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Abstract 
Climate is changing no doubt, with anthropogenic activities considered as the 
main driver of the change. Flooding, drought and urban heat island (UHI) are 
some impacts of climate change (CC). Additionally, land use land cover 
change (LULCC) adds more pressure to the growing cities. Population is in-
creasing with urban cities expected to accommodate the majority of the people 
while UHI is expected to increase with CC and LULCC. Adaption is the best 
option to minimize impacts of UHI; however, researchers are required to 
identify the cause, impacts and ways to cope with the impacts. Therefore, this 
study investigated how the Land Surface Temperature (LST) of Babati, a fast-
growing town in Tanzania, is changing with CC and LULCC. Remote sensing 
was used with LULC classification, which was performed using a maximum 
likelihood algorithm, and LST retrieval involved computational formulas using 
bands R, NIR, and TIR. Results showed a rise in built-up areas, suggesting ur-
banization at the expense of farmlands and bare land. The LULCC together with 
global warming from 2002 to 2022 contributed to the increasing average LST by 
0.7˚C signifying that more impacts are expected in the future under a business-
as-usual scenario. The findings also indicate that higher vegetation density is 
associated with lower LST and vice versa. This relationship highlights the critical 
role of vegetation in regulating temperature and suggests that enhancing vege-
tation cover may be an effective strategy for mitigating urban heat. Improving 
agricultural practices as population increases and promoting sustainable urban-
ization in Babati and similar towns are necessary to mitigate UHI effects. 
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Land Surface Temperature 

 

1. Introduction 

A phenomenon known as “Urban Heat Island” (UHI) occurs when certain places 
tend to be warmer than their surrounding ones [1]-[3]. Studies [4] [5] show that 
the absence of vegetation, impermeable surfaces, and human heat are the main 
causes of the temperature variation. Due to this phenomenon, temperatures in 
urban residential areas and Central Business Districts (CBD) are higher than those 
in parks and rural areas.  

This phenomenon has a significant negative impact on the environment and 
the economy including the exacerbation of heat-related illnesses, increased energy 
consumption, and deterioration of air quality. The impacts of Urban Heat Island 
(UHI), such as “heat waves,” have been extensively demonstrated in numerous stud-
ies [6]-[14]. These studies emphasize the importance of conducting researches on a 
global scale as a means of enhancing living conditions. 

Heat waves are among the deadliest recorded hazards in the United States, caus-
ing around 131 direct deaths yearly and aggravating underlying health issues [9]. 
During China’s 2018 heat wave crisis, the number of heat-related hospitalizations 
was at its peak [15] [16], while damage to the sea ecology resulted in significant 
losses of aquaculture business in Liaoning province. Moreover, UHI has been re-
ported to significantly influence extreme heat in Canada. Both British Columbia 
and Southern Quebec experienced a heat wave in 2019 and 2010, causing 156 and 
280 deaths in eight and five days respectively [10]. Moreover, a study done in India 
evidenced intense UHI during the day and is projected to intensify if measures are 
not taken [11]. It is worth noting that areas with intense UHI have shown high 
Land Surface Temperature (LST).  

As a measure of the earth’s surface’s energy balance and greenhouse gas emis-
sions, LST plays a significant role in modifying the global climate [17] [18]. Higher 
LST leads to higher energy needs for cooling, which causes greenhouse gas emis-
sions to rise too [19]. The UHI effect is more noticeable in cities because most of 
the areas are covered by infrastructure such as buildings, roads and pavements 
that absorb and store more solar radiation, than natural settings. Consequently, it 
is important to note that changes in the pattern of land use and energy consump-
tion brought about by population growth result in an increasing LST [17] [20]-
[23]. 

A number of studies have assessed the impact of LULC on UHI. A study con-
ducted in Islamabad and Pakistan showed that the UHI effect was found to be 
greatly exacerbated by a rise in impermeable surfaces, such as roads and buildings 
[24]. Comparably, a study carried out in Malaysia’s Hulu Langat district revealed 
that urban areas have more LST than rural and forested areas [25]. However, a study 
by Koko, Yue [26] found that substantial urban expansion with the conversion of 
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natural surfaces to built-up areas was the cause of the increased mean LST. Popu-
lation growth has a substantial impact on the link between LULC changes and 
UHI impacts, making sustainable urban planning necessary to alleviate heat-re-
lated difficulties in fast urbanizing locations. 

The current global population that resides in cities is approximately 57% [27]. 
Nearly seven out of ten people will live in cities by 2050, when the urban popula-
tion is predicted to have more than doubled from its current population. The ma-
jority of the growth is expected to occur in low-income, underprivileged nations 
that rely heavily on nature for their livelihood [28] [29], with sub-Saharan African 
nations expected to bear the majority of the increase. Rapid population increase 
has already resulted in many unplanned and uncontrolled communities across 
Africa [30], posing a constant danger to the continent’s ecological and environ-
mental conditions [31]. Despite the fact that most African cities are natural land-
scapes compared to other continents, the UHI effect persists owing to the separa-
tion between impervious surfaces and green spaces [7]. While Göpfert, Wamsler 
[21] and Pasquini [22] agree on engaging cities and upcoming cities in climate 
change mitigation and adaptation, it is crucial to consider major urbanization 
trends that are anticipated to emerge in the upcoming years in order to carry out 
the Sustainable Development Agenda that includes creating a new urban develop-
ment framework [27]. 

Kibassa and Shemdoe [32] and Lindley and Gill [33] emphasized the signifi-
cance of vegetation, water, and open spaces in creating sustainable and climate-
conscious development in urban areas. Cavan, Lindley [30] noted in a study done 
in two African cities (Addis Ababa and Dar es Salaam) that Africa is projected to 
have a 1.5 times global mean temperature over the expected increase in global 
mean temperature due to the fast rate of urban development. Developmental pat-
terns are among other reasons for the temperature rise, as experienced in a study 
done in Dar es Salaam, Addis Ababa, Khartoum, and Nairobi [34]. Lindley, Gill 
[35] reported that, there are temperature variations with areas of different char-
acteristics: high temperatures in markets and major roads, while low temperatures 
in urban parks. Since these effects and magnitude are dependent on climatic con-
ditions and development patterns for that particular location, universal solutions 
are not entirely consistent. One study conducted in Dar es Salaam and another in 
Addis Ababa, for example, found that variations in the two cities’ spatial patterns 
contributed to variations in UHI [30].  

The Urban Heat Island (UHI) phenomenon is also influenced by the quantity 
of urban development and its spatial configuration, encompassing factors such as 
shape, size, arrangement, location, density, dimension, and connectivity [19] [36]. 
In essence, the way in which urban areas are structured and organized plays a 
crucial role in shaping the intensity and extent of UHI effects. This understanding 
underscores the importance of considering not just the scale of urbanization but 
also its specific characteristics and layout when analyzing and addressing UHI-
related challenges. By taking into account the intricate spatial dynamics of urban 
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environments, policymakers and urban planners can develop more targeted and 
effective strategies for mitigating the impacts of UHI and promoting sustainable 
urban development. 

Although there have been studies on urbanization and UHI in African cities, 
there are no such studies for small towns which are experiencing significant un-
controlled population growth while dependent on natural resources [37]. Due to 
its expected rapid growth, Africa will undoubtedly become the continent with the 
greatest opportunities and challenges in the twenty-first century, including UHI 
due to the positive demographic transformation [38]. Therefore, the knowledge 
of UHI in the context of small towns is of major importance, not only due to un-
controlled population growth but also due to the need to ensure sustainable de-
velopment by including a comprehensive microclimate analysis [8].  

Therefore, this study focuses on Babati town a fast growing town in Tanzania 
to investigate land use/land cover changes, spatial temperature variations over the 
past 20 years, and the relationship between land use/land cover and land surface 
temperature (LST). Due to anthropogenic pressure, Babati’s environment has 
deteriorated, displacing natural landscapes and disrupting ecosystem services 
[39] [40]. The study will therefore address climate variation concerns in Babati 
as an emerging city to provide a resource for site-specific LST mitigation tech-
niques. 

2. Materials and Methods  
2.1. Study Area 

Babati Town is an administrative center of the Manyara Region consisting of eight 
wards: Masaika, Mutuka, Sigino, Bagara, Babati, Nangara, Singe, and Bonga (Fig-
ure 1), with a total area of 472.9 square kilometres. It lies between 4˚12'39"S and 
35˚44'54"E. The town is bordered on all sides by the Babati District, which 
stretches along Lake Babati and is marked by important trunk road cross-junc-
tions (Arusha, Singida and Dodoma roads). 

According to Köppen climate classification [41], Babati has a tropical wet and 
dry or savanna climate at 1339.09 meters above sea level. The annual mean tem-
perature in the district is 24.89˚C, which is 0.67% higher than the Tanzanian av-
erage. The rainfall ranges between 600 mm and 1200 mm annually, with an aver-
age annual rainfall of 831, with 131 rainy days (35.95% of the time) [42] [43].  

Crop cultivation, livestock keeping, fishing, forestry, mining, quarrying, trade 
and commerce in the Central Business District, and industrial and tourism activ-
ities attract people to migrate, causing rapid urbanization. This has made Babati 
town among the fastest-growing centers in Tanzania. According to the 2012 
household survey by the National Bureau of Statistics (NBS), 58% of the house-
holds in Babati town are migrants. The 2022 census report has also indicated that 
the town’s population has grown as expected due to its strategic location and ag-
ricultural and economic potential. 
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Figure 1. Showing the location of Manyara in Tanzania, location of Babati in Manyara and Babati. 

2.2. Assessing Land Use and Land Cover Change (LULCC) of Babati 
2.2.1. Data Acquisitions 
The study employed three Landsat satellite images from the United States Geo-
logical Survey (https://earthexplorer.usgs.gov). They were taken in the dry season 
when the LST was visible, and there was less than 10% cloud cover. There was a 
lapse of eleven years and nine years as a result of the poor quality of satellite im-
agery in 2012. The first image of 2002 was taken from the Landsat 7+ ETM sensor, 
and the following two images—2013 and 2022—were taken from the Landsat 8 
OLI/TIR Table 1.  
 

Table 1. Details of Landsat imagery used. 

Sensor Product ID Date Path/Row 

Landsat 7 
ETM+ 

LE07_L1TP_168063_20020906_20200916_02_T1 06/09/2002 168/63 

Landsat 8  
OLI/TIR 

LC08_L1TP_168063_20131014_20200912_02_T1 14/10/2013 168/63 

Landsat 8  
OLI/TIR 

LC08_L1TP_168063_20220905_20220914_02_T1 05/09/2022 168/63 

 
The study area was extracted by clipping multiple bands using Babati layer as 

the mask layer before pre-processing the images for LULC classification and LST 
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retrieval. Method of data analysis was guided by a specific objective. 

2.2.2. Data Analysis 
Pre-processing is crucial for minimizing sensor, solar, atmospheric, and topo-
graphic distortions in Landsat images [44]. For this study, pre-processing of the 
images was included for geometric correction, sensor calibration, and sun angle 
correction. The pre-processed images were clipped and converted to reflectance 
using Semi-Automatic Classification Plugin (SCP), which detects surface material 
for each raster using QGIS software. Supervised classification technique was used 
to create distinct land cover maps for each year. The reflectance images were 
clipped to create band sets that display different color composites of chosen bands. 
Followed by using false color composite (FCC) that displays vegetation in shades 
of red and cyan blue as urban while soils vary from dark to light brown. Training 
tool in the SCP dock was used to collect training samples that were used to per-
form classification using the maximum likelihood algorithm. The land covers 
identified were water, built-up, vegetable, agricultural, and bare land as described 
in Table 2. 
 

Table 2. Land use land cover classes’ description. 

Land cover Description 

Water Rivers, streams, lakes, wetlands, and reservoirs 

Built-up 
Land occupied by structures constructed by humans, including buildings. Homes, businesses, industrial 
areas, mixed-use developments, or built-up lands 

Vegetation 
Together with the predominant cover species, the major vegetation formations, including forest, 
woodland, shrub land, grassland, and wetland 

Agricultural land Cultivated lands and small shrubs 

Bare land Lands that are less than 10% vegetated and have bare soil, sand, or rocks 

 
The process produced land cover maps for the years 2002, 2013, and 2022, re-

spectively, which were used to assess the relationship between land use and land 
cover change over the past 20 years. 

2.2.3. Accuracy Assessment 
Comparing land cover classification to actual data serves as an accuracy assess-
ment, determining how well the classification captures reality. The accuracy was 
determined using 100 randomly selected pixels for each land cover type and based 
on visual interpretation and ground truthing. Ground-truthing data came from 
high-resolution Google Earth and a field visit using GPS [45]. Using the formulas 
below [46], the information was used to create an error matrix that generated Pro-
ducer’s Accuracy (PA), User’s Accuracy (UA), Overall Accuracy, and Kappa val-
ues (K). 

 
Producer's Accuracy

Number of correct classified pixels in each category 100%
Number of test set pixels used for that category

= ×
 (1) 
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User's Accuracy

Number of correct classified pixels in each category 100%
Number of pixels classified in that category

= ×
 (2) 

 Total number of correct classified pixelsOverall Accuracy 100%
Total number of reference pixels

= ×  (3) 

 Observed accuracy chance agreementKappa
1 chance agreement

−
=

−
 (4) 

2.3. Quantifying Urban Heat Island (UHI) over the Years 
2.3.1. Land Surface Temperature Estimation for Landsat 7 ETM+ 
For the year 2002, band 6 image was used starting by converting digital numbers 
(DN) to radiance using Equation (5), then converting the radiance into brightness 
temperature (BT) that is in Kelvin with Equation (6). BT in Kelvin was converted 
in degree Celsius by adding (−273.15) constant as procedures described by [47].  

 ( )LMAX LMIN
QCAL QCALMIN LMIN

QCALMAX QCALMIN
L λ λ
λ λ

−
= ∗ − +

−
 (5) 

 2

1

BT 273.15
ln 1

K
K
Lλ

= −
 

+ 
 

 (6) 

where LMAX and LMIN are spectral values, QCALMAX and QCALMIN are cal-
ibration values of pixels while K1 and K2 are predetermined constant values, and 
Lλ is the spectral radiance value of the image. The final result from these algo-
rithms is surface temperature brightness information. 

2.3.2. Land Surface Temperature Estimation for Landsat 8 OLI/TIRS 
LST retrieval involves computational of a couple of formulas using three bands: 
R, NIR and TIR [47] [48]. The calculations involved the following procedures. 

Conversion to top-of-atmosphere radiance using Equation (7) 
 L cal LL M Q Aλ ⋅= +  (7) 

Lλ = Top of Atmospheric radiance for wavelength λ (Watts/(m2∙srad∙μm)), ML 

= Band-specific multiplicative rescaling factor, Qcal = Quantized and calibrated 
standard product pixel values (DN) and AL = Band-specific additive radiance 
rescaling factor from the metadata (in the MTL file). 

Conversion of the spectral Radiance to At-Sensor Temperature was done using 
Planck’s Law plus (−273.15) to obtain results in Celsius. The spectral radiance was 
converted to brightness temperature using thermal constants provided in the 
metadata file using Equation (8), 

 2

1

BT 273.15
ln

1

K
K

Lλ

= −
 
 + 

 (8) 

where BT represents Brightness Temperature in degrees Celsius K1 and K2 stand 
for the band-specific thermal conversion constants from the downloaded metadata 
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and Lλ = TOA spectral radiance (W/(m2∙sr∙μm)). 
Calculation of the NDVI; The NDVI was used to quantify the greenness of veg-

etation and was suitable for determining vegetation density and detecting changes 
in plant health. For this reason, the NDVI maps were also extracted to validate 
LST maps with expected values ranging from +1 to −1. The positive values were 
representative of healthy green vegetation, while the negative NDVI values indi-
cated non-vegetative cover [49]. In conventional form, NDVI was calculated as a 
ratio between the red (R) and near infrared (NIR) values using Equation (9) [15] 

 NIR REDNDVI
NIR RED

−
=

+
 (9) 

whereby, NIR presents reflection in the near-infrared spectrum and RED repre-
sents reflection in the red range of the spectrum 

Then follows the calculation of the proportion of vegetation (vegetation frac-
tion) PV, which was used to acquire emissivity using Normalize Difference Vege-
tation Index (NDVI) values for vegetation and soil, which was estimated using 
Equation (10). 

 min

max min

NDVI NVDI Square
NDVI NDVIVP

 −
=  − 

 (10) 

 0.004 0.986VPε = ∗ +  (11) 

whereby, ε = Land surface Emissivity and PV = Proportion of vegetation. 
All the information was used to estimate Land surface temperature (LST) for 

Babati town.  

 LST
1 ln

b

b

T
T

λ
λ

ε
ρ

=
+

 (12) 

whereby, LST is Land Surface Temperature, Tb is at-sensor Brightness Tempera-
ture (˚C), λ is the wavelength of emitted radiance and ελ is the emissivity.  

chρ
σ

=  where σ is the Boltzmann constant, ℎ is Planck’s constant and c is the 

velocity of light.  
The procedure was done for all three imageries to observe the trend and/ or 

relationship of land surface temperature for the past 20 years from the distribution 
of land use land cover classes.  

2.3.3. UHI Classification 
A relative temperature metric was employed to lessen the impact of temperature 
deviations on long-term analysis, generating four grade maps (Table 3) using 
Equation (13) [50]. Each UHI grade correlates to a specific range of temperature 
increase, with greater effects as the grade progresses. Understanding these classi-
fications allows urban planners to identify places that require the most interven-
tion and implement effective temperature-management strategies, resulting in 
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healthier and more sustainable cities. 

 R meanT T T=  (13) 

whereby, TR is relevant temperature, T is the LST and Tmean is the average LST 
value of the map. 

UHI Intensity classifying criteria 
 
Table 3. UHI Intensity classification. 

TR Grade UHI Intensity 

<1.0 1 Green Island 

1.0 - 1.1 2 Weak UHI 

1.1 - 1.2 3 Moderate UHI 

>1.2  4 Strong UHI 

2.4. Examining Relationships between LULCC, LST AND NDVI 
2.4.1. Correlation between LULC and LST 
To examine the effects of LULC types on UHI patterns at the local level, two tran-
sects were drawn over the study region. These transects established the LST spatial 
characteristic of each point across various land cover types along the section pro-
file [51]. The trend link and correlation were established by plotting the findings 
from several years together and overlaying them.  

2.4.2. Correlation between LST and NDVI 
Regression analysis between LST and NDVI offers valuable insights into the rela-
tionship between vegetation cover and surface temperature. Using GIS software 
from the System for Automated Geoscientific Analyses (SAGA), the regression 
equation between Babati town’s NDVI and LST was computed. The analysis used 
LST and NDVI extracted pixels, considering NDVI as the independent variable 
and LST as the dependent variable, due to the significant influence of vegetation 
health on LST. The LST and NDVI were found to be adversely associated in a 
number of studies [52] [53]. 

3. Results and Discussion 
3.1. Accuracy Assessment 

Table 4 displays the accuracy assessment for the classified maps. Based on error 
matrices, the overall accuracy for 2002, 2013, and 2022 was 96.73%, 98.36%, and 
99.62%, respectively. While the classified maps’ Kappa coefficients were 0.94, 0.96, 
and 0.99, respectively. These high accuracy rates and Kappa values suggest that 
the classification methodologies have become more effective over time, likely due 
to advancements in remote sensing technology and improved algorithms. This 
consistent enhancement is vital for environmental monitoring and urban plan-
ning, as accurate maps are essential for informed decision-making in sustainable 
land management. Overall, the findings highlight the reliability of the classification 
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methods and their significance for future research and policy development. 
 

Table 4. Accuracy assessment of the LULC classification of Babati town. 

Land use/cover 
2002 2013 2022 

PA UA PA UA PA UA 

Water 89.32 100 72.70 100 99.25 100 

Built up 94.02 95.04 76.40 98.56 98.88 85.63 

Vegetation 96.61 98.31 98.61 99.98 99.80 99.12 

Farms 99.38 85.25 99.95 97.91 99.62 85.13 

Bare land 97.96 97.60 95.67 99.66 93.44 96.64 

Overall 96.73  98.36  99.62  

Kappa 0.94  0.96  0.99  

Note: PA—Producer’s Accuracy, UA—User’s Accuracy. 

3.2. Land Use Land Cover Change 

LULC maps have been categorized into five classes: Water, Built up, vegetation, 
agricultural land and bare land (Figure 2). For the last 20 years (2002, 2013, 2022), 
the percentages of classes are as follows: 1.8%, 1.7%, and 1.8% water, 1.2%, 2.1%, 
and 3.8% built up, 15.1%, 18.4%, and 15.5% vegetation, 78.8%, 76.4%, and 78.3% 
agricultural land, and 3.2%, 1.4%, and 0.6% bare lands (Table 5). LULC maps of 
Babati town show that farmlands cover the majority of the town in all three figures 
(years), followed by vegetation and then built-up area. While the built-up area is 
small compared to other land covers, there has been a significant increase over the 
20 years, which went up from 1.2% in 2002 to 3.8% in 2022—a more than three-
fold rise.  

On top of that trend, the town’s economic and social potential is predicted to 
drive future growth [40]. While the major economic activity is agriculture [40], 
there has been a decrease in farmland over the years due to the increase of built-
up areas near the lake and major truck routes. Despite most studies being con-
ducted in urban settings [11] [15] [19] [30] [32]-[35], Babati has shown similari-
ties in the extension of built-up areas over time. As the population increases, 
LULC changes displace the natural landscapes and alter the natural systems, in-
cluding the energy system, resulting in the UHI effect. This is a common trend in 
many rapidly developing urban areas in developing countries, where the demand 
for housing and infrastructure development drives urban expansion [34].  

Based on the findings, it is anticipated that Babati’s natural environment will 
face significant strain due to expected urban growth, which will have an adverse 
effect on the ecosystem. In support of this suggestion, Peter, Nnko [39] and Mallya 
and Rwiza [54] have reported that pressure on the natural environment has al-
ready affected public health, energy demand, infrastructure, food security, the 
economy, and the ecology. 

The pattern indicates challenges of dense urbanization in the future, which is 
linked to environmental deterioration and, as a result, intensifies climate change 
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concerns through UHI. One of the foreseen effects is a densely urbanized Babati 
that traps a lot of heat, creating a warm microclimate that, in turn, influences cli-
mate change. 

A study by Göpfert, Wamsler [21] has recommended that cities should be in-
volved in climate change mitigation; nevertheless, this study emphasizes the sig-
nificance of including towns too which are future cities in the process. Because 
small towns are experiencing significant uncontrolled population growth, creat-
ing proper LULC change approaches for towns is crucial by involving site-specific 
mitigation measures. Consequently, adopting sustainable urban development 
strategies that balance economic growth with environmental protection is critical 
for sustainable cities. 
 

Table 5. Area percentage and difference of LULCs over the years. 

LULC 
Area (%) 

2002 
Area (%) 

2013 
Area (%) 

2022 

LULC 
Change (%) 
(2002-2013) 

LULC 
Change (%) 
(2013-2022) 

LULC 
Change (%) 
(2002-2022) 

Water 1.8 1.7 1.8 −0.1 0.1 0.0 

Built up 1.2 2.1 3.8 0.9 1.7 2.7 

Vegetation 15.1 18.4 15.5 3.3 −2.9 0.4 

Farms 78.8 76.4 78.3 −2.4 1.9 −0.5 

Bare lands 3.2 1.4 0.6 −1.8 −0.8 −2.6 

 

 
Figure 2. (a) Land use land cover map for year 2002, (b) land use land cover map for year 2013 and (c) land use land cover map for 
year 2022. 

3.3. Spatial NDVI Variation 

Figure 3 presents NDVI variations with minimum, maximum and mean of −0.2, 
0.70 and 0.25 for the year 2002, −0.64, 0.88 and 0.12 for the year 2013, and −0.50, 
0.91 and 0.21, for the year 2022.Water bodies are typically shown by a negative 
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NDVI, bare land and built-up regions by a positive NDVI of up to 0.2, vegetation 
by an NDVI of more than 0.2 up to 0.5, and healthier vegetation with a higher 
chlorophyll content by a higher NDVI of 0.6 and above as shown in Table 6 [49] 
[55] [56]. 
 
Table 6. NDVI values with the corresponding land cover. 

NDVI Value Different Land Areas 

−1 - 0 Water 

0 - 0.2 Bare Land and Built-Up Regions 

0.2 - 0.5 Vegetation 

0.6 - 1 Healthier Vegetation 

 

In 2013, the average NDVI of 0.12 suggests relatively lower vegetation density 
compared to the other years. Conversely, in 2022, the average NDVI of 0.21 (Table 
7) indicates a slight improvement in vegetation density compared to 2013. 
 
Table 7. Minimum, maximum and average NDVI values over the years. 

Data Used Min NDVI Max NDVI Average NDVI 
2002 −0.21 0.70 0.25 
2013 −0.64 0.88 0.12 
2022 −0.50 0.91 0.21 

 

 
Figure 3. (a) Spatial distribution of NDVI for year 2002, (b) spatial distribution of NDVI for year 2013 and (c) spatial distri-
bution of NDVI for year 2013. 

 
The NDVI data offer important new information about the dynamics of the 

vegetation in Babati town throughout time. High NDVI values are typically indi-
cated with low LST regions, and vice versa. With this inverse relationship, NDVI 
maps can be used to validate LST maps. Reducing the amount of energy available 
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to heat the surface, healthy plants reflect a large portion of incoming sunlight and 
absorb solar radiation for photosynthesis. Furthermore, the transpiration of water 
by vegetation results in the latent heat of evaporation, cooling the surrounding air 
and surface [57]-[59].  

Variations in vegetation density can be caused by a variety of factors, including 
changes in land use, natural disturbances like clearing of natural forests, human 
activity, specifically in Babati agriculture, and climate variability. These variations 
are reflected in the NDVI values aligning with studies that suggest ecosystem 
shifts, including vegetation, as the town expands to accommodate the rapidly 
growing population [39] [40] [54] [60]. The average NDVI value has decreased 
over the years, suggesting the interference of natural landscapes as they are trans-
formed into urban areas and agricultural lands. Due to the reason for city expan-
sion, it is expected to have less vegetative cover as the city expands and agriculture 
activities intensify to accommodate the growing population. This, in turn, will af-
fect the microclimate of the town and ecosystem altogether. In order to better un-
derstand all the underlying drivers of vegetation dynamics and to guide land man-
agement and conservation strategies in the area, additional study is recom-
mended. This analysis may involve comparing NDVI results with environmental 
data and field observations. 

3.4. Spatial LST Variation 

Figure 4 shows LST spatial variations with minimum, maximum, and mean tem-
peratures of 11.2˚C, 39.5˚C, and 25.5˚C in 2002; 10.4˚C, 41.0˚C, and 25.7˚C in 
2013; and 15.2˚C, 37.2˚C, and 26.2˚C in 2022 (Table 8). Compared to other years, 
2013 had the lowest minimum temperature but the highest maximum tempera-
ture, and it had the hottest spots. While 2022 has the highest minimum tempera-
ture, which is 4˚C higher than 2002, the average temperature is elevated. Temper-
atures have varied over the years, with lower temperatures (Green Islands) in wa-
ter and vegetation and higher temperatures (Strong UHI) in some built-up areas 
and farms/ agricultural lands.  

According to the average temperatures, 25.5˚C, 25.7˚C and 26.2˚C for the years 
2002, 2013 and 2022 respectively, the study area had high LST (+18˚C). The maps 
locate a higher percentage of strong UHI in the northern part of Babati, which has 
less vegetation and water, and a higher percentage of farms/agricultural lands that 
absorb and store heat from the sun, affecting the surface temperature. 

Two transects drawn across the study area analyze in detail the LST character-
istic of each point across different land cover types. Although temperatures have 
varied over time, low temperatures have been observed in water and vegetation 
and higher temperatures in built-up areas and agricultural lands/farms. This sce-
nario confirms previous research showing that while built-up areas cause hotspots 
and ultimately lead to UHI, vegetation and water can have cooling effects [32] [51] 
[61]. Likewise observed is the average LST’s upward trend over time, which could 
be attributed to an increase in anthropogenic activity as the population grows dis-
rupting the natural landscape. 
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Figure 4. (a) Spatial distribution of LST in 2002, (b) spatial distribution of LST in 2013, (c) spatial distribution of LST in 2022, (d) 
UHI intensity in 2002, (e) UHI intensity in 2013 and (f) UHI intensity in 2022 and (g) section profile (AA and BB). 
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Table 8. Land Surface Temperature (LST) variations over 20 years. 

Data Used Min Temperature (˚C) Max Temperature (˚C) Average Temperature (˚C) 

2002 11.2 39.5 25.5 

2013 10.4 41.0 25.7 

2022 15.2 37.2 26.2 

 
Despite the fact that built-up areas have appeared as a significant contributor 

to global warming by having a warmer microclimate [62], this study has identified 
farmlands as yet another significant source of high temperatures in towns. Con-
trary to previous research findings, agricultural lands/farmlands are the major 
LULC contributors to high LST in Babati town. It is quite likely that increased 
agricultural activity as a result of population growth, which necessitates higher 
food production, is the primary cause of increasing LST. Higher LST may have 
resulted from the conversion of natural landscapes into agricultural areas using 
inadequate techniques [40] that leave the dark loam soil exposed during the dry 
season [63] [64].  

The fact that agricultural activities are a major cultural activity/way of life, the 
built-up area includes vegetation as a form of urban farming. Integrations of ur-
ban farming in built-up areas have made temperatures lower compared to the 
temperatures in farm/ agricultural lands. The primary explanation for this diver-
gence may be that the analysis’s photographs were captured in the dry season, 
when agricultural lands were cleared to make way for the upcoming rainy season, 
leaving them barren. Moreover, the characteristics of the exposed dark loam soil 
is lower albedo which absorbs most of the sun’s radiation making it hot. From this 
observation, it is expected that during cultivation when the earth is covered by 
crops, these farmlands will have a cool microclimate compared to the dry season.  

Given that assessing LST is regarded to be a starting point for evaluating global 
warming [65], it is crucial to pay attention to agricultural operations as one of the 
possible principal contributors of high LST. In just 20 years, LST has increased by 
0.7˚C.  

Despite the fact that farmlands have been the main source of LST, population 
growth also needs consideration because it has been and is predicted to continue 
expanding. It is anticipated that the growth will make land more expensive and 
scarcer, which will eventually prevent the integration of built-up areas and vege-
tation. Due to the town’s economic potential and growing population, a city is 
anticipated in the near future. This will lead to an increase in anthropogenic ac-
tivities and the subsequent development of hot spots.  

As a result, there is an urgent need to implement sustainable land management 
practices that reduce the elevated LST effect while also promoting environmental 
sustainability. Sustainable land use planning practices, such as preserving natural 
vegetation, promoting low-impact development, and implementing cool roofing 
and paving materials, can contribute to reducing surface temperatures and im-
proving the overall livability of the town. 

https://doi.org/10.4236/oje.2024.1412052


A. S. Majula et al. 
 

 

DOI: 10.4236/oje.2024.1412052 906 Open Journal of Ecology 
 

3.5. Correlation between LULC and LST 

Figure 5 illustrates the spatial distribution of LST across Babati town along tran-
sects A-A and B-B, respectively. The variations in LST values provide insights into 
the thermal characteristics of different land use types within the area. The ob-
served variations in LST values over the years suggest temporal variability in sur-
face temperatures in Babati town. This could be attributed to seasonal changes, 
land cover dynamics, urbanization processes, and other environmental factors in-
fluencing surface heat fluxes. 

While there appears to have been some variation in temperature throughout 
time, places with vegetation cover and water have consistently recorded lower 
temperatures, indicating the cooling effect of natural elements [52] [53]. Com-
pared to built-up or agricultural land, these areas likely benefit from shading, 
evaporative cooling, and reduced heat absorption. And elevated temperatures 
were observed in farmlands, which may be attributed to the exposure of bare soil 
surfaces to direct solar radiation, limited vegetation cover, and agricultural activ-
ities that generate heat. 

 

 
            (a) 

 
            (b) 

Figure 5. (a) Section Profile A-A of Figure 4(d) and Figure 4(b) Section Profile B-B of Figure 4(g). 
 

These results emphasize how crucial it is to maintain natural vegetation and 
water features when designing metropolitan areas in order to reduce the heat 
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island effect and encourage cooler temperatures. Furthermore, the findings imply 
that controlling agricultural practices and establishing more green space are two 
important aspects of strategic land use planning that can help control surface tem-
peratures and improve the overall thermal comfort of towns and cities. 

3.6. Correlation between LST and NDVI 

This study found a consistent negative relationship between land surface temper-
ature (LST) and the normalized difference vegetation index (NDVI) in Babati. The 
correlation was moderately strong in 2002 (−0.76), slightly stronger in 2013 
(−0.78), and strong in 2022 (−0.82) (Figure 6), indicating that increased vegeta-
tion density (NDVI) correlates with decreased surface temperatures (LST). While 
several studies, such as Khan and Javed [66], have observed a stronger negative 
correlation with increased moisture content, it is likely that this correlation be-
comes more pronounced during the wet season, indicating that the negative rela-
tionship intensifies as surface moisture increases. The increasingly negative asso-
ciation highlights the importance of preserving and enhancing plant cover to miti-
gate the urban heat island effect and promote environmental sustainability. The find-
ings provide strong evidence that maintaining and expanding green areas can effec-
tively lower surface temperatures, improving urban climate resilience and livability. 

 

 
Figure 6. (a) Correlation between LST and NDVI for year 2002, (b) correlation between LST and NDVI for year 2013 and (c) 
correlation between LST and NDVI for year 2022. 
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4. Conclusions 

Ecosystem and agriculture disruption, heat waves and water scarcity are major 
challenges of temperature variations. Investing in exploring mitigation strategies 
in relation to the context as the population grows is crucial to minimizing climate 
change effects. This study has thoroughly examined the impact of LULC changes 
on the UHI effect using satellite data, with a focus on the rapidly urbanizing area 
of Babati, Tanzania. Furthermore, the study establishes the spatial characteristics 
of vegetation across the region as the major influence of temperature variations.  

The results highlight the significant influence of population growth on the in-
crease of built-up areas together with farmlands. As built-up areas increase to ac-
commodate the growing population, agriculture intensifies, too. The population 
increase has caused disruption of the environment and caused ecosystem shifts. 
The trend predicts challenges with dense urbanization in the future, which con-
tributes to environmental degradation and, consequently, raises concerns about 
climate change through urban heat island effects. A heavily urbanized Babati that 
retains heat and creates a warm microclimate, which in turn affects climate 
change, is one of the anticipated effects. 

Moreover, the study has shown an increase in LST over time and identified farm 
lands as the major contributing land cover to the increased temperatures. The 
rapid population growth has resulted in food demands and, in turn, intensifica-
tion of agricultural activities. The fact that the research was conducted during the 
dry season, when farmlands are left barren, shows that the dark loam soils have 
managed to trap heat, making them hot.  

The study also demonstrated the cooling effect of vegetation and water across 
the study area. Surface and ambient air are cooled by the latent heat of evaporation 
from vegetation’s evapotranspiration and water bodies’ evaporation. Emphasizing 
the importance of preserving and integrating vegetation within the study area. 

5. Recommendations 

The research emphasizes the urgent need for sustainable land use and land cover 
(LULC) management to combat high land surface temperatures (LST) and pro-
mote environmental sustainability, particularly in the context of climate change. 
As urban areas face rising temperatures and more extreme weather patterns due 
to climate change, preserving and restoring natural vegetation becomes crucial in 
mitigating the urban heat island (UHI) effect. Implementing low-impact develop-
ment strategies, such as green roofs and permeable pavements, helps reduce the 
environmental footprint of cities while managing stormwater and enhancing 
cooling. Comprehensive land use planning that prioritizes sustainability and in-
tegrates green spaces can reduce reliance on transportation and improve air qual-
ity. Furthermore, analyzing the thermal characteristics of various land covers al-
lows for more effective adaptation strategies. By adopting sustainable agricultural 
practices and establishing monitoring frameworks, urban areas like Babati can 
build resilience against climate impacts, ultimately improving residents’ quality of 
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life and addressing the challenges posed by a changing climate. 
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