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Abstract

Benoumeldjadj M., Bouarroudj N., Bouchareb A., Rached-Kanouni M., Chouiter N.: Remote sensing of surface temperature and land use changes in
semi-arid climate. Ekoldgia (Bratislava), Vol. 44, No. 2, p. 212-222, 2025.

In the context of global climate change, cities can be affected by the phenomenon of urban heat island (UHI), which generates temperature differ-
ences between a city and the adjacent rural region. The impacts and challenges of UHI on urban systems are numerous and thus question the strate-
gies to deal with them. The aim of this study is to identify the presence of UHI in the territory of Ain M’lila (eastern Algeria), to understand their
spatial distribution according to the changes in urban land use (land use/land cover [LULC]), and to suggest ways to reduce their effect. The method
adopted, involving remote sensing using Landsat satellite images and the Google Earth Engine platform, enables an initial diagnosis to be made of
the effect of UHI on this area by quantifying it and establishing its correlation with normalized difference vegetation index (NDVI) and land surface
temperature (LST) over the period 2005-2023. The analyses of LULC, NDVI, and LST revealed a significant urban expansion, characterized by an
increase in impermeable surfaces of 2%-7% and a reduction in cultivated land. This urbanization led to a significant rise in surface temperatures,
with peaks reaching 49.37 °C in 2005. Despite a slight improvement in 2023, due to greening initiatives, the study highlights the persistence of UHI
effects. The results highlight the need for urban project approaches and green urban planning to analyze and propose planting in sectors subject to
UHI effects. However, there is a need for contextualized local climate policy integrating adaptation strategies to exploit the reversibility potential of
urban spaces as best as possible.

Key words: Ain Mlila, climate data, urban heat island, urban land use, surface temperature, NDVI.

Introduction

Urbanization results in the transformation of natural landscapes
into impermeable surfaces, leading to a significant change in the
albedo, thermal properties of surfaces, and humidity of urban ar-
eas. This results in cities being warmer than their surroundings.
This phenomenon, known as the urban heat island (UHI) (Alek-
sandrowicz et al., 2017), has been the subject of air temperature
measurements in many cities around the world for UHI diagno-
sis, such as Dijon (Richard et al., 2018), Lyon (Renard, Alonso,
2020), Florianépolis Nanjing (Da Rocha et al., 2019; Yang et al.,
2020), and Sydney (Yun et al., 2020).

According to IPCC forecasts (IPCC, 2022), urban tempera-
tures are set to rise because of climate change. This will lead to

various issues affecting the future of urban environments, in-
cluding the health and vulnerability of populations, increased
energy consumption, and a deterioration in thermal comfort
conditions (Santamouris, 2020; Nieuwenhuijsen, 2021).

Many studies have commented on the causes of the effects
of UHLIL increase in impermeable areas, disappearance of natu-
ral spaces, disruption of ventilation, disruption of radiative ex-
changes, and generation of anthropogenic heat (Imran et al,,
2021).

Understanding UHI is, therefore, both an environmental
and public health issue for which the development of mitigation
measures requires in-depth investigation within the framework
of a scientific approach. UHI intensity, a phenomenon first iden-
tified in 1818, refers to the increase in atmospheric temperatures
(Ta) and land surface temperatures (LSTs) in urban areas com-
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Fig. 1. Location map of Ain M’lila (Algeria).

pared to surrounding rural areas (Estoque, Murayama, 2017),
derived from measurements made by sensors on board satellites
(Chan et al., 2021).

The study of LST provides information on the spatiotemporal
variations and surface equilibrium state (Charfi, Dahech, 2018;
Renard et al., 2019). LST is widely used in various studies, in-
cluding climate change, vegetation cover monitoring, UHIs, and
environmental studies (Hashemi et al., 2023). This temperature
changes in space and time with changing climatic conditions
and human activities (Anandababu et al., 2018). Global urbani-
zation has significantly impacted the level of greenhouse gases
in the atmosphere and reshaped landscapes. This urbanization
has important climate implications on several scales, including
UHIs, due to the simultaneous transformation of the natural
land cover and the introduction of urban material. Surveys are
long, cumbersome, and expensive, highlighting remote sensing
as an obvious and preferred alternative to monitor these climate
implications.

The size of the ICU effect may vary depending on the land-
use/land-cover (LULC) model, city structure, city size, seasonal
variations, environmental context, urban engineering, topogra-
phy, and area location (Shojaei et al., 2017).

The overall objective of this research is to identify UHI for
the city of Ain M’lila (Algeria) in relation to LULC. To meet this
overall objective, two secondary objectives were stated. The first
aims to determine UHI on the territory of the city that will be
prioritized for adaptations and interventions in the event of an
alarming situation. The second objective is to calculate a stand-
ardized vegetation index (normalized difference vegetation in-
dex [NDVI]) in order to have an understanding of the plant ar-
chitecture and to assess the link with LST and UHIL.
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Material and methods

Study area

The Ain Mlila region, located in eastern Algeria between
36°02’00” North and 6°35’00” East, at an altitude of 771 m, is
part of the external zones of the Alpine chain in eastern Algeria
(Fig. 1). Situated in the southern high plains of the Constantine
region, this area is bordered by Constantine to the north, Batna
to the south, Oum-El-Bouaghi to the east, and Mila to the west.
It covers approximately 23,602.5754 ha and has a population of
about 88,441 inhabitants.

It has a continental climate characterized by significant sea-
sonal temperature variations. Winter temperatures range from
0 to 12 °C, with glacial winds and occasional snowfall, while
summer temperatures can soar between 25 and 40 °C, resulting
in dry and hot conditions. Average annual precipitation is about
200-400 mm, with the majority occurring in winter, coinciding
with maximum rainfall, while summer often experiences thun-
derstorms. Spring is marked by significant frosts and autumn
brings milder temperatures, making the overall climate distinct
and variable throughout the year.

Data source

This research focuses on the time series of the UHI effect in Ain
Mlila by analyzing land cover changes and vegetation loss over
four periods: 1995, 2005, 2015, and 2023. Landsat 5 and 7 image
data acquired for this period were utilized through the Google
Earth Engine (GEE) platform (Gandhi, 2022; Benoumeldjadj et
al., 2024).

213



Ekologia (Bratislava) 2025: 44(2): 212-222

Dataset collection

________________ . Spatio-

19952005 |, ~ LANDSATS LANDSAT 5

temporal
dynamics of
the urban heat

LANDSAT 5

island (UHI) in

2015-2023 |————— LANDSAT® LANDSAT 8
|

to changes in
LU/LC and
vegetation

|
|
[
|
|
|
: AinMiila linked
|
LANDSAT & |
|
|

—_———

-

Land Use and Normalized

Land Cover ——— difference vegetation —= Temperature
(LULC) index (NDVI) (LST)

Land Surface

Heat Islands

Impact of LULC and NDVI on UHI Urban

Cold Zones

Temperature Hots pots and

Fig. 2. Flowchart of the study.

Bands 1-5, as well as band 7 were used to classify LULC types
using a supervised method, employing maximum likelihood
classification. In addition, thermal band 6 was used to estimate
LST values. Bands 1-5 and 7 have a spatial resolution of 30 m,
while thermal band 6 has a resolution of 120 m for Landsat 5 and
60 m for Landsat 7, though resampled to 30 m. This examination
requires locating fine changes in surface reflectance to under-
stand the processes of change and their impact on temperature
in the study areas (USGS.gov, 2019).

To complement the analysis, temporal variations in the data
were also considered to better understand the evolution of LULC
and its impact on surface temperatures. The integration of NDVI
data allowed for the assessment of vegetation health in the study
areas, providing valuable information on vegetation cover and
its influence on local temperatures. In parallel, the analysis of
LST values helped identify high-heat zones, often correlated with
urban surfaces or deforested areas.

The analysis of the relationship between LULC changes and
the intensity of LST, as well as the UHI effect during the 4-year
study period requires Landsat images. The indicators calculated
from the remote sensing data are NDVI and LST.

NDVI determination

This index uses the red (Red) band in the visible spectrum and
the near-infrared (NIR) band. Indeed, chlorophyll absorbs en-
ergy in the visible 400-700 nm (red band) and reflects strongly
in the infrared 800-900 nm. This is why, these two bands are par-
ticularly effective in describing vegetative activity on the surface
of the globe. Thus, NDVI has proven to be a robust indicator
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for the analysis of spatiotemporal changes in vegetation growth
and distribution (Ellili et al., 2019), vegetation stress (Beisel et
al,, 2018), and vegetation productivity (Zeng et al., 2020).

NDVTI is a vegetation index particularly suited to monitoring
the health of vegetation (Guo et al., 2018). High chlorophyll ac-
tivity implies high biomass, and therefore high NDVI value. The
NDVI formula is as follows:

NDVI = (NIR - Red)/(NIR + Red), (1)

where NIR and Red refer to specific light wavelengths captured
by satellite sensors. NDVI values range from —1 to +1, with high-
er values (0.6-0.9) indicating healthy, dense vegetation, values
around 0 showing little to no vegetation, and negative values
often associated with water (sand, rock, snow, water) or where
vegetation is senescent (Benoumeldjadj et al., 2023).

Estimation of the earth’s surface temperature

Estimation of LST through thermal remote sensing only pro-
vides measurement of the surface radiant temperature primar-
ily emitted by the ground. This quantity can be converted into
brightness temperature, which is affected by various atmospheric
effects and also by the fact that the earth’s surface is not a perfect
black body for thermal emission (Wang et al., 2015). Therefore,
the pursuit of an accurate LST becomes more complicated as
both soil and atmospheric effects must be considered.

LST represents the temperature of the top layer of the ground.
It plays a crucial role in the distribution of energy between soil
and vegetation and significantly influences air temperature.



LST can be obtained from thermal data provided by satel-
lites. To convert Landsat thermal data into LST values, a two-step
process is used:

(i) Conversion of thermal band DN value into top-of-atmosphere
radiance (Khamchiangta, Dhakal, 2019), calculated with the equation

LA = ((Lmax - Lmin)/ (QCAL max QCAL min)) x(DN- QCAL min) + me, )

where L, is the luminance of the upper atmosphere in watts (m?
x st x pm) and DN is the numerical value of the Landsat 6 ther-
malband. Q_,, =255andQ_,, . =0 for products processed
before 4/5/2004 and 1 for products processed after 4/5/2004, L
and L_, are in watts/(m*x sr x um), and values are provided in
the Landsat image data metadata file.

(ii) Estimation of LST (and atmospheric correction) by inver-
sion of equation:

L, =leB(D)+(1-€)L]r+LT, 3)

s =
where L, is the luminance at the sensor level at the top of the
atmosphere, €, is the surface emissivity, and B, , is the radi-
ance emitted by a black body at temperature T, calculated using
Planck’s law. L/‘i« is the downward atmospheric luminance, 7, is
the total atmospheric transmissivity, and LAT is the upward at-
mospheric luminance.

LST is retrieved from (ii) by inverting PlancK’s law, known as
surface emissivity. The main objective of this study is to analyze
the evolution and characteristics of UHI in Ain M’lila, in relation
to changes in LULC over a period of 28 years (1995-2023). Figure
2 presents the methodological flowchart summarizing the main
data processing steps and calculation of indicators.

The LULC classification was carried out in three distinct
phases. First, using the shapefile of the municipality derived from
the Feature Collection (“FAO/GAUL/2015/level2”) (Gandhi,
2022), areas were selected based on points on representative pix-
els of the LULC classes. Next, a supervised maximum likelihood
classification was applied to the Landsat images using scripts
within GEE. Finally, an accuracy assessment was conducted on
all the produced LULC maps, thereby ensuring the reliability of
the classification results for landscape change analysis.

The methodology is based on the use of the zonal statistics tool
in ArcMap. This tool allows to calculate and analyze the maximum
and minimum values of LST within each district or defined zone
(Chen, Zhang, 2017). This approach provides a clear visualization
of the spatial distribution of temperatures, highlighting thermal
contrasts at the scale of the studied territory.

The results of image classification to generate LULC maps,
NDVI calculation, and LST estimation highlight the correlations
between LST and LULC, quantify the intensity of UHI, and reveal
urban expansion and warming trends over nearly three decades.
This multidimensional approach aims to provide crucial insights
for urban planning and local climate management in Ain M’lila.

Results and discussion
LULC evolution
The use of satellite images reveals the dynamics of landscape

transformation: distribution of agricultural areas, deforestation,
and urban sprawl. In this context, the processing of geospatial
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data has been the subject of considerable and continuous atten-
tion since the launch of the first satellite missions (Pei et al., 2021;
Fagan, Defries, 2024). Data from Landsat 5 and 8 images are used
using the GEE platform to assess LULC changes in the study area
(Ain M’lila) for 1995, 2005, 2015, and 2023.

A supervised classification by maximum likelihood made it
possible to distinguish seven land cover classes: cropland, forest,
shrubland, grassland, impervious surfaces, bare areas, and water
body/salt marsh. Validation by confusion matrix indicates excel-
lent reliability of the mapping (Kappa index ranges from 0.79 in
1995 to 0.91 in 2023). The spatiotemporal distribution and pat-
terns of LULC changes and persistence are presented in Fig. 3.

Throughout the study period, cropland was the dominant
land use type. Its area decreased from 21,253.66 ha in 1995 to
19,936.12 ha in 2023 of the total area (23,602.57 ha) (Table 1).
This indicates increasing pressure on arable land, potentially due
to urbanization, as Ain M’lila is an agriculture-oriented region.
The proportion of forest remained relatively stable, maintaining
around 142.78 ha during the study period, due to a lack of signifi-
cant reforestation or substantial changes in forest cover.

Except for 2005, when shrubland initially experienced a slight
decrease of 4%; in other years, this decrease remained stable at ap-
proximately 158 ha. This stability indicates resilience to urbaniza-
tion or other pressures. The proportion of grassland has remained
constant at 615.33 ha since 1995, after a slight increase to around
1,018.38 ha in 2005. This stability at 3% indicates resilience, and
this fluctuation could reflect variations in climatic conditions or
land management practices. Grasslands provide important habi-
tats for many species and play a crucial role in water cycles, con-
tributing to filtration and water resource management.

The proportion of impervious surfaces increased signifi-
cantly from 487.76 to 1,542.67 ha between 1995 and 2015 (Figs
4 and 5). This trend toward urbanization is indicative of growing
urban expansion and infrastructure development in the region
(Attar, Saraoui, 2021). The stability of the proportion at 7% from
2015 to 2023 (Fig. 5) (1,534 ha) may indicate some control or
slowdown of urbanization due to the precarious housing resorp-
tion program (RHP) and urban planning policies. The presence
of impervious surfaces (built-up areas) is concerning, as it can
lead to increased rainwater runoft, cause flooding, and degrade
surrounding ecosystems (Yasser, 2021).

The proportion of bare areas remained extremely low during
the period from 1995 to 2023, with a slight increase in 2005 fol-
lowed by stabilization. It is essential to note that this low value
also indicates a relative absence of significant land degradation,
though it should not be overlooked. Regarding rivers and salt
marshes, the year 2005 (Figs 4 and 5) was marked by their ab-
sence, with a low recorded area of 0.508 ha, signaling the begin-
ning of the establishment of these ecosystems in the region. This
upward trend continued, with a further increase in 2015 (0.603
ha) and significant growth reaching 3.93 ha in 2023 (Table 1).

Algeria has experienced an intense and persistent drought
over the past 20 years. This drought, characterized by a signifi-
cant rainfall deficit, has affected the whole of Algeria, particu-
larly its northeastern part, of which the study area is a part. But
the most severe and persistent are those of the last two decades,
which were characterized by a rainfall deficit of around 13% for
the eastern region. This drought has had a negative impact on
the flow regime of the wadis, recharge of the water table, and the
filling level of the watercourses (Achite et al., 2017).
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Fig. 3. Land use and land cover in Ain M’lila from 1995 to 2023.
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Impact of land use changes on NDVI from 1995 to 2023

NDVI is a vegetation index used to determine land use. The val-
ues of this index give a matrix of values between —1 and 1, char-
acterizing the NDVI of each pixel in the image. Values between
-1 and 0 represent elements composed of water, values between
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The higher the index, the denser the vegetation. To associate
an index with each pixel in an image, the indices were classified
into three categories: low vegetation index (NDVI between 0.25
and 0.5), mid vegetation index (NDVI between 0.5 and 0.75),
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Table 1. Land use and land cover types.
Cropland (ha) | Forest (ha) | Shrubland (ha) | Grassland (ha) | Impervious surface (ha) | Bare areas (ha) | Water (ha)
1995 21,253.66 171.69 1,064.64 615.66 487.77 9.15
2005 20,228. 31 106.18 1,008.58 1018.38 1,227.98 12.64 0.51
2015 20,009.34 142.79 1,238.73 658.44 1,542.68 9.95 0.65
2023 19,936.13 157.96 1,251.95 709.64 1,534.69 8.28 3.92
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6°23'40"E 6°26'0"E 6°28'20"E 8°30'40"E 8°33'0"E 8°35'20"E 6°37T'40"E 6°40'0"E 6°23'40"E 6°26'0"E 6°2820"E 6°30'40"E 6°33'0"E 6°35'20"E 6°37'40"E 6°40°0"E
k W$E k W$E
S S
gl gl
8 &
z £
g+ qr
k 3
z 2
4 Bl
] 8
= =
g g
%1 NDVI_2015 5[ NDVI_2023
° High : 0,76 " High : 0,79
g Low :-0,042 g Low :-0,153

217



Ekol6gia (Bratislava) 2025: 44(2): 212-222

60

1
. I h | 1
50 . |, A f ITERIE AN AR Al
[ SN T VI ‘ 1 i Jl t (Il ! I;l 1 4 i
LR ARy E [T/ z 1t S T S | R A Lo
4 - | | . i | | |1 I ] . | | | . |
40 .1 [l IR v 4 | INEEANNEE LAN] L |
L hll { f IR [ AN RE || T ¢
= “ 1 | ' . 1 | : . : 4 | T i
i I Ul e s 1 ' [ [ 14 IR toil
BRI ,. SIARIITAN:!
30 Ho t 1 '5 at RN il ; J e . | | s |
o4 ] 11 1 1 | | | IR Iy I ) | -
it (S 1 . I | e | |
IR 1 1 l 4 } ol H [ 1 ‘[ ! | . Lt
20 | ol || | - : VN Y | O 1 L ‘.,: — I
‘ | | |1# | ' 1| | ( | I ' .
P I ! | (T T VR R
T b L I H
10 | f { r u l 1 I .
| . I IR
]
1994 1997 2000 2003 2004 2007 2010 2013 2016 2019 2022
Date
Fig. 7. The graph of temperature dynamics.
6°23'40"E 6°26'0"E E°2820"E 6°30'40"E 6330E E73I520"E 6°37T40"E 400"E E2340"E 6°26'0"E 6°28'20"E B°30'40"E 6°330"E 6ISNE 6"ITH0E 6°40'0"E
i i
s s
H 2
z z
& &l
2 LST 1995 L LST _2005
8 " High : 38,01 8 High : 49,37
z Low : 5,53 z Low : 8,67
6°23'40"E 6°26'0"E 6°28'20"E 6°30'40"E 6°330"E 6°3520"E 6°3T'40"E 6°40°0"E 6°23'40"E 6°26'0"E 6°28'20"E 6°30°30"E 6°330"E 6°35'20"E 6°37'40"E 6°40°0"E
e @
M S
2l LsT 2015 &l LsT 2023
é " High : 48,13 8 ' High : 38,61
z Low : 13,48 z Low : 11.78

Fig. 8. LST in Ain M’lila from 1995 to 2023.

218



® ® .
34 M
32
30

28

LST_1995

26

24

22

20

0,10 0,15 0,20 0,25 0,30 035
NDVI_1995

Fig. 9. LST-related NDVTI in 1995 and 2005.

and high vegetation index (NDVI between 0.75 and 1), each cor-
responding approximately to grass, crops, and forest (Adaze et
al., 2020).

The NDVI maps for Ain Mlila show significant variations
in vegetation cover during the study period (Fig. 6). Negative or
extremely low NDVI values represent areas with no vegetation;
they range from —0.018 in 1995 to —0.168 in 2023. These very
low values represent areas with little or no vegetation, such as
concrete, rocks, or bare soil. Moderate values of this index are
0.69 in 1995 and 0.75 in 2005, representing areas with shrubs
and pastures, while high values in 2015 (0.76) and 2023 (0.79)
represent areas of forest and dense, healthy vegetation.

LST land change

Figure 7 shows the spatial pattern of LST over 4 years (1995, 2005,
2015, and 2023). The results show that LST is confined within
the ranges of 38.01 °C in 1995 to 48.13 °C in 2015 with a peak
(49.37 °C) in 2005, and 48.13 °C and 38.61 °C in 2015 and 2023,
respectively. During the previous two phases, the maximum LST
temperatures increased by 10.12 °C and 9.52 °C. The warmest
areas in 2005 and 2015 are related to urban or bare areas, while
the cooler areas correspond to vegetated areas.

The areas affected by the UHI phenomenon showed continu-
ous growth during the study years 1995, 2005, and 2015. The
most significant changes occurred in residential areas and bare
lands, and sometimes in green areas. The increase in surface tem-
peratures in residential areas is attributed to human land uses
such as asphalt, concrete, and buildings, while the higher tem-
peratures in drylands can be explained by drought and high heat
absorption (Nasraoui, Benzidiya, 2024).

Changes in land use patterns related to urban planning con-
tribute to the spatial structure of the urban landscape, which
also influences energy transmission and balance (Li et al., 2018).
These changes are considered to be a direct cause of UHI forma-
tion (Yang et al., 2017). Thus, the connection between air tem-
perature variations and LULC is relevant (Fig. 6).

LST is simply the land surface’s skin temperature. Due to the
simultaneous introduction of urban materials, or artificial sur-
faces, and the alteration of natural land cover, global urbaniza-
tion has drastically changed the landscape, with substantial cli-
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matic repercussions at all scales. Due to the non-homogeneity
of land surface cover and other meteorological elements, LST,
which varies spatially, is usually used to identify and characterize
UHIs (Wang et al., 2021).

The maximum temperature in the study area was 38.61 °C
in 2023, showing a downward trend compared to 2005. This is
due to the plantations initiated by local authorities and citizens
within the framework of “Green Algeria”; this increase in plant
cover leads to local cooling. In its different forms, vegetation can
act at several levels to reduce urban temperatures (Grafius et al.,
2016; Bartesaghi Koc et al., 2017; Zhioua, 2017). Reduction of
sensible heat by using it for evapotranspiration, increase in latent
air conditioning by humidifying the air via evapotranspiration;
reduction of reflective surfaces; limitation of surface waterproof-
ing; reduction of air conditioning needs, ...etc (Fig. 8).

Correlation analysis

To quantify the relationship between LST, NDVI, and UHI inten-
sity, Pearson correlation coefficients (r) were calculated for each
study year (1995, 2005, 2015, and 2023). The Pearson correlation
coefficient measures the linear relationship between two vari-
ables, with values ranging from —1 (perfect negative correlation)
to +1 (perfect positive correlation). The significance of the cor-
relation was assessed using p-values, with a significance level of
a = 0.05. The sample size (1) for each analysis was determined by
the number of pixels or spatial units analyzed in the study area.

LST and NDVI correlation

The correlation analysis between LST and NDVI revealed a
consistent and significant relationship over the study period. In
1995 (A9), a strong negative correlation (r = -0.85, p < 0.001, n =
10,000) was observed, demonstrating that areas with higher veg-
etation cover (high NDVI) exhibited lower surface temperatures.
By 2005 (A9), the correlation weakened (r = —0.65, p < 0.001, n
= 10,000), reflecting the impact of urbanization and the reduc-
tion in vegetation cover. This trend continued in 2015 (B10), with
a further weakening of the negative correlation (r = —0.55, p <
0.001, n = 10,000), consistent with the expansion of impervious
surfaces and the decline in green spaces. However, by 2023 (B10),
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Fig. 11. LST-related UHI with Pearson correlation.

a slight improvement in the correlation (r = -0.70, p < 0.001, n
=10,000) was observed, likely due to greening initiatives and in-
creased vegetation cover. These findings underscore the critical
role of vegetation in mitigating surface temperatures and high-
light the adverse effects of urbanization on thermal regulation,
emphasizing the need for sustainable urban planning and green
infrastructure to counteract these impacts (Figs 9, 10).
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NDVI and UHI intensity correlation

The analysis of the relationship between NDVI and UHI inten-
sity highlights the significant role of vegetation in mitigating
UHI effects. In 1995 (A11), a strong negative correlation (r =
-0.89, p < 0.001, n = 10,000) was observed, indicating that areas
with higher vegetation cover experienced weaker UHI effects. By



2005 (A11), the correlation weakened (r = —0.60, p < 0.001, n =
10,000), reflecting the impact of reduced vegetation due to ur-
banization and land use changes. This trend continued in 2015
(B11), with a further weakening of the negative correlation (r =
-0.50, p < 0.001, n = 10,000), consistent with the expansion of
impervious surfaces and the decline in green spaces. However, by
2023 (B11), a slight improvement in the correlation (r = —0.65,
p <0.001, n = 10,000) was observed, likely due to increased veg-
etation cover resulting from greening initiatives. These findings
underscore the importance of vegetation in reducing UHI inten-
sity and emphasize the need for targeted greening strategies and
sustainable urban planning to counteract the adverse effects of
urbanization on local climate.

Discussion of correlation results

The correlation analysis reveals a dynamic relationship between
LST, NDVI, and UHI intensity over the study period. The strong
negative correlation between LST and NDVT highlights the cool-
ing effect of vegetation, while the positive correlation between
LST and UHI intensity underscores the warming effect of ur-
banization. Weakening of these correlations over time reflects
the impact of land use changes, particularly the expansion of
impervious surfaces and the reduction of green spaces. How-
ever, the slight improvement in correlations in 2023 suggests that
greening initiatives can partially mitigate the adverse effects of
urbanization on local climate.

The significance of the correlation coefficients (p < 0.001)
confirms the robustness of these relationships, while the large
sample size (n = 10,000) ensures the reliability of the results.
These findings align with previous studies (e.g., Wang et al., 2021;
Yang et al., 2020) and provide valuable insights for urban plan-
ning and climate adaptation strategies (Fig. 11).

Conclusion

The study successfully achieved its primary objective of identify-
ing and analyzing the UHI effect in Ain M’lila, eastern Algeria, by
leveraging satellite imagery and land use change analysis over a 28-
year period (1995-2023). The integration of remote sensing data,
particularly through the GEE platform, allowed for a detailed as-
sessment of LULC changes, NDVI, and LST. The findings revealed
significant urban expansion, characterized by a 2%-7% increase in
impermeable surfaces and a corresponding decline in cultivated
land, which directly contributed to a rise in surface temperatures,
peaking at 49.37 °C in 2005. Although a slight improvement in sur-
face temperatures was observed in 2023 due to greening initiatives,
the persistence of UHI effects underscores the ongoing impact of
urbanization on the local microclimate. The study’s novel contri-
bution lies in its comprehensive spatiotemporal analysis of UHI
dynamics in a semi-arid region, which has been underrepresented
in existing literature. By correlating LULC changes with NDVI and
LST, the research provides a robust framework for understanding
the interplay between urbanization, vegetation loss, and thermal
regulation. This approach fills a critical gap in regional climate
studies, particularly for North African cities, where such detailed
longitudinal analyses are scarce. The findings highlight the impor-
tance of integrating green infrastructure and sustainable urban
planning to mitigate UHI effects, offering actionable insights for
policymakers and urban planners. Furthermore, the study opens
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new avenues for research by demonstrating the effectiveness of
remote sensing tools in monitoring environmental changes and
informing climate adaptation strategies. It emphasizes the need
for localized climate policies that address the unique challenges of
semi-arid regions, such as water scarcity and vegetation manage-
ment. Future research could explore the socioeconomic impacts
of UHI in similar contexts and evaluate the long-term efficacy of
greening initiatives in reversing UHI effects. Overall, this study
not only advances scientific understanding of UHI dynamics but
also provides a foundation for developing context-specific mitiga-
tion strategies in rapidly urbanizing regions.
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