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Abstract. Population growth and urbanization have resulted in land use/land cover
(LULC) changes and affect land surface temperature (LST), which contributes
to global warming. The study aimed to detect the LULC changes across Mendefera,
Eritrea, from 2002 to 2022, and examine their impacts on LST. Two Landsat-7 ETM
and One Landsat OLI TRI-8 images from 2002, 2012 and 2022 were utilized.
A supervised vector machine algorithm was used to classify LULC. Overall accuracy
and Kappa coefficient were calculated. Linear regression was performed to show
the relationship between Normalized Difference Vegetation Index (NDVI) and LST.
The study found remarkable LULC changes in the study area 2002-2022. Built-up
and agricultural areas increased by 113.5 and 64.4% respectively, whereas natural
vegetation and open areas decreased by 77.6 and 24.8%, respectively. The highest
and lowest mean LST were recorded in built-up (35°C) and natural vegetation
(29.7°C) areas, respectively. Generally, mean LST decreased by 3.3°C in the study
area from 2002 to 2022, and a negative correlation was observed between NDVI and
LST. Thus, the study concludes that urbanization causes vegetation degradation,
abrupt built-up growth and urban heat islands. The study will help planners and
decisions-makers in planning appropriate mechanisms in land use planning and
climate change mitigation.

Keywords: land use/land cover, land surface temperature, overall accuracy, Kappa
coefficient
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HcTopust cratbu

[Moctynuna B penaknuto: 12 mapra 2024 T.
Jopaborana: 21 urons 2024 r.
[punsTa k myonukanuu: 3 utons 2024 r.

3asBileHHE 0 KOH(PJIUKTE HHTEPEeCcoB

ABTOpBI 3asIBISIIOT 00 OTCYTCTBUHU
KOH(IUKTa UHTEPECOB.

AnHoTauus. Poct Hacenenus u ypOaHu3alus MpuBeId K U3SMEHEHUSIM B pac-
TUTEIILHOM MOKPOBE, KOTOPBIE BIMSIOT HA TEMIIEPATYPY MOBEPXHOCTH CYIIH,
YTO CIIOCOOCTBYET II00anbHOMY noTteruieHuto. Llens ucciaenoBanus — BbIsAB-
JIeHWEe M3MEHEHHH B pacTUTEIbHOM IMOKpoBe B MeHnedepe, Dpurpes, 3a me-
puon ¢ 2002 mo 2022 . 1 u3y4yeHue UX BIUSHUE Ha TEMIIEPaTypy MMOBEPXHOCTH
cym. beutn ucnons3oBaHbl 1Ba cHuMKa Landsat-7 ETM u oauH CHHUMOK
Landsat OLI_TRI-8, cnenannsie B 2002, 2012 1 2022 rr. dns knaccupukayuu
W3MEHEHUH B PAaCTUTEIHLHOM IOKPOBE MPHMEHEH ajJrOpUTM YIIpaBIsieMON
BEKTOPHOI 00paboTKu. PaccunTanbl K03 PULIHEHTHI JOCTOBEPHOCTH U KO3(-
¢unment Kanmna. /{ng oroOpakeHus B3aUMOCBSA3H MEXIY HOPMaIH30BaHHBIM
BEreTallMOHHBIM HH/IEKCOM U TEMIIEPAaTypOi MOBEPXHOCTH CYIIH CIeHEPHPO-
BaHa JIMHEWHas perpeccus. B xoze uccinenoBaHust OTMEUEHbl 3HAYUTEIIbHBIE
W3MEHEHHS PaCTUTEIHLHOTO MOKPOBa B Uccienyemoit oonactu B 2002—2022 rr.
IInomaap 3acTpoiiky U CENbCKOXO03SIMCTBEHHBIX yToAUK yBenuumiack Ha 113,5
u 64,4 % COOTBETCTBEHHO, B TO BpeMs KaK €CTECTBEHHAs pAaCTHUTEIbHOCTh
U OTKPBITHIE IPOCTPAHCTBA COKpATUINCh Ha 77,6 1 24,8 % COOTBETCTBEHHO.
Camblii BBICOKMI M caMblii HU3KHI CpellHUe 3HAYCHUs W3MEHEHUH B pacTH-
TEJIHLHOM NIOKPOBE OTMEYEHHI B HaceJIeHHBIX MyHKTax (35 °C) u ecrecTBeHHOH
pactutensHOCTH (29,7 °C) COOTBETCTBEHHO, HO B II€JIOM CPEJAHHE 3HAUCHHS
W3MEHEHUH B PacTUTEIHLHOM MOKpPOBE CHM3WINCH Ha 3,3 °C B mcciexyemoit
obnactu ¢ 2002 nmo 2022 r., u HabmOAaNach OTPULATENbHAS KOPPESLU
MEXJly HOpMaJIM30BaHHBIM BET€TallMOHHBIM UHJIEKCOM U U3MEHEHHSMH B pac-
TUTEJILHOM MOoKpoBe. TakuMm 00pa3oMm, clienaH BBIBOJ] O TOM, YTO ypOaHU3aIHs
TIPUBOJAMUT K JIETPa/lallii PACTUTEIbHOCTH, PE3KOMY POCTY 3aCTPOUKHU U MOSB-
JICHHIO TOPOJICKUX OCTPOBOB Tema. MccnenoBanue moMoxeT crieruaiucTam
IO IUTAHUPOBAHUIO U JIMIaM, IPUHUMAIOIINM PEIIeHHUs, Pa3paboTaTh COOTBET-
CTBYIOLIME MEXaHU3MBI JJIs IUIAHUPOBAHUS 3€MJICTIONB30BAaHUS U CMSATUCHHUS
MOCJIEICTBUI U3MEHEHHS KIIMMaTa.

KuroueBble clioBa: 3eMIICTIONB30BaHKE, TEMIIEPATYPa MOBEPXHOCTH 3eMIIH,
o01ras TO9HOCTh, K03 urnent Kanma
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Introduction

Since the second half of the 20™ century, the
world population has shown rapid increase from
2.6 billion to 7.7 billion and likely to reach around
9.9 billion by the year 2050 [1]. Different studies
revealed that about 66% of the global population
is expected to be stacked in urban areas in 2050
[2; 3]. Population growth and urbanization are
among the prominent factors that affect land surface.
The major driving forces for the changes that
happened to land use land cover changes (LULCC)
are mainly due to anthropogenic activities [4],
which may also affect LST and global warming.
Therefore, LULC change detection could help
understanding LST changes [5; 6] and take proper
actions to mitigate global warming. The application
of Remote Sensing and GIS in LULC changes
detection 1is effective, appropriate, ultimate, and
timely. Different techniques and algorithms have
already been developed for LULC classification,
including support vector machine (SVM), maxi-
mum likelihood (ML), random forest/random tree,
deep learning, etc. SVM is one of the powerful
classification algorithms for identifying the boun-
daries of features by dividing and screening the
classes [7], solving different problems in relation
to regression and groups [8], and arriving at
conclusions with limited training samples [9; 10].
Suggests that [8] reported that SVM classifier in
both ArcGIS Pro and Google Earth Engine exhi-
bited the best performance compared to the
maximum likelihood, random forest/random tree,
classification and regression trees, and minimum
distance classifiers.

In urban areas, LULC change due to rapid
urbanization is the main reason for the increased

LST [4]. Suggests that [2] analyzed the dynamics
in LULC change and its impact on LST for Galle
City, Sri Lanka, and reported that built-up area
increased by 38%, whereas vegetation and non-
built-up area reduced by 26% and 12%, respecti-
vely, and LST increased by 3.2°C from 1996 to
2019. Suggests that [11] studied the spatiotem-
poral relations between LULC change and LST
for Tehran, Iran, and they found that impervious
surface area increased by 48.27%, vegetated land
decreased by 7.10%, and mean LST has increased
by 2-3°C at the city center and 5-7°C at the
periphery between 1988 and 2018. Also reported
[12] notable rise in mean LST of 4.5°C (summer)
and 5.7°C (winter) in Sialkot city, Pakistan, due to
urbanization from 1989 to 2020. On the contrary,
[13] reported that LST decreased by 0.56°C from
2000 to 2020 across the Kanyakumari district,
India. Linear regression was performed to show
the correlation between LST and NDVI [6]. Nor-
malized Difference Vegetation Index (NDVI) is one
of the frequently used vegetation indices, which is
calculated from multispectral bands using red, and
near infrared and provides useful information for
environmental monitoring, ecosystem conservat-
ion, urban green infrastructure, and others [14].
Correlation graphs between LST and NDVI have
indicated negative relationship among them [6].
Eritrea is one of the six fastest urbanizing
country in Africa and the ten fastest in the world.'
More than 65% of Eritreans live in rural areas,
while its annual urban population growth was 6%
for the years 2000—2005 [15], and the numbers are
expected to increase. In many areas of developing
countries, rapid population increase has often
resulted in LULC change [9; 15]; approximately
90% of population growth has been observed in

! United Nations. UN Department of Economic and Social Affairs Divisions. World Urbanization Prospects. The

2018 Revision: New York, USA, 2018.
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Asia and Africa [16]. Studies on LULC dynamics
and their impacts on LST are crucial in developing
countries such as Eritrea for informed-policy
decisions for land use planning and climate-change
mitigation; however, there are no such studies in
Eritrea. Thus, this study was carried out in Greater
Mendefera to detect the dynamics of LULC changes
and their associated impacts on LST between 2002
and 2022.

1. Materials and Methods
1.1. Study Area

Greater Mendefera, with geographic coordi-
nates of 14°53'8”’N and 38°48'59°E (its center),
is located 54 km south of Asmara in Zoba Debub,
Eritrea, within the moist highlands agroecological
zone of Eritrea with 17.35°C mean monthly air
temperature, 549 mm average annual rainfall and

1462.44 mm yr’! potential evapotranspiration rate.
Greater Mendefera includes the Mendefera city and
surrounding villages. The government of Eritrea has
provided a master plan for the Greater Mendefera
20 years ago, and the city expanded through different
infrastructure projects. Mendefera city is the capital
for both Zoba Debub and Sub-Zoba Mendefera.
The settlers of the city are engaged in different
economic activities, trade, services, farming, and so
on. Mendefera, having favorable climatic conditions
and fertile black soils in its surroundings, is known
for its agricultural and dairy activities that produce
different cereals, peas, beans, vegetables, and dairy
products. Small-scale irrigated agriculture is com-
mon at the periphery and within the city. Many
nearby farming villages surround the city. The sur-
rounding area is highly populated because of its
fertile black soils (Figure 1).

1800N Eritrea

16°00'N

14°00N <

1200'N |

T T T
38°00°E | 4000E 42°00'E

Mendefera-Study Area

Relief of the Study Area

Legend

DEM

<VALUE>

[ J1931-1954
B 1954.1-1977
B 1 e771-2,000
B 2o001-2023
[ 20231-2048

Slope of the Study Area

Legend

Slope
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[ Jss-129
[ 120-172
B 7z-215

Figure 1. Location, DEM and slope of the study area
Source: made by T.E. Sereke
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1.2. Data and Methodologies

To examine LULC changes, three Landsat
images Combination-2 Level-2 of Landsat 8
OLI_TRI for 2022 and Landsat 7 ETM+ for the
year 2002 and 2012 with WRS Path 169, Row 050
were downloaded from United States Geological
Survey Earth Explorer. Composite Bands from
Landsat images were analyzed to classify LULC.
Thermal bands that are Band 6 for 2002 and 2012
and Band 10 for 2022 were extracted and analyzed
to calculate LST of the study area. NDVI was
calculated using Band 5 and Band 4 for Landsat 8,

whereas Bands 4 and 3 were used for Landsat 7.
Vector layer for the study area was extracted from
the country’s shape file that was obtained from
EMIC-Eritrean Mapping and Information Center.
In addition, ASTER-DEM was used to calculate
the slope and Digital Elevation Model. All the
spatial data were geo-referenced using UTM zone
37 N based on global WGS 84. All the images were
preprocessed, processed and analyzed using ENVI
5.3, ArcGIS 10.8.2 and QGIS 3.28. The overall
methodologies and procedures used in this study
are shown in the flowchart in Figure 2.

I
L

Satelliet Images

l

h

b

Landsat 7 v Landsat 8
(2002 & 2012) (2022)

Land Surface
Temperature (LST)

NDVI (Normalized Difference
Vegetation Index)

|

|

S

Landsat 7
(2002 &2012)

4[

Landsat & (2022) ]

Landsat 7 Landsat &

| -
J

(2002 & 2022) (2022)

|

[ Spectral Radiance ]

[

Spectral Radiance ]

a

r
SVM (Support
Vector Machine)
r

l

|

[Brightness Temperature ] [Brightness Temperature ]

Ancillary
Data

Creating Training
Samples

(" )

Training Support
Vector Machine

¥
Post Classification
Smoothing

[
[

)

A
Confusion Matrix

y

v

Proportion of
Vegetation (PV)

Emissivity

Y

v
Land Surface

LIRC Clmoes Temperature (LST)

—| )

[

Land Surface |
Temperature (LST) |
Y

Correlation
> Graph

h

.| Correlation
P Graph

Figure 2. Flowchart showing the methodologies
Source: madebyT.E. Sereke
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1.3. Land Use / Land Cover Classification
and Accuracy Assessment

LULC classification scheme proposed by
AfriCover was adopted [17], and four dominant
LULC classes were chosen in the study area: built-
up, agricultural, natural vegetation, and open areas.
The major LULC classes and their simplified ex-

planations for the study area are listed in Table. In
order to achieve high precision of LULC classi-
fication for the study area, composite bands with
ancillary data were utilized. SVM algorithm was
employed for LULC classification as it has many
advantages [7-10], and the overall accuracy and
kappa coefficient were culculated to assess the
LULC classification accuracy.

Major LULC classes in the study area and their simplified explanations

No. LULC Classes

Simplified Explanation

Built-up Areas

Industrial, commercial and public built-ups; transportation and others

Agricultural Areas

Any kind of rain-fed agriculture and irrigation

Natural Vegetation

Seasonal wetlands, artificial trees and natural bushes and trees

Eall I A

Open Area

An area left for fallow, grazing and other purposes

1.4. Land Surface Temperature Computation

Images for 2002, 2012, and 2022 were captured
on 29 September 2002; 24 September 2012; and 28
September 2022 respectively. All images were
captured in September to reduce variability.

LST for the year 2002 and 2012-Landsat 7.
For Landsat 7, LST was estimated using Thermal
Band 6. The following steps were used to convert
Band 6 of Landsat 7 from DN to LST:

1. Conversion of DN to Radiance [18]

LMAX, —LMIN,
L =( )
QCALMAX - QCALMIN

QCAL-QCAIMIN)+IMIN;, (1)

where Ly is Spectral radiance, QCAL is Quantized
Calibrated Pixel value in DN, LMAX, is Spectral
radiance scaled to QCALMAX in (Watts/
(m*xsrxum)), LMIN; is the spectral radiance scaled
to QCALMIN in (Watts/(m*xsrxpum)), QCALMIN
is the minimum quantized calibrated pixel value
(corresponding to LMIN;) in DN and QCALMAX
is the maximum quantized calibrated value (corre-
sponding to LMAX;) in DN.
2. Conversion of Radiance to BT [19]

— K onis, )

In(—+1
nC -+

'\

BT =

where BT is Brightness temperature, which is
effective at satellite temperature in Celsius, K>
is Calibration constant 2, K is Calibration con-
stant 1, and Ly is the spectral radiance in (Watts/
(m?xsrxpm) from (Equation 1).

1.5. Land surface temperature
for 2022—-Landsat 8

For Landsat 8, LST was estimated using
thermal Band 10. The following steps were used to
convert Band 10 of Landsat 8 from DN to Land
Surface Temperature (LST):

TOA (Top of Atmospheric) spectral radiance
was calculated using Equation 3 [19]

TOA(L)=M,-Q,,+A,, 3)

where M. refers to Band-specific multiplicative
rescaling factor from the metadata (RADIANCE
MULT _BAND x, where x is the band number),
Qca refers to quantized calibrated value and Ar
refers to Band-specific additive rescaling factor
from the metadata (RADIANCE _ADD BAND x,
where x is the band number).

The radiance values were converted into
brightness temperature. It was calculated using
Equation 4 [6]

T,=(K,/In(K,/L)+1)-273.15,  (4)
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where 75 is brightness temperature in Kelvin;
K1 refers to Band-specific thermal conversion
constant from the metadata (K1 CONSTANT
BAND_x, where x is the thermal band number), K>
refers to Band-specific thermal conversion constant
from the metadata (K2 CONSTANT BAND x,
where x is the thermal band number) and L refers
to TOA from (Equation 1).

The normalized difference vegetation index
(NDVI) was calculated using Equation 5[2; 5]

_ (NIR-RED)

NDVI = :
(NIR+RED)

)

where NIR and RED in Landsat 8 refer to the
surface reflectance values of Band 5 and Band 4
respectively.
Proportion of vegetation was calculated using
Equation 6 [2; 4]
)2

.

where Py is the proportion of vegetation, NDVI
refers to normalized difference vegetation index,
NDVlImnin refers to the minimum values of NDVI
and NDVImax refers to the maximum values of
NDVIL.

Land surface emissivity was calculated using
Equation 7 [2]:

NDVI-NDVI_
NDVI__ —NDVI_

(6)

e={mP, +n}, (7

where ¢ is the land surface emissivity; m and n
are the functions of soil emissivity and vegetat-
ion emissivity, respectively, for m = 0.004 and

n=0.986%[3]; and P, is the amount of vegetation
(Equation 4).

Land surface temperature was calculated using
Equation 8 [2; 4]

LST =T,/1+(\-Typ) Ine, (8)

where 75 — brightness temperature in Celsius;
A — is the central-band wavelength of emitted
radiance (10.895 um for Band 10 [2]; p is & X ¢/o
(1.438 x 102 m K), where o is the Boltzmann
constant (1.38 x 10-23 J/K), h is Planck’s constant
(6.626 x 10—34 Js), and c is the speed of light
(3.0 x 108 m/s!) [4]; ¢ is land-surface emissivity
estimated from (Equation 6) [2].

2. Results and Discussion

2.1. LULC Change Dynamics

The total study area was 2536 ha. In 2002,
the areal coverages for open, agricultural, natural
vegetation and built-up areas were 47.4, 28.3,
17.8, and 6.5%, respectively, whereas in 2022, they
were 35.7, 46.5, 4.0, and 13.9%, respectively
(Figure 3). The study noted remarkable LULC
changes between 2002 and 2022. Built-up and
agricultural areas increased by 186.8 ha (113.5%)
and 461.8 ha (64.4%) and while natural vegetation
and open areas decreased by 349.9 ha (77.6%) and
298.6 ha (24.8%), respectively (Figure 4). Natural
vegetation was cleared for agricultural and con-
struction activities, and open areas were converted
to agriculture and infrastructures owing to populat-
ion growth and urbanization. These findings are
supported by reports that built-up area increased
rapidly but vegetation area decreased [2; 11].

Area of Land Uses, ha, in 2002, 2012 and 2022

Built-up Area

Natural Vegetation

Agricultural Area

Open Area

0o 200 400

2022

600

800 1000 1200 1400

2012 =2002

Figure 3. Land uses and their area, ha, in 2002, 2012 and 2022
Source:madebyT. Tesfay
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LULC Changes, %, from 2002 to 2022

150

100

50

m2002-2012 =2012-2022

Op-ea I.a-etation
-50

Built-up Area

Agricultural Area

2002 - 2022

Figure 4. LULC changes, in 2002-2012, 2012-2022 and 2002-2022, %
Source: made by T. Tesfay

From 2002 to 2012, built-up, open, and agri-
cultural areas increased by 128.5ha (78.1%),
96.4 ha (8%) and 52.9 ha (7.4%), respectively, but
natural vegetation area decreased by 277.8 ha
(61.6%) (Figure 4). The high increase in build-up
and high decrease in vegetation areas indicates that
vegetation was cleared for construction purposes.
Since the loss in the natural vegetation was greater,
it is clear that vegetation was also cleared for
agricultural and energy purposes, as an energy crisis

Land Use Land Cover-2002

is common in the study area. From 2012 to 2022,
natural vegetation and open areas decreased by
72.1 ha (41.6%) and 395.0 ha (30.4%) while agri-
cultural and built-up areas increased by 408.9 ha
(53.1%) and 58.3 ha (19.9%), respectively (Figure 4).

The LULC classification was performed with
good accuracy and precision. The overall accuracy
and Kappa Coefficients for 2002, 2012 and 2022
were 89, 91 and 89%, and 0.84, 0.85 and 0.85,
respectively (Figure 5).

Land Use Land Cover-2012

LEGEND

Class

|| openares
- Natural Vegetation
|:| Built-Up Area
’—l Agricuhural Area

Figure 5. SVM classification of LULC map
Source:madebyT. E. Sereke
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2.2. Land Surface Temperature

The mean LST for the years 2002, 2012, and
2022 were 35.1, 30.2 and 31.8°C, respectively, and
the minimum and maximum ranges were 25.9—40,
2.2-39.6 and 23.7-38°C, respectively (Figure 6).
The mean LST decreased by 3.3°C from 2002
to 2022 in the study area. Decreased mean LST
was also reported by [9], but [2; 11; 12] reported
increased mean LST due to built-up area increase.
The overall mean LST in natural vegetation, agri-

cultural, open, and built-up areas were 29.7, 32.8,
32.9 and 35.0°C, respectively (Figure 7).

The built-up area recorded the highest mean
LST, indicating the urban heat island effect [11;
12]. Natural vegetation had the lowest mean LST,
which can be attributed to a cooling effect of
vegetation.

The regression analysis showed that there was
a negative correlation between NDVI and LST for
the three years with R? values of 0.3041, 0.1038, and
0.4978 for 2002, 2012, and 2022, respectively.

Land Surface Temperature-2002

LEGEND
LST_2002
<VALUE>
I 259 - 30.7
[ 308-33.1
[ J332-35
[ 35.1-36.8
B 359 -40

Land Surface Temperature-2012

LEGEND
LST_2012
<VALUE>

| PFET
[ 16.1-248
[ l2a9-287
[ 288 - 321
B 322-396

LEGEND
LST-2022
<VALUE>
I 237287
[ 288-3086
[ J307-323
[ 32.4-341
B 32-38

Where 0 — Open Area, ] — Natural Vegetation,
2 — Built-Up Area and 3 — Agricultural Area

Figure 6. Spatial distribution of LST with LULC for 2002, 2012 and 2022
Source:madebyT. E. Sereke

LST (°C) of Land Uses in 2002, 2012 and 2022

Built-up Area

Agricultural Area

Natural Vegetation

20,0 25,0 30,0 35,0 40,0

Mean =2022 =2012 =2002

Figure 7. LST °C of Land Uses in 2002, 2012 and 2022
Source: made by T. Tesfay
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Conclusion

The study employed remote sensing data and
GIS techniques to examine, analyze and process
the dynamics of LULC and evaluate their associated
impacts on LST in Greater Mendefera, Eritrea,
in 2002, 2012, and 2022. This study noted consider-
able LULC changes from 2002 to 2022 in the study
area. Between 2002 and 2022, built-up and agri-
cultural areas expanded by 113.5 and 64.4%, and
on the contrary, natural vegetation and open areas
shrank by 77.6 and 24.8%, respectively. The built-
up area recorded the highest mean LST (35°C),
whereas the natural vegetation area had the lowest
(29.7°C). The mean LST decreased by 3.3°C from
2002 to 2022 in the study area. This study could
help policy makers in planning sustainable urban
development to minimize urban heat island and
global warming effects.
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