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RESEARCH ARTICLE

Assessing the effects of Forest Cover Change on land surface temperature 
(LST) using remote sensing and geospatial analysis: a case study of Jimma city 
and it’s surroundings, southwest Ethiopia
Nigus Tekleselassie Tsegaye

Natural Forest and Climate Change Research, Jimma Center, Ethiopian Forestry Development, Jimma, Ethiopia

ABSTRACT
Urbanization and land use land cover (LULC) change significantly influence local climate 
patterns, particularly land surface temperature (LST). This study investigates the spatial and 
temporal impact of land use and land cover (LULC) changes on land surface temperature (LST) 
in Jimma city and its surrounding areas from 1987 to 2019 using geospatial and statistical 
techniques. By employing an explanatory sequential mixed-methods research design, this 
research integrates multi-temporal satellite imagery analysis with qualitative data from key 
informant interviews. The novelty of this study lies in its comprehensive approach, combining 
the Normalized Difference Vegetation Index (NDVI), Normalized Difference Built-up Index 
(NDBI), and multi-temporal LST regression modeling to assess the relationship between LULC 
types and LST. The findings revealed a significant increase in settlement and agricultural land 
from 4.40% and 54.58% in 1987 to 12.27% and 62.40% in 2019, respectively, with 
a corresponding decrease in forest cover, shrubland, and wetland areas. The mean land surface 
temperatures soared from 20.53°C and 19.59°C to 26.79°C and 25.82°C from 1987 to 2019 in 
settlement and agricultural land. A strong negative correlation was observed between LST and 
NDVI, while a strong positive correlation was found between LST and NDBI indicate highly 
statistically significant (ρ = 0.000). These results highlight the profound impact of urbanization 
on the local climate and provide crucial insights for sustainable urban planning and environ
mental management in rapidly growing cities like Jimma.
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1. Introduction

The Earth’s surface has been significantly altered by 
human activities over thousands of years (Veldkamp & 
Lambin, 2001). This transformation is particularly accel
erated by high population pressure, migration, and rapid 
socioeconomic development (Negassa et al., 2020; 
Tsegaye et al., 2023; Zengin et al., 2018). These changes, 
which have been observed at various spatial scales from 
local to global (Mahmood et al., 2010), are largely driven 
by the expansion of agriculture and human settlements, 
leading to a reduction in natural vegetation cover. The 
consequence of this is a rise in atmospheric carbon diox
ide concentrations, which in turn affects the surface 
energy budget and contributes to climate change at 
local, regional, and global levels climate (Lilly & 
Devadas, 2009).

Urbanization, fueled by population growth and 
rural-to-urban migration, is a primary driver of 
LULC changes, especially in developing countries 
(Coskun et al., 2008). Africa and Asia are at the fore
front of this rapid urbanization (UN-HABITAT [UN],  
2010). For instance, between 2010 and 2015, Africa’s 

urban population was projected to increase by 56%, 
with an annual growth rate of 1.1% (UN, 2014). 
Ethiopia, in particular, is experiencing a significant 
urban transition, with its urban population expected 
to rise from 19% in 2014 to 38% by 2050. The coun
try’s urban growth rate was recorded at 2.3% between 
2010 and 2015 (UN, 2014).

This increasing urbanization has led to a host of eco- 
environmental problems, including shifts in land use 
and a rise in LST (Sahoo, 2013). The conversion of 
natural landscapes into non-evaporating surfaces, 
a common feature of urban growth, has been directly 
linked to increased surface temperatures (Sahana et al.,  
2016). This phenomenon is a result of rapid land cover 
changes that alter solar radiation absorption, evapora
tion rates, surface thermal storage, and wind patterns 
(Polydoros et al., 2018). The exploitation of the natural 
environment through urban expansion has a significant 
influence on the urban microclimate, with one of the 
most notable effects being the increase in LST (Igun & 
Williams, 2018).

The relationship between LULC and LST has 
been extensively studied, as different land cover 
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types absorb and emit energy differently (Gemeda 
et al., 2024; Pongratz et al., 2010). Research has 
consistently shown an inverse relationship between 
vegetation cover and LST in urban areas (Liu & 
Zhang, 2011). For example, a study in Guangzhou, 
China, found that a decrease in vegetation due to 
urban expansion led to an overall LST increase of 
2.48°C between 1990 and 2007 (Hu & Jia, 2010). 
Similarly, a study in Bahir Dar, Ethiopia, revealed 
that the conversion of LULC to urban landscapes 
resulted in an 8.08°C increase in LST between 1987 
and 2017 (Balew, 2018).

Vegetation plays a crucial role in mitigating 
urban heat island effects (Ali-Toudert & Mayer,  
2007; Chen et al., 2013; Onishi et al., 2010; 
Zhibin et al., 2015). However, accurately identify
ing and integrating green spaces into existing built- 
up areas remains a challenge (Rotem-Mindali et al.,  
2015). Therefore, it is essential to monitor LULC 
dynamics and analyze their impact on LST to sup
port sustainable urban planning and mitigate the 
effects of climate change. This study aims to use 
geospatial technologies to assess the impact of 
changing forest cover on LST in Jimma city and 
its surroundings between 1987 and 2019. The spe
cific objectives are as follows: To analyze the rela
tionship between LST and LULC change, To 
examine the temporal and spatial changes in LST 
as a function of LULC changes, and To examine 
the effects of LULC changes on the research area’s 

LST. This study also hypothesizes that there is 
a significant association between forest cover 
change and LST, and that NDVI and NDBI have 
a significant effect on LST in the study area.

2. Materials and methods

2.1. Description of the study area

One of Ethiopia’s most ancient and historic cities, 
Jimma City and its environs, are included in the 
research area. It lies 356 kilometers southwest of 
Addis Ababa in the Jimma zone of the Oromia 
National Regional State (Figure 1). The research 
area’s coordinates are 7º 38’0“N to 7º 46’ 0“N latitude 
and 36º 42’0”E to 36º 54’ 0“E longitude. The entire size 
of the research area is 24,915.13 ha, of which the 
terrestrial portion is approximately 14,281.13 ha, and 
the Jimma city area is 10,634 ha.

The research area is situated between a high 
point in the west and east at 2581 m amsl and 
a low point in the south at 1676 m. The western 
Oromia region meteorological center (WORMC) 
has collected rainfall data spanning thirty-two 
years, showing that the mean annual rainfall ran
ged from 913.3 mm to 2935.58 mm from 1987 to 
2019. The mean annual rainfall fluctuated 
from year to year during the course of the 32- 
year research period, largely due to variations in 
the climate and meteorological conditions. Even 

Figure 1. Locational map of the study area.
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though Jimma City and the surrounding area 
receive almost all of their precipitation year- 
round, the year with the highest annual rainfall 
was 1996, while the year with the lowest annual 
rainfall was 2018. The majority of the study area 
has an agroclimatic type of woina dega, which 
makes up around 47% of the total area; the 
remaining 35%, 35%, and 18% are in the kola and 
dega zones, respectively (Western Oromia region 
Meteorology Center [WORMC], 2019). The 
research region has an average yearly temperature 
of 12°C to 29°C and an average daily temperature 
of 19.5°C. In the studied region, the lowest mean 
annual temperature of 13.7°C was observed in 2007 
and the highest mean annual temperature of 
26.26°C was recorded in 2003 (WORMC, 2019).

According to FAO (2006) classification, there are 
six main soil classes in the research area. The percen
tages of each are as follows: eutric fluvisols (26.8%), 
chromic vertisols (3.6%), orthicacrisols (1.3%), dystric 
nitisols (10.3%), and dystric nitisols (56.9%). About 
1.1%. Higher elevations often have reddish-brown, 

shallow soils, whereas lower elevations tend to have 
gray, deep soils.

2.2. Design of the study

This study employed an explanatory sequential 
mixed-methods research design. This approach inte
grates quantitative analysis of multi-temporal satellite 
imagery with qualitative data from key informant 
interviews and ground-truthing to provide 
a comprehensive understanding of the LULC-LST 
relationship.

The method employed in this investigation is 
shown in the flow chart (Figure 2). The novelty of 
this study lies in the synergistic use of NDVI, NDBI, 
and multi-temporal LST regression modeling to eval
uate the microclimatic shifts resulting from urbaniza
tion. This combination, along with multiple linear 
regression and spatial correlation analyses, offers 
a robust inferential framework for understanding the 
complex interactions between LULC and LST over 
time. A causal research design was also utilized to 

Figure 2. Methodological flow chart.
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establish a cause-and-effect relationship between the 
variables.

2.3. Data sources and collection

This research utilized both primary and secondary 
data.

● Primary Data: Unstructured key informant 
interviews were conducted with nine elders 
from sampled villages to understand the under
lying causes of forest cover change and its impact 
on urban temperature. Field surveys using 
a Global Positioning System (GPS) were also 
carried out to collect ground truth data for 
LULC classification and accuracy measurement.

● Secondary Data: Landsat images from 1987 
(TM), 2003 (ETM+), and 2019 (OLI/TIRS) were 
obtained from the United States Geological 
Survey (USGS) database (Table 1). These images 
were selected for their cloud-free and haze-free 
conditions. Meteorological data, including tem
perature and rainfall, were acquired from the 
Western Oromia Region Meteorology Center to 
characterize the climate of the study area.

2.4. Meteorology data

The Western Oromia region Meteorology Center pro
vided meteorological data like temperature and rain
fall. The climate of the study area throughout the study 
periods was described using temperature and rainfall 
data.

2.5. Materials and tools

For image digitization, split and merge polygons, 
zonal statistics, reclassification, LST mapping, and 
NDVI and NDBI mapping, Arc GIS 10.4.1 software 
was utilized. Multi-temporal satellite images were pro
cessed using the ERDAS IMAGINE 2015 software, 
which also performed image enhancement, correction, 
and processing (classification for LULC mapping and 
change calculation, LST calculation, and NDVI and 
NDBI creation). The LST, NDVI, and NDBI correla
tion data were produced using SPSS software.

2.6. Methods of data collection

2.6.1. Remote sensing data
The USGS database provided the Landsat images. 
The Landsat thematic mapper (TM), enhanced the
matic mapper (ETM+), and Landsat operational land 
imager (OLI) are the three sets of remotely sensed 
data used in this study. The Thermal Infrared Sensor 
(TIRS) images (with path/row 169/55) were acquired 
in January 20 February 198703, and January 2019 
because these months were comparatively clear of 
clouds and haze. Owing to issues with data avail
ability and MSS sensor resolution, the study period 
was limited to 1987 to 2019. Thus, the years 1987, 
2003, and 2019 were selected for analysis with 16  
years intervals. Detailed descriptions of Landsat 
datasets that were used for the study area are given 
in Table 1.

2.6.2. Ground truth data
Various LULC classes were validated in the research 
area through a ground truth activity conducted using 
a stratified random sample approach. From greatest to 
smallest, the observed LULC rated the following fea
tures: water body, shrub land, settlement, agriculture, 
forest cover, and wetland. These LULC classes were 
used to create the map legends, and GPS was used to 
gather the training set of images for image classifica
tion. Furthermore, ground truth data were used to 
assess accuracy.

2.7. Data analysis

2.7.1. Image preprocessing
The satellite images were preprocessed, which 
included layer stacking and resampling of thermal 
bands to a 30 m resolution to match other spectral 
bands.

2.7.2. LULC classification and accuracy assessment
A supervised maximum likelihood classification 
method was used to classify the Landsat images into 
six LULC classes: agricultural land, forest cover, set
tlement, shrubland, wetland, and water body. The 
accuracy of the classification was assessed using 
a confusion matrix and (Eq. 1), with overall accuracies 
of 81.90% for 1987, 83.81% for 2003, and 89.14% for 
2019. The Kappa coefficients (Eq. 2) for the same years 

Table 1. Description of data and their sources.
Satellite Sensors Path & row Resolution (m) Acquisitions date Source of data

Landsat TM 169–055 30 01/31/1987 USGS
ETM+ 169–055 30 02/20/2003 “
OLI 169–055 30 01/23/2019 “

Thermal Infrared (band 10) TIRS 169–055 100 01/23/2019 “
Thermal Infrared (band 11) TIRS 169–055 100 01/23/2019 “
DEM 12.5 (m) 2019 ASF
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were 0.7829, 0.8057, and 0.8643, respectively, indicat
ing a high level of agreement (Table 2).

2.8. Change detection

To analyze how the total area of LULC changed from 
1987 to 2019, the initial and final LULC area coverage 
were computed following Garai and Narayana (2018) 
as indicated in Eq.3. 

2.9. Multispectral radiometric correction

LST was calculated from the thermal bands of the 
Landsat images. The conversion of digital number 
(DN) values to spectral radiance (Eq.4) was utilized 
the USGS formula (2019) and spectral radiance of TM, 
ETM+, and OLI images was converted into radiance 
using the equation (NASA, 2000). 

Where; Lλ = Spectral radiance (W/(m2 * sr * μm)); 
Mλ = Radiance multiplicative scaling factor for the 
band (RADIANCE_MULT_BAND_N from the meta
data); AL = Radiance additive scaling factor for the 
band (RADIANCE_ADD_BAND_N from the meta
data); Qcal = Level 1 pixel value in DN. 

Where: Lλ = Spectral radiance received by the sensor 
(W/(m2 * sr * μm))

QCAL = the quantized calibrated pixel value in DN
LMINλ = the spectral radiance that is scaled to 
QCALMIN (W/(m2 * sr * μm))
LMAXλ = the spectral radiance that is scaled to 
QCALMAX (W/(m2 * sr * μm))
QCALMIN = the minimum quantized calibrated 
pixel value (corresponding to LMINλ in DN which 
is 1
QCALMAX = the maximum quantized calibrated 
pixel value (corresponding to LMAXλ in DN 
which is 255

After spectral radiance was converted to radiance, the 
raw digital numbers of the thermal bands are con
verted to at-satellite brightness temperatures, which 
were converted from Kelvin (K) to Celsius (°C) by 
subtracting 273.15. 

Where; BT = effective at-sensor brightness tempera
ture in Kelvin

K1 = calibration constant 1 (W/(m2 * sr * μm)) 
(Table 3)
K2 = calibration constant 2 (W/(m2 * sr * μm)) 
(Table 3)
Lλ = spectral radiance at the sensor’s aperture (W/ 
(m2 * sr * μm))
ln = natural logarithm

To estimate LST the land surface emissivity (LSE (ε)) 
must be known because LSE is a proportional factor 
that scales blackbody radiance to predict emitted radi
ance. Though to estimate the emissivity from satellite 

Table 2. Confusion matrix of the year 2019 LULC supervised classification.

Class name

1987 2003 2019

Producers Accuracy Users Accuracy Producers Accuracy Users Accuracy Producers Accuracy Users Accuracy

FC 85.71% 96.77% 97.14% 94.44% 91.43% 96.97%
SET 71.43% 96.15% 94.29% 89.19% 88.57% 96.88%
SH 82.86% 61.70% 82.86% 96.67% 85.71% 90.91%
AG 91.43% 80.00% 91.43% 74.42% 91.43% 80.00%
WB 62.86% 95.65% 51.43% 94.74% 0 0
WE 97.14% 79.07% 85.71% 66.67% 88.57% 83.78%
Overall 

Accuracy
81.90% 83.81% 89.14%

(K^) 0.7829 0.8057 0.8643

Where: FC = Forest cover, SET = Settlement, SH = Shrub land, AG = Agriculture, WB = Water body and WE = Wetland.

Table 3. Thermal constants of Landsat images.
Satellite sensors Categories Band 6 Band 10 Band 11

Landsat 5 TM K1 607.76
K2 1260.56

Landsat 7 ETM+ K1 666.09
K2 1282.71

Landsat 8 OLI/TIRS K1 774.8853 480.8883
K2 1321.0789 1201.1442
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thermal band data the NDVI threshold method was 
used in this study. Land surface emissivity was calcu
lated via the following formula.

Where εv and εs are the vegetation and soil emissivity, 
respectively, F = 0.55 shapefactor considering different 
geometrical distributions, thefractional vegetation, F, 
was determined using the following equation (Meijun 
et al., 2015). 

NDVI and NDBI were calculated using their 
respective standard formulas to analyze vegetation 
health and built-up areas. These indices have been 
computed using the following equations. 

2.9.1. Statistical analysis
Pearson’s correlation coefficients were calculated to 
determine the relationship between LST and LULC 
indices. A multiple linear regression model was 

developed using SPSS to predict LST based on 
NDVI and NDBI values. ANOVA and t-tests were 
used to assess the statistical significance of the 
relationships.

3. Results and discussions

3.1. LULC changes (1987–2019)

An analysis of the land use and land cover (LULC) 
changes in the Jimma city and its surroundings from 
1987 to 2019 reveals a significant transformation of 
the landscape, primarily driven by the expansion of 
agricultural land and human settlements. Agricultural 
land (AG) has remained the dominant land cover class 
throughout the three decades, expanding from 
13,597.6 ha (54.58%) in 1987 to 15,836.1 ha (63.56%) 
in 2003, then slightly declining to 15,546.44 ha 
(62.40%) by 2019. This fluctuation suggests a long- 
term intensification of agriculture likely driven by 
population growth and increased land demand, in 
line with findings from Tekle and Hedlund (2000) 
who observed agricultural expansion as a primary dri
ver of LULC change in Ethiopian highlands these 
findings also supported by KII. Forest cover (FC) 
experienced a marked decline from 5,087.52 ha 
(20.42%) in 1987 to 3,293.54 ha (13.22%) in 2003 due 
to deforestation, but slightly recovered to 3,858.23 ha 

Figure 3. LULC map of the study area in 1987, 2003, and 2019.
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(15.49%) in 2019, possibly due to afforestation initia
tives or natural regeneration (Figure 3 and Table 4). 
This aligns with the study by Gashaw et al. (2014), 
which documented forest cover recovery following 
community-based conservation.

Settlement areas (SET) show a clear upward trajec
tory, increasing from 1,096.87 ha (4.40%) to 
3,057.09 ha (12.27%) over the 32-year period, indicat
ing urban expansion and rural population pressure, 
a trend similarly observed in other parts of southwes
tern Ethiopia (Meshesha et al., 2012). A study by 
Wubet et al. (2017) on the rapidly urbanizing city of 
Hawassa showed a similar trend of built-up areas 
expanding into surrounding agricultural and vege
tated lands. Shrubland (SH) and wetlands (WE) have 
significantly declined, reflecting land conversion and 
degradation common in areas facing unregulated agri
cultural expansion and settlement (Figure 3 and 
Table 4). The complete disappearance of water bodies 
(WB) from 0.12% in 1987 to 0% in 2019 points to 
environmental stress, potentially exacerbated by cli
mate variability or human-induced drying. Overall, 
this LULC transformation suggests a rapid anthropo
genic reshaping of the landscape, mirroring national 
patterns of land degradation and socio-environmental 
shifts.

In general, a shift in the LULC types throughout the 
course of the three research periods is revealed by the 
trend analysis of the study area (Table 4). Between 
1987 and 2019, the settlement saw the most positive 
change (64.12%), whereas shrub land had the greatest 
negative change (128.61%). From 1987 to 2019, the 
settlement land grew, covering an area of 1096.87 ha 
(4.40%) in 1987 and 1881.04 ha (7.55%) in 2003. This 
land cover class expanded to 3057.09 ha (12.27%) in 
2019 after 16 years. The study conducted by (Dube,  
2013) also found comparable results with increased 
settlement areas due to rapid, unstructured, and 
unplanned development. The increasing trends are 
also observed in agricultural land. However, the 
shrub land and forest cover that occupies over 
3714.69 ha (14.91%) and 5087.52 ha (20.426%) in 
1987, respectively, decreased to 1624.88 ha (6.52%) 
and 3858.23 ha (15.49%) in 2019, respectively.

From the KII, due to growing land demand for 
house construction and arable land resulting from 
(rapid population increase, density, and internal 

migration), urbanization, and an unchecked reaction 
by the government, shrub land and forest cover have 
been deteriorating this finding was supported by 
(Deribew & Dalacho, 2019), which enhances the pro
blem of informal house constructions. These findings 
are supported by (Abebe et al., 2019), who reported 
living in informal urban settings, which is the result of 
either a housing shortage or a population living in 
subpar housing. The water body was found to have 
declined from 28.8 ha (0.12%) in 1987 to 16.56 ha 
(0.07%) in 2003. This declining tendency persisted 
throughout the research period, and by 2019, the 
water body had shrunk to 0 ha (0%). From 1987 to 
2019, the wetland in the research region likewise 
demonstrates a declining tendency, with a total area 
of 1389.65 ha (5.58%) in 1987 and 828.49 ha (3.33%) in 
2019. The reason for the declining tendency in both 
wetland and aquatic bodies is that silt from farms, 
sludge from municipal infrastructure, and dwellings 
all contributed to the deposition of sediment in these 
areas. In line with the study’s findings, Abrha et al. 
(2015) also found that Jimma City’s declining water 
bodies and wetland between 1984 and 2007 corre
sponded to the severe effects of the city’s growing 
demand for residential and institutional building con
struction areas.

3.2. Land use land cover change matrix

To acquire changes of the six LULC classes over the 
study period (1987–2019), the change matrix was con
ducted through cross-tabulation to investigate the 
trend, net change, and percent change between 1987 
and 2003, 2003 and 2019, and for the overall study 
period 1987 and 2019.

Table 5 provides an overview of the significant land 
use and land cover changes (LULC) that have 
occurred in the study region between 1987 and 2003. 
The table’s diagonal displays the LULC proportions 
that did not change between 1987 and 2003; this total 
area of 19,130.5 ha corresponds to 76.78% of the study 
area. According to the table, in 1987 the forest cover 
was replaced by agricultural land, shrub land, and 
habitation by 2003. The majority of the change in the 
forest cover resulting from the growth of agricultural 
land occurred in shrub land (12.70%) and 22.05%. On 
the other hand, in 2003, shrub land gave way to 0.99% 

Table 4. LULC classes and their area coverage in the three periods.

LULC classes
1987 2003 2019 Net-Change 

1987–2019%)ha % ha % ha %

FC 5087.52 20.42 3293.54 13.22 3858.23 15.49 −31.86
SET 1096.87 4.40 1881.04 7.55 3057.09 12.27 64.12
SH 3714.69 14.91 2615.4 10.50 1624.88 6.52 −128.61
AG 13597.6 54.58 15836.1 63.56 15546.44 62.40 12.54
WB 28.8 0.12 16.56 0.07 0 0.00 0.00
WE 1389.65 5.58 1272.49 5.11 828.49 3.33 −67.73
Total 24915.13 24915.13 24915.13

Where: FC= Forest cover, SET= Settlement, SH= Shrub land, AG= Agriculture, WB= Water body and WE= Wetland.
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more forest cover. Shrub land also changed to agricul
tural land, wetland, and settlement in 2003. 
Furthermore, the water body was transformed into 
wetland, agriculture, shrub land, and settlement. 
Similarly, the wetland was changed to agriculture, 
shrub land, and settlement in 2003. Details about the 
LULC transformation matrix from 1987 to 2003 are 
illustrated in Table 5.

As Table 6 shows, from the total area of forest cover 
in 2003, 785.01 ha (23.83%), 254.32 ha (7.72%), and 
48.24 ha (1.46%) were converted to agriculture, shrub 
land, and settlement in 2019, respectively. On con
trary, forest cover was gained from shrub land 
845.79 ha and agricultural land 804.97 ha in 2019. 
During 2003–2019, shrub land was also converted 
into agriculture and settlement. The conversion of 
agricultural land to other LULC classes such as settle
ment (6.38%), shrub land (4.32%), and wetland 
(2.44%) after sixteen years. Water body also changed 
into wetland (55.31%), agriculture (42.81%), shrub 
land (1.03%), and settlement (0.87%) in the year 
2019. Similarly, the wetland was transformed into 

agriculture, shrub land, and settlement. Table 9 pre
sents the detailed information of LULC transforma
tion from 2003 to 2019.

The analysis of the land use and land cover 
(LULC) change matrix for Jimma city and its sur
roundings from 1987 to 2019 reveals a dynamic 
and complex pattern of land transformation, pri
marily characterized by the expansion of agricul
ture and settlements at the expense of natural 
vegetation and wetlands (Table 7). A significant 
portion of the forest cover that existed in 1987 
was lost, with 39.15% (1991.54 ha) being converted 
to agricultural land and 9.11% (463.46 ha) to 
shrubland, indicating severe deforestation pressure 
likely due to the demand for farmland. This find
ing is consistent with research by Gessesse and 
Kleman (2007) in the Kalu District of southern 
Wello, Ethiopia, which also documented the con
version of forests to farmland as a major LULC 
transition. Similarly, shrubland was heavily con
verted, with 64.85% (2409.1 ha) transitioning to 
agricultural land, indicating a strong pressure for 

Table 5. LULC changes matrix of the Jimma city and its surrounding from 1987 to 2003 (ha).
LULC of 2003

LULC of 1987 LULC Class FC SET SH AG WB WE class total

ha % ha % ha % ha % ha % ha % ha %

FC 3199.06 62.88 120.29 2.36 646.05 12.70 1121.75 22.05 0 0.00 0.37 0.01 5087.52 100
SET 0.64 0.06 1030.32 93.93 21.37 1.95 44.54 4.06 0 0.00 0 0.00 1096.87 100
SH 36.81 0.99 133.77 3.60 1766.1 47.54 1595.87 42.96 0 0.00 182.14 4.90 3714.69 100
AG 51.94 0.38 582.04 4.28 94.09 0.69 12452.92 91.58 0 0.00 416.61 3.06 13597.6 100
WB 0 0.00 0.45 1.56 0.54 1.88 3.42 11.88 16.56 57.50 7.83 27.19 28.8 100
WE 5.09 0.37 14.17 1.02 87.25 6.28 617.6 44.44 0 0.00 665.54 47.89 1389.65 100
class total 3293.54 13.22 1881.04 7.55 2615.4 10.50 15836.1 63.56 16.56 0.07 1272.49 5.11 24915.13 100

Where: FC= Forest cover, SET= Settlement, SH= Shrub land, AG= Agriculture, WB= Water body and WE= Wetland.

Table 6. LULC changes matrix of the Jimma city and its surrounding from 2003 to 2019 (ha).
LULC of 2019

LULC of 2003 LULC Class FC SET SH AG WB WE class total

ha % ha % ha % ha % ha % ha % ha %

FC 2205.94 66.98 48.24 1.46 254.32 7.72 785.01 23.83 0 0.00 0.03 0.00 3293.54 100
SET 1.5 0.08 1831.21 97.35 9.32 0.50 39.01 2.07 0 0.00 0 0.00 1881.04 100
SH 845.79 32.34 113.41 4.34 568.79 21.75 1081.9 41.37 0 0.00 5.51 0.21 2615.4 100
AG 804.97 5.08 1010.27 6.38 683.84 4.32 12950.89 81.78 0 0.00 386.13 2.44 15836.1 100
WB 0 0.00 0.14 0.85 0.17 1.03 7.09 42.81 0 0.00 9.16 55.31 16.56 100
WE 0.03 0.00 53.82 4.23 108.44 8.52 682.54 53.64 0 0.00 427.66 33.61 1272.49 100
class total 3858.23 15.49 3057.09 12.27 1624.88 6.52 15546.44 62.40 0 0.00 828.49 3.33 24915.13 100

Where: FC= Forest cover, SET= Settlement, SH= Shrub land, AG= Agriculture, WB= Water body and WE= Wetland.

Table 7. LULC changes matrix of the Jimma city and its surrounding from 1987 to 2019 (ha).
LULC of 2019

LULC of 1987 LULC Class FC SET SH AG WB WE class total

ha % ha % ha % ha % ha % ha % ha %

FC 2453.73 48.23 178.16 3.50 463.46 9.11 1991.54 39.15 0 0.00 0.63 0.01 5087.52 100
SET 7.5 0.68 1065.25 97.12 6.45 0.59 17.67 1.61 0 0.00 0 0.00 1096.87 100
SH 515.84 13.89 258.49 6.96 455.72 12.27 2409.1 64.85 0 0.00 75.54 2.03 3714.69 100
AG 874.51 6.43 1474.79 10.85 674.95 4.96 10479.11 77.07 0 0.00 94.24 0.69 13597.6 100
WB 0 0.00 0.14 0.49 0.59 2.05 12.37 42.95 0 0.00 15.7 54.51 28.8 100
WE 6.95 0.50 80.26 5.78 23.71 1.71 636.35 45.79 0 0.00 642.38 46.23 1389.65 100
class total 3858.53 15.49 3057.09 12.27 1624.88 6.52 15546.14 62.4 0 0.00 828.49 3.33 24915.13 100

Where: FC= Forest cover, SET= Settlement, SH= Shrub land, AG= Agriculture, WB= Water body and WE= Wetland.
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agricultural expansion. The growth of settlements 
was largely fueled by the conversion of agricultural 
land, with 10.85% (1474.79 ha) of the 1987 agricul
tural area becoming settlements by 2019. This 
trend of agricultural land being a primary source 
for urban expansion is a well-documented phe
nomenon in many developing countries, as noted 
by Seto et al. (2012) in their global analysis of 
urbanization. The matrix also shows that 
a significant portion of wetlands and water bodies 
were converted to agricultural land, with 45.79% 
(636.35 ha) of wetlands and 42.95% (12.37 ha) of 
water bodies becoming agricultural land. This 
highlights the vulnerability of these ecosystems to 
agricultural encroachment, a concern also raised by 
Tulu et al. (2020) in their study of the Finchaa 
catchment in western Ethiopia. The intricate web 
of transitions depicted in the matrix underscores 
the multifaceted drivers of LULC change in the 
region, reflecting a landscape under intense pres
sure from both agricultural and urban 
development.

3.3. Normalized difference vegetation index

Table 8 shows that the Normalized Difference 
Vegetation Index (NDVI) across different land use 
and land cover (LULC) classes in the Jimma area 
from 1987 to 2019 indicates a general decline in vege
tation cover and health, which matches the observed 
LULC changes. In 1987, the highest mean NDVI 
values were recorded for wetlands (0.40) and forest 
cover (0.39), reflecting dense and healthy vegetation in 
these areas. However, by 2019, the mean NDVI for 
both classes had decreased to 0.32 and 0.29, respec
tively. This drop in NDVI for forest and wetland areas 
strongly signals degradation and vegetation loss, 
a finding consistent with studies in other parts of 
Ethiopia, such as the research by Tadesse et al. 
(2017) in the Munessa-Shashemene landscape, which 
also connected deforestation to a significant decrease 
in NDVI.

The mean NDVI for settlement areas remained 
consistently low, declining from 0.21 in 1987 to 
0.18 in 2019, and recorded negative minimum 
values in all three years, a pattern characteristic of 
built-up and non-vegetated surfaces. Similarly, 

water bodies exhibited negative mean NDVI values 
in 1987 and 2003, which is expected given that 
water strongly absorbs near-infrared radiation. 
Agricultural land showed marked fluctuations, 
with a mean NDVI of 0.24 in 1987, a sharp decline 
to 0.01 in 2003, followed by a recovery to 0.26 in 
2019. These fluctuations can be explained by 
changes in cropping patterns, fallow periods, and 
land management practices, a phenomenon also 
documented by Gebrehiwot et al. (2014) in the 
Tigray highlands of Ethiopia. Overall, the declining 
NDVI trend observed across most natural and 
semi-natural LULC classes highlights increasing 
pressure on vegetation resources in the Jimma 
area, primarily driven by the expansion of agricul
ture and settlements (Figure 4).

3.4. Normalized difference built-up index

High NDBI values were concentrated around agri
cultural land and within the urban area of Jimma. 
Built-up areas and bare land reflect more SWIR than 
NIR, whereas green surfaces reflect more NIR than 
SWIR (Zha et al., 2003). Thus, lower NDBI values 
indicate vegetation, while higher values correspond 
to settlements and agricultural areas. Supporting 
these findings, Xiong et al. (2012) reported that 
high-temperature anomalies are closely associated 
with built-up land, densely populated areas, and 
heavily industrialized zones. Figure 5 shows that 
NDBI values increased significantly around Jimma 
city.

High NDBI values were concentrated around agri
cultural land and in the city area of Jimma. The build- 
up areas and bare land reflect more SWIR than NIR. 
In the case of a green surface, a reflection of NIR is 
higher than the SWIR spectrum (Zha et al., 2003). 
Hence, the lower value of NDBI represents vegetation, 
whereas the higher value represents settlement and 
agricultural areas. In agreement with the findings of 
this research, a study conducted by Xiong et al. (2012) 
found that high-temperature anomalies are closely 
associated with built-up land, densely populated 
zones, and heavily industrialized districts. Figure 5 
indicates that the NDBI values were increased around 
Jimma city.

Table 8. Normalized difference vegetation index results in 1987, 2003, and 2019.
1987 2003 2019

Class Name Min Max Mean NDVI STD Min Max Mean NDVI STD Min Max Mean NDVI STD

FC 0.13 0.61 0.39 0.05 0.09 0.48 0.32 0.05 0.01 0.52 0.29 0.06
SET −0.07 0.46 0.21 0.07 −0.32 0.30 0.00 0.10 −0.42 0.40 0.18 0.06
SH 0.26 0.42 0.33 0.03 −0.01 0.37 0.16 0.06 0.10 0.44 0.30 0.04
AG 0.01 0.45 0.24 0.05 −0.33 0.36 0.01 0.09 −0.03 0.45 0.26 0.05
WB −0.22 0.14 −0.08 0.09 −0.04 0.10 −0.12 0.12 0.00 0.00 0.00 0.00
WE 0.28 0.59 0.40 0.05 0.12 0.38 0.23 0.04 0.05 0.47 0.32 0.05

Where: FC= Forest cover, SET= Settlement, SH= Shrub land, AG= Agriculture, WB= Water body, WE= Wetland, MIN = Minimum, MAX = Maximum, STD = 
Standard deviation.
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3.5. The relationship of LST and LULC

The linear regression analysis between Land Surface 
Temperature (LST) and the Normalized Difference 
Vegetation Index (NDVI) for different land use and 
land cover (LULC) classes in the Jimma area from 
1987 to 2019 consistently revealed a negative relation
ship. This indicates that as vegetation cover increases 
(higher NDVI), LST tends to decrease. The inverse 

relationship is evident from the negative coefficients 
of NDVI in all regression equations across the study 
years.

The strength of this relationship, however, varies 
considerably among the different LULC classes. For 
forest cover, the relationship is particularly strong, 
with R2 values of 0.8919 in 1987 and 0.8043 in 2019, 
suggesting that NDVI is a highly reliable predictor of 
LST in forested areas. This strong negative correlation 
has also been widely documented in other studies, 
such as Haas and M (2020), who found a similar cool
ing effect of forest canopies in temperate forests in 
Germany.

In contrast, the relationship between LST and 
NDVI is much weaker in settlement areas, with R2 

values of 0.0001 in 1987 and 0.335 in 2019 (Table 9). 
This weak correlation is expected, as LST in urban 
environments is influenced by multiple factors beyond 
vegetation cover, including building materials, urban 
geometry, and anthropogenic heat emissions. Similar 
findings were reported by Imhoff et al. (2010) in their 
study of urban heat islands in the United States.

For agricultural land, the relationship between LST 
and NDVI is also negative but with varying strength 
across the years. This variability can be attributed to 
the dynamic nature of agricultural landscapes, where 

Figure 4. NDVI map of Jimma city and its surroundings in 1987, 2003 & 2019.

Table 9. Linear regression equations between LST and LULC.
years LULC Regression R2

1987 FC LST = −7.3477x NDVI + 16.723 0.8919
SET LST = −0.2627x NDVI + 19.582 0.0001
SH LST = −13.858x NDVI + 23.007 0.1554
AG LST = −7.2137x NDVI + 22.259 0.0414
WB LST = −3.8903x NDVI + 15.705 0.0103
WE LST = −6.4279x NDVI + 21.188 0.0119

2003 FC LST = −12.523x NDVI + 27.05 0.3129
SET LST = −1.6249x NDVI + 22.533 0.0049
SH LST = −12.685x NDVI + 28.318 0.2894
AG LST = −12.917x NDVI + 27.231 0.1941
WB LST = −1.3986x NDVI + 20.666 0.0256
WE LST = −13.969x NDVI + 27.883 0.1837

2019 FC LST = −25.305x NDVI + 33.041 0.8043
SET LST = −20.946x NDVI + 30.51 0.335
SH LST = −20.519x NDVI + 31.032 0.4441
AG LST = −21.849x NDVI + 31.193 0.4342
WB – –
WE LST = −20.648x NDVI + 30.719 0.3618
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seasonal changes in crop cover and fallow periods 
significantly influence both NDVI and LST.

Based on the significance of the p-test results, the 
null hypothesis (H0) is rejected and the alternative 
hypothesis (H1) is accepted, indicating that LULC 
has a significant impact on land surface temperature. 
The consistent negative relationship across all LULC 
classes and years provides strong evidence of the 

cooling effect of vegetation and underscores the 
importance of maintaining and enhancing green 
cover to regulate surface temperatures in the face of 
urbanization and land use change.

Overall, the minimum temperature was found in 
the range of 12.36°C in 1987 to 20.11°C in 2019 in 
forest cover while, the maximum temperature was 
recorded in the range of 27.51°C in settlement in 

Figure 5. NDBI map of Jimma city and its surroundings in 1987, 2003 & 2019.

Figure 6. The mean LST in different LULC types.
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1987 to 33.68°C in agricultural land in 2019 (Figure 6 
and Table 10). In addition, the mean temperature was 
seen at 16.22°C in water body in 1987 to 28.16°C in 

settlement in 2003. The lowest value for minimum 
12.36°C, maximum 27.51°C, and mean 20.53°C tem
perature can be found in the year 1987. Meanwhile, 

Table 10. The mean LST and its standard deviation in different LULC types, which were calculated through GIS spatial partition 
statistics.

1987 2003 2019

Class Name Min Max Mean LST STD Min Max Mean LST STD Min Max Mean LST STD
FC 12.36 25.40 17.29 1.90 17.09 29.31 22.11 1.46 20.11 32.10 23.57 1.39
SET 13.78 27.51 20.53 1.83 17.62 35.92 28.16 2.12 21.51 33.60 26.79 1.64
SH 13.78 24.54 19.15 1.55 18.15 32.18 25.14 1.59 21.02 30.63 24.60 1.30
AG 13.78 26.67 19.59 1.84 16.55 34.99 26.85 2.23 21.03 33.68 25.82 1.63
WB 15.64 19.28 16.22 0.55 19.21 29.30 21.61 1.10 – – – –
WE 14.25 24.11 17.50 1.65 20.26 32.18 24.68 1.43 21.02 32.29 25.04 1.56

Where: FC= Forest cover, SET= Settlement, SH= Shrub land, AG= Agriculture, WB= Water body, WE= Wetland, MIN = Minimum, MAX = Maximum, STD = 
Standard deviation.

Table 11. Pearson’s correlations between LST and each indices of LULC 2019.
Variables LST FC SET SH AG WE

LST 1 −.449** .868** −.660** .674** −.643**
FC −.449** 1 .135 .268* .235 .455*
SET .868** .135 1 −.632** .305 −.682**
SH −.660** .268* −.632** 1 .115 .393
AG .674** .235 .305 .115 1 −.164*
WE −.643** .455* −.682** .393 −.164* 1

** Correlation is significant at the 0.01 level (2-tailed). 
* Correlation is significant at the 0.05 level (2-tailed). 
Where: FC= Forest cover, SET= Settlement, SH= Shrub land, AG= Agriculture, WB= Water body and WE= Wetland.

Figure 7. LST map of Jimma city and its surrounding in 1987, 2003 & 2019.
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the highest value for the minimum temperature was 
occurred in 2019 (21.51°C) in settlement, and the 
highest value of maximum and mean temperature 
was occurred in 2003 (35.92°C and 28.16°C) in settle
ment. The lowest rate of increase in LST is found 
under forest cover (Table 10).

From Table 11 the Pearson’s correlation analysis 
for 2019 reveals a strong and statistically significant 
relationship between Land Surface Temperature (LST) 
and various land use and land cover (LULC) types in 
the Jimma area. The most striking finding is the very 
strong positive correlation between LST and settle
ment (r = 0.868, p < 0.01), indicating that as the pro
portion of built-up area increases, the LST rises 
significantly. This is a classic indicator of the urban 
heat island effect and is consistent with numerous 
studies globally, such as the research by Peng et al. 
(2012) in Beijing, China, which also found a strong 
positive correlation between LST and impervious sur
face area. Similarly, agricultural land shows a strong 
positive correlation with LST (r = 0.674, p < 0.01), 
which can be attributed to the exposure of bare soil 
during certain times of the year and the lower evapo
transpiration rates compared to natural vegetation 
(Figure 7). Conversely, LST exhibits a significant nega
tive correlation with vegetated and moist land cover 
types. The strongest negative correlations are with 
shrubland (r = −0.660, p < 0.01) and wetland (r =  
−0.643, p < 0.01), followed by forest cover (r =  
−0.449, p < 0.01). This demonstrates the crucial role 
of these ecosystems in cooling the land surface. The 
cooling effect of vegetation and water bodies is a well- 
established phenomenon, as confirmed by a meta- 
analysis by Bowler et al. (2010), which concluded 
that green spaces and water bodies can significantly 
reduce urban temperatures. The strong negative cor
relation between settlement and wetland (r = −0.682, 
p < 0.01) further suggests that the expansion of urban 
areas is directly linked to the loss of these cooling 
landscape features. Overall, the correlation matrix 
provides compelling evidence that the transformation 
of the landscape from natural vegetation and wetlands 

to settlements and agricultural land is a key driver of 
increasing LST in the Jimma city and its surroundings.

The model summary for the relationship between 
Land Surface Temperature (LST) and the various land 
use and land cover (LULC) indices in 2019 indicates 
a very strong and statistically significant predictive 
relationship. The multiple correlation coefficient (R) 
of 0.911 signifies a very strong positive linear relation
ship between the predictor variables (the LULC 
indices) and the dependent variable (LST). The coeffi
cient of determination (R2) is 0.829, which is a key 
finding. This means that a remarkable 82.9% of the 
total variation in LST can be explained by the com
bined effect of the LULC indices included in the 
model. The adjusted R2 value of 0.749, which accounts 
for the number of predictors in the model, is also very 
high, further confirming the model’s robustness and 
strong explanatory power. This high level of predict
ability is consistent with findings from other studies 
that have successfully used LULC data to model LST. 
For example, a study by Li et al. (2018) in Wuhan, 
China, also found that LULC-based indices, particu
larly the Normalized Difference Built-up Index 
(NDBI) and Normalized Difference Vegetation Index 
(NDVI), were strong predictors of LST, explaining 
a large portion of its spatial variation. Similarly, 
research by Mathew et al. (2016) in a tropical city in 
India demonstrated a strong correlation between 
LULC patterns and LST, with their model also achiev
ing a high R2 value. The results from the Jimma area, 
therefore, align with the broader scientific consensus 
that LULC composition is a primary determinant of 
local surface temperature, and the high R2 value 
underscores the suitability of this modeling approach 
for understanding and predicting the thermal envir
onment (Table 12).

The ANOVA Table 13 presented for the relation
ship between Land Surface Temperature (LST) in 2019 
and multiple LULC-related indices reveals 
a statistically significant model. The regression model 
has a Sum of Squares of 1.854 with 7 degrees of free
dom (df), and a Mean Square of 0.265, resulting in an 
F-value of 10.396. The associated p-value (Sig.) is .000, 

Table 12. Model summary of LST and each indices of LULC 2019.
Model R R Square Adjusted R Square Std. Error of the Estimate

1 .911a .829 .749 .15960

a. Predictors: (Constant), 
b. Dependent Variable:

Table 13. ANOVA of LST and each indices of LULC 2019.
Model Sum of Squares df Mean Square F Sig.

1 Regression 1.854 7 .265 10.396 .000b

Residual .382 15 .025
Total 2.236 22

a. Dependent Variable: LST_2019 
b. Predictors: (Constant).
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which is highly significant (p < 0.001), indicating that 
the LULC indices used in the model collectively 
explain a significant portion of the variation in LST 
in Jimma City and its surroundings for the year 2019. 
The total variance in LST is 2.236, and the residual 
(unexplained) variance is 0.382, suggesting that the 
model accounts for a substantial proportion of the 
total variance in LST. This supports the hypothesis 
that LULC characteristics such as vegetation cover, 
built-up areas, and water bodies strongly influence 
surface temperature.

These findings align with previous studies in var
ious urban and peri-urban contexts. For example, 
Weng et al. (2004) in Indianapolis, U.S.A., and Zhou 
et al. (2011a) in Shanghai, China, both found that 
impervious surfaces such as settlements significantly 
increased LST, while vegetation cover had a cooling 
effect. Similarly, Dano et al. (2020) observed in south
western Ethiopia that agricultural expansion and 
urbanization significantly contributed to LST varia
tion. The significant F-value in this analysis further 
affirms the importance of LULC composition in reg
ulating urban heat, highlighting the need for sustain
able urban design and green infrastructure to mitigate 
thermal impacts in rapidly urbanizing areas like 
Jimma.

From Figure 8 Forest cover type was located in the 
right lower corner of the diagram, shrub land, and 
wetland areas were located in the center of the dia
gram (medium values for both parameters, NDVI and 
LST), while the settlement and agricultural land areas 
were located at the upper left corner of the diagram. In 

other words: the NDVI confirms the cluster structure 
of land cover types derived from surface temperatures

3.6. Multiple correlation matrix analysis of LST, 
NDVI, and NDBI

The model summary Table 14 indicates a strong and 
consistent relationship between Land Surface 
Temperature (LST) and two biophysical indices 
Normalized Difference Vegetation Index (NDVI) 
and Normalized Difference Built-up Index (NDBI) 
across three study years (1987, 2003, and 2019) for 
Jimma City and its surroundings Tsegaye and Melka 
(2022). In 1987, the model achieved a correlation coef
ficient (R) of 0.831 and an R2 of 0.691, suggesting that 
approximately 69.1% of the variation in LST could be 
explained by NDVI and NDBI. The relationship 
strengthened further in 2003 and 2019, with R2 values 
of 0.774 and 0.784, respectively, indicating even higher 
predictive power. The adjusted R2 values, which 
account for the number of predictors in the model, 
remained robust and close to the R2 values, confirm
ing model reliability. Moreover, the standard error of 
the estimate decreased over time (from 1.26820 in 
1987 to 1.05233 in 2019), implying an improvement 
in model accuracy, possibly due to enhanced spatial 
resolution or more definitive LULC transitions in later 
years. The standard error of the estimate (SEE), which 
represents the average deviation of predicted LST 
from observed values, was 1.26820°C in 1987, 
1.34958°C in 2003, and 1.05233°C in 2019. These 
values suggest that the LST predictions had an 

Figure 8. Scatterplot of LST vs. NDVI (2019).

Table 14. Model summary with error margins of LST and NDVI and NDBI for 1987, 2003 & 2019.

Years Model R R2
Adjusted 

R2
Std. Error of 
Estimate (°C)

Approx. Error 
Margin (± °C) Interpretation

1987 1 .831a .691 .689 1.26820 ±1.27 Strong relationship; ~69% of LST variability explained by NDVI, with 
~1.3°C uncertainty.

2003 1 .880a .774 .773 1.34958 ±1.35 Very strong relationship; ~77% variability explained, with slightly 
higher uncertainty than 1987.

2019 1 .885a .784 .782 1.05233 ±1.05 Strongest model fit; ~78% variability explained, lowest uncertainty 
(~1 °C).
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uncertainty margin of approximately ± 1.1 to ± 1.4°C. 
The declining SEE over time, especially in 2019, indi
cates improved model accuracy and reduced uncer
tainty (Table 14).

This pattern corroborates findings from numerous 
remote sensing studies that highlight the dual influ
ence of vegetation and urban expansion on thermal 
conditions. For example, Voogt and Oke (2003) 
showed that increased built-up areas (high NDBI) 
significantly elevate LST due to reduced evapotran
spiration and increased surface heat storage. 
Conversely, high NDVI values are consistently asso
ciated with lower LST due to vegetation’s cooling 
effect, a trend documented by Chen et al. (2006) and 
Imran et al. (2019) in both tropical and subtropical 
cities. These studies reinforce the interpretation that 
Jimma City’s rising LST values over time are strongly 
tied to changes in vegetation and urban sprawl. The 
increasing explanatory power of NDVI and NDBI in 
2003 and 2019 suggests that urban heat patterns have 
become more structurally defined, and thus, better 
captured by these indices.

The ANOVA results from 1987, 2003, and 2019 show 
a statistically significant relationship between Land 
Surface Temperature (LST) and the two land cover 
indices Normalized Difference Vegetation Index 
(NDVI) and Normalized Difference Built-up Index 
(NDBI) in Jimma City and its surroundings (Table 15). 
In all three years, the p-values are .000, indicating that the 
models are highly significant (p < 0.001) and that the 
predictors (NDVI and NDBI) explain a significant por
tion of the variation in LST. The F-values are notably 

high: 326.166 in 1987, 416.379 in 2003, and 238.771 in 
2019, suggesting strong model performance across time. 
Although the F-value decreased slightly in 2019, this is 
accompanied by a reduction in the residual mean square 
error (1.184), indicating improved model precision and 
less unexplained variability in LST due to better expla
natory power of NDVI and NDBI in more recent land 
cover conditions.

These findings align with previous studies that 
underscore the robust explanatory capability of 
NDVI and NDBI in LST modeling. For instance, Xu 
(2008) emphasized the inverse relationship between 
NDVI and LST, highlighting how vegetated areas 
cool urban surfaces through evapotranspiration. 
Similarly, Zhou et al. (2014) found that NDBI posi
tively correlates with LST in fast-developing urban 
areas, with built-up surfaces amplifying thermal emis
sions. The decreasing residuals and consistent model 
significance in the Jimma study reinforce these global 
trends, suggesting that urban growth and vegetation 
cover continue to be dominant factors in shaping the 
surface thermal behavior. According to KII, Jimma 
city’s forest cover has been converted to built-up and 
other infrastructure. Other LULC, such as wetland, 
shrub land, and forest land, were also converted to 
agricultural land and settlement. This insight is crucial 
for urban planning and climate adaptation strategies, 
as it confirms the need to prioritize green infrastruc
ture in rapidly urbanizing landscapes.

The regression coefficients for Land Surface 
Temperature (LST) and the spectral indices NDVI 
and NDBI across 1987, 2003, and 2019 highlight 

Table 15. ANOVA of LST and NDVI and NDBI for 1987, 2003 & 2019.
year Model Sum of Squares df Mean Square F Sig.

1987 1 Regression 1049.170 2 524.585 326.166 .000b

Residual 468.652 366 1.608
Total 1517.822 368

2003 1 Regression 1247.080 2 623.540 416.379 .000b

Residual 448.096 366 1.498
Total 1695.176 368

2019 1 Regression 745.220 2 282.610 238.771 .000b

Residual 253.199 366 1.184
Total 998.419 368

a. Dependent Variable: LST 
b. Predictors: (Constant), NDBI, NDVI

Table 16. Coefficients of LST and NDVI and NDBI for 1987, 2003 & 2019.

year Model

Unstandardized Coefficients Standardized Coefficients
t Sig.

95.0% Confidence Interval for B

B Std. Error Beta Lower Bound Upper Bound

1987 1 (Constant) 19.641 .659 29.796 .000 18.345 20.937
NDVI −.078 1.793 −.025 −3.741 .000 −10.234 −3.182
NDBI .572 1.519 .038 7.618 .000 8.586 14.558

2003 1 (Constant) 25.267 .369 68.546 .000 24.542 25.991
NDVI −.048 1.371 −.036 −5.459 .000 −10.176 −4.787
NDBI .612 1.165 .060 9.970 .000 9.321 13.902

2019 1 (Constant) 28.933 .390 74.097 .000 28.165 29.701
NDVI −.022 1.718 −.001 −5.880 .000 −13.481 −6.724
NDBI .759 1.340 .049 8.337 .000 8.534 13.802

a. Dependent Variable: LST 
Conversely, NDBI shows a positive and statistically significant association with LST across all years: 0.572 in 1987, 0.612 in 2003, and 0.759 in 2019.
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a consistent and statistically significant relationship 
between vegetation, built-up area, and surface tem
perature dynamics in Jimma City and its surroundings 
(Figure 9 and Table 16). The negative coefficients of 
NDVI in all years 0.078 in 1987, −0.048 in 2003, and 
−0.022 in 2019 reveal a clear inverse relationship 
between vegetation cover and LST (Figure 10 and 
Table 16).

This suggests that areas with more vegetation are 
cooler, a trend strongly supported by studies such as 
Weng et al. (2004) and Zhou et al. (2011b), who 
identified NDVI as a key cooling element in urban 
microclimates due to evapotranspiration and shading.

This trend suggests that urban expansion and 
built-up areas increasingly contribute to surface 
warming, which aligns with global findings by Zha 
et al. (2003) and Buyantuyev and Wu (2010). 
Notably, the magnitude of NDBI’s coefficient 
increased over time, indicating an intensification of 
the urban heat island (UHI) effect as the city 
expanded. The rising intercept values (19.64 in 
1987 to 28.93 in 2019) further support the increasing 

baseline of LST, possibly driven by urbanization, 
land degradation, and climate change. Table 16 also 
show 1987 NDVI (t = −3.741, p < 0.05), 1987 NDBI 
(t = 9.970, p < 0.05), 2003 NDVI (t = −5.459, p <  
0.05), 2003 NDBI (t = 7.618, p < 0.05), 2019 NDVI 
(t = −5.880, p < 0.05), 2019 NDBI (t = 8.337, p < 0.05) 
are significant predictors of land surface tempera
ture. Based on the results of the t-test, the signifi
cance value of each variable was less than 0.05 then 
the hypothesis 2H1 was accepted. Therefore, the 
NDVI and the NDBI both have a significant effect 
on the surface temperature of Jimma city and its 
surrounding. From the magnitude of the t-statistics, 
the expansion of settlement land had more impact 
on the LST confirmed by standardized coefficients.

Overall, the regression analysis affirms that vegeta
tion cover significantly mitigates LST, while built-up 
surfaces elevate it. The significance values (p < 0.001 
for all coefficients) confirm the robustness of these 
relationships, offering crucial insights for urban plan
ners and environmental managers. Green 

Figure 9. Linear correlation between LST in response to NDVI in the year (a) 1987, (b) 2003, and (c) 2019.

Figure 10. Linear correlation between LST in response to NDBI in the year (a) 1987, (b) 2003, and (c) 2019.
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infrastructure and sustainable urban land use policies 
are essential in addressing the rising urban thermal 
footprint, a point emphasized by Voogt and Oke 
(2003).

4. Conclusion and recommendations

The findings of this study indicate a significant 
transformation in land use and land cover (LULC) 
over the study period. Notably, land allocated for 
settlements and agriculture has shown a continuous 
increase, while forest cover, shrubland, wetlands, and 
water bodies have declined considerably. These 
LULC shifts have contributed to a reduction in 
vegetative cover and an expansion of impervious 
and exposed surfaces, subsequently leading to an 
overall increase in Land Surface Temperature 
(LST). The lowest LST values were observed in 
areas dominated by forests, water bodies, wetlands, 
and shrublands, whereas the highest LST values 
occurred in settlement and agricultural zones. 
Statistical analysis revealed a strong correlation 
between LST and biophysical indices: the coefficient 
of determination (R2) for LST with NDVI and NDBI 
was 0.691 in 1987, 0.774 in 2003, and 0.784 in 2019, 
indicating that these indices reliably explain varia
tions in surface temperature. Moreover, a strong 
inverse relationship between NDVI and NDBI was 
observed, with R2 values of 0.739, 0.860, and 0.801 
for 1987, 2003, and 2019, respectively, suggesting 
a consistent pattern where increased urbanization 
(NDBI) corresponds to vegetation loss (NDVI). 
The positive correlation between LST and NDBI 
underscores the thermal contribution of built-up 
and exposed lands, while the negative correlation 
between NDVI and LST reaffirms the role of healthy 
vegetation in mitigating urban heat by lowering sur
face temperatures.

Based on these findings, the following recommen
dations are proposed:

(1) Promote Green Infrastructure: Urban plan
ners and policymakers should prioritize the 
integration of green spaces, such as parks, 
green roofs, and urban forests, into the city’s 
design to help regulate temperature and 
improve the urban microclimate.

(2) Sustainable Land Management: Implement 
and enforce sustainable land management 
practices to promote the conversion of agricul
tural land into natural ecosystems. This 
includes promoting agroforestry and other 
practices that conserve soil and water resources.

(3) Afforestation and Reforestation: Accelerate 
afforestation and reforestation programs to 

restore degraded forest areas and enhance the 
city’s overall green cover.

(4) Further Research: Future studies should con
sider additional parameters such as soil moist
ure, population density, and seasonal variations 
to develop a more comprehensive understand
ing of the factors influencing LST.
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