — Logend quantifies the proportional improvement of a classification
I o gen = S os .
T A a £ e model over a random assignment of classes, thereby
5 ) mc ~ .
iy atk 7 providing a robust assessment of agreement beyond chance.
2 it - & P e
- In contrast, user’s accuracy represents the probability that a
— classified pixel corresponds correctly to its actual ground
o Legend gent . 5 . .
:ﬁ{:; o o ||  joskina reference, while producer’s accuracy indicates the extent to
| SRS | . W which real-world land cover categories are correctly
e 7 |Neas B represented in the classified output. The observed

improvement in classification accuracy over time can be
attributed to the increasing availability of higher-resolution
and more detailed reference datasets in recent years, which
enhances the reliability of validation procedures. Similar
remote sensing-based classification and post-classification
comparison approaches have been widely applied. As shown
in Table II, the total area and proportional coverage of each
LULC class were quantified relative to the overall landscape.
Throughout the study period, grassland emerged as the
dominant land cover type, accounting for approximately
36.53% to 44.75% of the total area, followed by savanna,
which occupied between 15.92% and 17.56%. In contrast,
evergreen needle-leaf forest represented the least extensive
LULC class, consistently accounting for a negligible
proportion of the landscape (< 0.0014%). A detailed
breakdown of temporal LULC variations is provided in Table
II. Change detection analysis was conducted through the
classification of image pairs from two distinct temporal
phases using a cross-tabulation (post-classification

comparison) approach. This method enabled a systematic
assessment of both the qualitative transitions between land
and the quantitative

use/land cover (LULC) classes
magnitude of change across the

period  2001-2022.  The
results reveal substantial
spatial and temporal

Published By:
Blue Eyes Intelligence Engineering
and Sciences Publication (BEIESP)
© Copyright: All rights reserved.

Exploring Innovation’


http://doi.org/10.35940/ijese.F4790.14070626
http://doi.org/10.35940/ijese.F4790.14070626
http://www.ijese.org/

OPEN 8 ACCESS

variability in LULC dynamics throughout the study area.
Overall, pronounced increases and decreases in specific
LULC categories were observed over the study period,
indicating significant landscape reorganisation. These
changes are primarily driven by anthropogenic activities,
particularly agricultural expansion, urbanisation, industrial
development, and associated land conversion processes.
Given that the majority of the study area is inhabited by rural
populations whose livelihoods depend primarily on
subsistence and small-scale agriculture, land transformation
processes are closely linked to agricultural intensification and
expansion. At the same time, urban growth remains
comparatively limited yet locally significant. Population
growth has led to the progressive subdivision of agricultural
land through intergenerational inheritance, whereby farmland
is continuously partitioned among offspring. This process has
resulted in increasing land fragmentation and a concomitant
decline in average farm size over time. Such structural
changes have intensified pressure on natural resources,
contributing to resource scarcity and accelerating
environmental degradation within the study area. In parallel,
rapid urban expansion driven by ongoing economic
development in Ethiopia has significantly transformed
existing land-use systems, with the increasing conversion of
agricultural and other land-cover types into built-up areas.
Furthermore, population pressure has stimulated the
expansion of cultivated land, often at the expense of natural
vegetation and grazing lands, thereby altering ecosystem
structure and functionality. These findings are consistent with
a growing body of literature from other regions of Ethiopia
that identifies population growth as a primary driver of land-
use/land-cover (LULC) change. Overall, both formal and
informal human activities are the dominant forces driving
LULC dynamics in the study area, a pattern that closely aligns
with previous empirical studies [44]. Overall, the principal
drivers of land use/land cover (LULC) change in the study
area are multifaceted and include population pressure; the
expansion of agriculture and settlements into marginal and
mountainous terrains; increasing demand for fuelwood,
construction timber, and agricultural implements; and
charcoal production and intensive livestock grazing. These
interacting pressures collectively contribute to accelerated
landscape transformation and environmental degradation. In
addition, landform characteristics strongly influence the
spatial distribution and diversity of LULC patterns.
Topographic variables such as elevation, slope, and aspect
significantly regulate local microclimatic conditions by
modifying the availability of heat and moisture and
influencing soil physical and chemical properties. These
factors, in turn, shape vegetation distribution and land-use
suitability, thereby driving spatial heterogeneity in LULC,
consistent with findings from previous studies [45, 46].
Similarly, climate change exerts both direct and indirect
influences on LULC dynamics and ecosystem functioning by
altering land-use practices, vegetation patterns, and the
spatial distribution of ecological systems, as reported in the
related literature. The mean Normalised Difference
Vegetation Index (NDVI) values for the study area were 0.32
in 2001, 0.29 in 2006, 0.30 in 2011, 0.34 in 2016, and 0.32 in
2022. These values reflect temporal variability in vegetation
health, greenness, biomass, and ecosystem condition.
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Additionally, land surface temperature (LST) across different
land use and land cover (LULC) categories was
systematically assessed over the study period. The results
indicate pronounced thermal variability among land cover
types, with the highest temperature recorded over barren land
at 55.64 °C in 2016, and the lowest in evergreen broad-leaf
forest (EBFL) at 10.1 °C in 2001. These extremes underscore
the strong influence of surface characteristics on thermal
regimes. Overall, the maximum mean LULC change over the
past 22 years in Ethiopia was derived through a comparative
analysis of LULC classes, identifying both the most and least
dynamic land-cover transitions across spatial scales. The
classification framework was developed by integrating
supervised classification outputs with MODIS-derived
datasets, revealing a heterogeneous landscape comprising
diverse land-use and land-cover types. The observed
variability in both LULC and LST is largely attributable to
anthropogenic activities, which are themselves closely linked
to the availability and management of water resources.
Changes in land cover significantly influence local and
regional temperature regimes, which in turn affect
precipitation patterns, exacerbate water scarcity, and increase
the frequency and severity of drought conditions. These
interconnected processes ultimately have direct implications
for the country's sustainable economic development.

V. CONCLUSION

This study evaluates land-use and land-cover dynamics in
relation to land surface temperature using multi-temporal
Landsat imagery. Significant differences are identified across
land uses, and temperature variation is also detected within a
single land-use/land-cover type. For each LULC
classification, an accuracy assessment was calculated from
2001 to 2022, and the results demonstrate that user accuracy
ranged from 95.6% to 98.4%. The producer accuracy of the
LULC classification ranges from 93.8% to 98.2%, indicating
well-classified LULC maps and being within the range for
further analysis. The kappa coefficient values ranged from
0.86 to 0.95. The classification accuracy assessment met the
criterion for land-use/land-cover classification. As a result,
the classified images are valid for evaluating LULC change
dynamics in the study area. The maximum likelihood
algorithm for supervised classification of MODIS and
Landsat images was applied using dominant LULC classes.
The study area is classified as evergreen needle-leaf forests
(ENFL), evergreen broad-leaf forests (EBFL), deciduous
broad-leaf forests (DBFL), mixed forests (MFL), closed
shrublands (CSL), open shrublands (OSL), woody savannas
(WSL), savannas (SL), grasslands (GL), permanent wetlands
(PWL), croplands (CL), urban and built-up lands (BUL),
natural vegetation mosaics (NVM), barren (BL) and water
bodies (WB). Based on the results obtained, the dominant
LULC was grassland, covering 36.53-44.75% during the
study period. In contrast, evergreen needle-leaf forest land
use/land cover was the lowest, with an area coverage of less
than or equal to 0.0014%. The evaluated mean NDVI values
for the study area were 0.32 in
2001, 0.29 in 2006, 0.3 in
2011, 0.34 in 2016, and 0.32
in 2022, which are
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characteristic of vegetation. The land surface temperature for
the study area was also evaluated, and the mean spatial
distribution of the study area LST ranges from 11.8 to 56.4°C
in 2001, from 10.1 to 53.8°C in 2006, from 12.7 to 53.9°C in
2011, from 11.8 to 55.6°C in 2016, and from 12.2 to 53.7°C
in 2022. The land surface temperature for each land-use/land-
cover type was evaluated, and the highest temperature was
observed in barren land at 55.64°C in 2016, whereas the
lowest was observed in EBFL at 10.1 °C in 2001. The
standard deviation of land surface temperature for ENFL
ranges between 2.5 and 5.9, EBFL (3.1-3.42), DBFL (1.5-
1.94), MFL (1.81-2.1), CSL (1.7-1.97), OSL (2.05-2.42),
WSL (2.4-3.6), SL (3.55-4.01), GL (4.5-5.12), PWL (3.52-
4.62), CL (3.7-4.11), BUL (4.5-5.7), NVM (2.23-2.8), BL
(3.8-4.02), and WB (6.82-7.16).

The findings of this study provide substantial and policy-
relevant insights for decision-makers and planning
authorities. In particular, the results enable a critical
evaluation of the effectiveness of existing land-use policies
and support anticipation of future environmental and socio-
economic challenges. This, in turn, facilitates the
development of targeted and context-specific land
management strategies.

Moreover, integrating spatially explicit future scenarios
enhances evidence-based decision-making, promoting
sustainable development, efficient natural resource
management, and long-term socio-economic growth. In the
context of climate change, anticipated alterations in
precipitation regimes, temperature patterns, and other
climatic variables are expected to exert significant pressure
on land systems. Accordingly, land use and land cover
(LULC) analysis provides a crucial framework for assessing
the potential impacts of climate variability and change on
land systems.

Such assessments are essential for understanding how shifts
in temperature and rainfall may influence agricultural
productivity, vegetation distribution, and water resource
availability, thereby enabling policymakers to design
appropriate  adaptation and  mitigation  strategies.
Furthermore, LULC analysis serves as a key tool for
detecting environmental change and assessing associated
ecological impacts. Projected land cover transitions,
including deforestation and agricultural expansion, can be
used to evaluate potential consequences for biodiversity,
ecosystem integrity, and the sustainability of natural
resources.

This knowledge is particularly important for supporting
conservation planning, land-use zoning, protection of
ecologically sensitive areas, and sustainable water resource
management. In addition, the analysis of LULC dynamics
and their associated risks provides critical inputs for disaster
risk reduction. By identifying areas susceptible to floods,
landslides, and other hydro-meteorological hazards, relevant
agencies can strengthen early warning systems, improve
land-use regulations, and enhance disaster preparedness and
response planning.
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