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Abstract The study investigates the linear regression
relationship between urban 10T sensor temperatures and
satellite-derived land surface temperatures (LST) to predict
the effects of the Urban Heat Island (UHI) phenomenon.
Satellite data from Landsat 9, combined with real-time loT
sensor data, facilitates the analysis of urban temperature
variations across Banjarmasin, South Kalimantan. The
regression analysis, using a model based on loT and
satellite temperature data, computes the regression
coefficient and intercept, providing an equation for
temperature prediction. The coefficient of determination
(R?) is employed to evaluate the model’s explanatory
power, revealing that 95.17% of the temperature variation
can be explained by satellite data. The high R=2value
indicates a strong correlation between urban and rural
temperatures. Furthermore, the Root Mean Square Error
(RMSE) was calculated to quantify the prediction accuracy,
yielding an RMSE of 0.714<C, which suggests the model's
high reliability. The findings demonstrate that satellite data
can significantly enhance UHI mitigation strategies by
informing  decisions on  green infrastructure
implementation. The integration of 10T and satellite data
offers a scalable solution for urban planners to better

address the UHI effect and improve urban resilience to
climate change. The study underscores the importance of
combining technological tools for more accurate and
efficient climate action planning in urban areas.

Keywords Urban Heat Island, Linear Regression,
Satellite Temperature, 10T Sensors, R=2Analysis

1. Introduction

Urbanization has significantly transformed the global
landscape, giving rise to various environmental challenges
that require immediate attention. One of the most pressing
issues is the Urban Heat Island (UHI) phenomenon [1], [2],
[3]. UHI refers to the increased temperatures observed in
urban areas compared to their rural counterparts, primarily
due to human activities such as industrialization,
deforestation, and the development of infrastructure that
retain heat [4], [5]. Materials like concrete, asphalt, and
steel absorb heat during the day and release it at night,
causing urban areas to remain warmer than surrounding
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rural regions [6]. In rapidly growing urban areas, such as
Banjarmasin, the UHI effect is becoming more pronounced,
with urban temperatures consistently exceeding those in
nearby green spaces. Urban expansion typically leads to
the reduction of vegetated areas, which are crucial for
regulating local temperatures [7], [8]. The loss of
vegetation exacerbates the UHI effect, negatively affecting
the quality of life for urban residents. The widespread use
of heat-absorbing materials and the depletion of green
spaces significantly contribute to this rise in surface
temperatures in large cities [9], [10]. This phenomenon
results in a range of negative outcomes, including higher
energy consumption for cooling, worsened air quality, and
adverse effects on public health [11]. Addressing this issue
requires a comprehensive, multidimensional approach that
includes environmental planning, community participation,
and the use of modern technologies. Technologies such as
remote sensing and Internet of Things (IoT) sensors play a
vital role in this context, enabling real-time monitoring and
mapping of surface temperatures across urban areas
affected by UHI [8]. These technologies are crucial for
creating spatial models that can guide effective UHI
mitigation strategies.

Recent research in Indonesia has also emphasized the
importance of studying UHI from multiple perspectives,
including environmental, social, and technological
approaches [12]. For example, studies in Jakarta and
Surabaya have reported significant LST differences
between urban cores and surrounding areas, with indicators
such as NDVI, Normalized Difference Built-up Index
(NDBI), and albedo being frequently used to analyze
spatial variations [13], [14]. Remote sensing methods,
particularly with Landsat and MODIS datasets, have been
widely applied to detect thermal anomalies, while
ground-based sensor networks provide complementary
near-surface data. Methodologies such as time-series
analysis, regression models, and spatial correlation
techniques further strengthen the understanding of the
temporal and spatial dynamics of UHI in Indonesian cities.
These findings highlight the urgent need for sustainable
urban planning that integrates vegetation restoration,
optimized land use, and advanced monitoring systems to
mitigate UHI impacts at the city scale.

A key component in addressing the UHI effect is the
integration of environmental programs, like the Climate
Village Program (ProKlim) initiated by the Indonesian
government [8]. ProKlim is a community-based initiative
aimed at combating climate change by promoting green
infrastructure, expanding vegetation, and advocating for
sustainable urban planning. By involving local
communities, ProKlim empowers residents to actively
reduce the impacts of climate change through initiatives
that enhance green spaces, restore ecological balance, and
improve urban resilience to climate variability. Increasing
vegetation within and around urban areas is one of the most
effective methods for mitigating the UHI effect, as it can

significantly lower surface temperatures [15]. Vegetation
not only provides shade, cooling the environment, but also
acts as a natural carbon sink, reducing greenhouse gas
emissions [16], [17]. ProKlim emphasizes collective
community action, encouraging local participation in
activities such as tree planting and the management of
urban green spaces. The use of advanced technologies, like
remote sensing and loT sensors, enables urban planners
and environmental scientists to develop detailed spatial
models that track temperature variations across different
zones of a city with greater accuracy [18]. These
technologies facilitate more precise monitoring of land
surface temperatures (LST) and provide valuable insights
into areas most affected by UHI. Satellite data, combined
with real-time data from IoT sensors, enables the
identification of regions that need urgent intervention, such
as increasing green areas or reducing the use of
heat-absorbing materials [19]. Additionally, ProKlim
promotes the reduction of emissions through improved
waste management, energy efficiency, and the use of
renewable energy sources. By incorporating these
approaches, ProKlim offers a comprehensive solution for
mitigating UHI and addressing broader climate change
impacts in urban areas.

Remote sensing and spatial analysis are crucial in
providing a deeper understanding of the environmental
dynamics in urban areas, particularly in relation to UHI
[20], [21]. Remote sensing technologies, including satellite
platforms like Landsat 9 and Sentinel-2, are used to capture
land surface temperature (LST) data and map temperature
variations across urban landscapes, which are then
integrated with real-time data from 10T sensors to obtain
more accurate and granular temperature measurements,
and to develop spatial models that guide urban heat
mitigation in cities such as Banjarmasin where UHI effects
are increasingly severe; in these models, the relationship
between vegetation density and surface temperatures
becomes explicit—areas with higher vegetation typically
exhibit lower temperatures than those dominated by
concrete and asphalt—thereby helping planners identify
priority interventions such as tree planting or the creation
of new green spaces, as well as aligning actions within the
Climate Village Program to enhance resilience to broader
climate challenges; the contribution and novelty of this
approach lie in fusing high-spatial-resolution satellite LST
with high-temporal-resolution 10T telemetry, enabling
cross-calibration between satellite LST and nearby sensors
via locally trained correction models, joint geospatial
modeling with vegetation indicators to quantify UHI
sensitivity to green cover at the neighborhood scale, and
real-time hotspot detection using adaptive thresholds that
update with incoming data, so that diurnal/seasonal
uncertainties are better accommodated as sensor time
series bridge satellite gaps; practically, this supports an
operational decision dashboard linking LST and NDVI
maps with live sensor streams to prioritize shading and
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greening along heat-stressed corridors and residential
pockets, and to evaluate impact by comparing
post-intervention LST changes against nearby
air-temperature traces ultimately allowing cities to
implement more proactive, effective, and scalable policies
that align urban development with environmental
sustainability and public well-being, and that can be
replicated in other cities facing similar urbanization and
climate-change pressures.

2. Materials and Methods

This research employs a quantitative approach to test
hypotheses using statistical calculations. Several types of
analyses are utilized, including cross-tabulation, spatial
regression, NDVI analysis, LST analysis, UHI analysis,
sensor analysis, and spatial analysis integration of Remote
Sensing and Geographic Information Systems (GIS) to
support spatial modeling. The study focuses on
developing a spatial UHI model for the Climate Village
Program (Proklim), which involves vegetation inventory,
satellite imagery (Landsat 9 and Sentinel-2) to monitor
land cover changes and temperature variations, model
development using field data, real-time monitoring based
on loT sensors, and satellite imagery, and validation of
the model's accuracy. The model aims to provide
actionable data to manage and mitigate UHI effects by
enhancing vegetation in urban areas. The following
methodology details the data collection, integration, and
spatial analysis used to develop the UHI model,
enhancing our understanding of urban temperature
variations and how to address UHI through targeted
interventions.

2.1. Data Collection and Preprocessing

In the initial stage of the study, satellite imagery was
collected from Landsat 9 and Sentinel-2 to derive Land
Surface Temperature (LST) and vegetation coverage
through the Normalized Difference Vegetation Index
(NDVI). These two datasets provide crucial insights into
the UHI phenomenon, where LST indicates surface
temperature variations, and NDVI offers information
about the health and distribution of vegetation that can
mitigate the UHI effect.

To calculate LST, thermal infrared data obtained from
Landsat 9 [22] and Sentinel-2 were utilized. LST is
computed using the formula:

Tb

LST =
1+(0.0015+ 1228)1n(Ep)

—273.15 (1)

Where Tb refers to the brightness temperature measured
from the satellite's thermal infrared bands (such as Band 10
for Landsat 9). The emissivity Ep is a measure of the
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surface’s ability to emit radiation and is a crucial factor in
adjusting the raw thermal data to account for atmospheric
conditions. The formula above is used to transform the
brightness temperature into an accurate surface
temperature in degrees Celsius. This transformation is
necessary to eliminate the effects of atmospheric
interference, such as water vapor and air molecules, which
may distort the satellite data.

The NDVI, which helps assess the density and health of
vegetation, was calculated using the near-infrared (NIR)
and red bands of the satellites [23]. The formula for NDVI
is:

NIR—RED
NIR+RED

NDVI = @)

Where:

NIR is the near-infrared band from Sentinel-2

RED is the red band from Sentinel-2

The NDVI ranges from -1 to 1, with values closer to 1
indicating healthy, dense vegetation, and values closer to
-1 indicating barren land or water. Areas with higher
NDVI values are likely to have cooling effects due to the
evapotranspiration process of plants, which helps
counteract the UHI effect [24].

Once LST and NDVI values were calculated, the
satellite images were further processed for cloud masking,
using algorithms that identified and removed clouds and
cloud shadows from the images. This step is essential as
clouds and their shadows can obscure the true surface
temperatures and vegetation indices, leading to
inaccuracies in the results. The data were then clipped to
the area of interest, which in this study was the urban
zones of Banjarmasin, South Kalimantan, Indonesia.

The preprocessing of satellite data involved not only
the application of these calculations, but also ensuring the
quality and accuracy of the data by applying radiometric
and geometric corrections. These corrections were
necessary to remove errors related to sensor calibration
and to align the satellite imagery with the Earth's
coordinate system. The result was a set of high-quality,
spatially accurate data that could then be used for further
analysis.

2.2. Integration of IoT Data

10T sensors were deployed across various urban zones,
focusing on areas prone to experiencing high Urban Heat
Island (UHI) effects. 10T technology allows for real-time
environmental monitoring, providing more granular and
timely data than satellite observations, which are limited by
revisit times and cloud cover. The primary advantage of
10T is its ability to continuously monitor temperature,
humidity, and soil moisture at specific locations, which is
essential for a dynamic and accurate representation of
temperature variation in urban environments [25].



800

A Spatial Model of Land Surface Temperature Based on the Integration of Satellite Data and IoT Sensors for

Urban Heat Island Mitigation in the Climate Village Program Banjarmasin

I0T sensors are strategically placed in urban areas with
varying levels of vegetation cover. These nodes were
equipped with sensors to measure both air and soil
temperature, providing continuous data that could be
integrated with satellite-based temperature data for
validation and accuracy enhancement. To combine this
real-time data with satellite-based LST, linear regression
analysis was used to correlate the two datasets [26]. The
linear regression model is expressed as:

y=aX+b 3)

where:

y is the dependent variable (10T data),

X is the independent variable (satellite data),
a is the regression coefficient (slope),

b is the intercept (constant).

The integration of loT data also allowed for the
identification of specific microclimates within urban
environments that were susceptible to higher temperatures,
which satellite imagery alone could not capture due to its
lower temporal resolution. The 10T system also helped
identify temperature variations that occurred during
different times of the day, including nighttime, when the
UHI effect is most pronounced. This dynamic data allows
urban planners to devise more targeted interventions, such
as increasing green space or optimizing urban surfaces to
reflect more sunlight, thereby mitigating UHI.

2.3. Spatial Modeling and Analysis

The integration of both 10T data and satellite-derived
information was used to develop a spatial model to map
UHI intensity across the urban area. To facilitate spatial
modeling, Google Earth Engine (GEE) was employed as
the platform for analyzing the combined datasets. GEE
provides powerful tools for spatial data processing,
enabling the combination of loT real-time data with
satellite imagery and performing spatial analysis
efficiently [27].

One key technique used in this spatial analysis is
Kriging, a geostatistical interpolation method that
estimates the value of a variable at unmeasured locations
based on values at surrounding locations. Kriging is
especially useful for filling in the gaps where 10T data is
not available, and for creating a smooth, continuous
spatial map of temperature variation across the urban
environment [28]. The Kriging interpolation formula is as
follows:

Z(u) = XL, ZAi(x;) (4)

where:

Z(u) is the estimated temperature at location u,

Z(xi) is the observed temperature at location xi,

M are the weights determined by the spatial distance and
covariance between points.

The weights Ai are calculated by solving the spatial
covariance matrix, which ensures that closer observations
contribute more to the estimate than those farther away.
The spatial covariance function measures how much two
points in space are correlated based on their distance from
each other.

Kriging allows the generation of high-resolution
temperature maps, enabling the identification of UHI
hotspots within the urban environment. These maps can
then be used by urban planners and local governments to
target areas that require interventions, such as increasing
urban green spaces, adding reflective surfaces, or
introducing cooling technologies in high-temperature
areas.

In addition to Kriging, other spatial analysis techniques
were applied, including regression analysis and spatial
autocorrelation, to understand the relationship between
UHI intensity and urban factors such as land use,
population density, and vegetation cover. These analyses
revealed that areas with lower NDVI values (indicating
less vegetation) consistently experienced higher surface
temperatures, supporting the hypothesis that increasing
vegetation can effectively reduce UHI.

Furthermore, the spatial model was validated by
comparing predicted temperatures from the model with
actual 10T measurements using statistical metrics such as
Root Mean Square Error (RMSE). The RMSE was
calculated using the formula:

RMSE = \/%Z(yi— y)? ®)

yi represents the observed temperature at point i,

Yy represents the predicted temperature at point i,

n is the total number of observations.

To evaluate how well the linear regression model
predicts 10T air temperatures from satellite-based inputs,
this study reports the coefficient of determination, R=
Conceptually, R= represents the proportion of total
variability in the observed urban temperature that is
explained by the model’s predictions derived from the
satellite (rural) temperature. Values range from 0 to 1,
where values closer to 1 indicate that the model captures
the data pattern with smaller residual errors. Prior to
computing R=2the dataset was time-aligned and cleaned to
remove outliers so that comparisons reflect consistent
measurement conditions. In the context of UHI assessment,
a high R=2supports using satellite information to infer
near-surface thermal conditions, and to track temporal
changes in urban-rural temperature contrasts for
monitoring and policy evaluation. The following equation
defines R=2 using the observed temperatures, the
model-predicted temperatures, and the mean of all loT
temperature observations, followed by a description of
each term.
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The formula used to calculate R=]s:

(yi-yi)2

RZ
Y(yi- ¥)?

=1- (6)
where:

yi is the actual temperature value measured by loT
(Urban),

yi is the temperature value predicted by the linear
regression model based on Satellite temperature (Rural),

¥ is the average of all 10T temperature values.

2.4. Region of Interest

The region of interest encompasses the administrative
extent of Banjarmasin, the capital of South Kalimantan,
situated on a low-lying deltaic plain at the confluence of
the Barito and Martapura rivers, and bordered by Barito
Kuala Regency to the north until west and Banjar
Regency to the south until east. The city is segmented into
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five districts: North, West, Central, East, and South, each
intersected by dense road networks and a fine
hydrological mesh of rivers and canals that shape local
microclimates and urban  morphology. Central
Banjarmasin functions as the urban core with high
built-up density, flanked by mixed residential-commercial
zones in the West and North, while larger patches of open
water and vegetated land are more prevalent toward the
South and East, offering clear contrasts in land cover
needed to examine NDVI-LST relationships and UHI
gradients. Given the city’s flat topography, tidal influence,
and humid tropical rainfall regime, the ROI is well suited
for multi-season analysis that differentiates dry and wet
season thermal patterns, supports perdistrict aggregation
of indicators, and aligns with policy frameworks such as
community-based climate action and green-infrastructure
targeting. The following Figure 1 is an administrative map
of Banjarmasin.
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3. Results and Discussion

In this study, we analyzed LST data in South
Kalimantan using GEE. The analysis revealed significant
variations in LST across different areas, providing
valuable insights into the UHI phenomenon in the region
of Climate village Program Banjarmasin, with the

coordinates [114.60164316191577, -3.296326363850163].

Based on the data obtained, LST in Climate village
Program Banjarmasin City showed minimum and
maximum values, reflecting the temperature differences
between urban and rural areas. The minimum LST values
were recorded in areas with denser vegetation cover,
while the maximum LST values were observed in highly
urbanized areas.

The LST map for Climate Village Program
Banjarmasin in Figure 2, South Kalimantan, from 2024
reveals significant temperature variations across the
region, with temperatures ranging from approximately
20.59<C in cooler areas (depicted in blue) to 30.87<C in
warmer areas (shown in red). The map employs a color
scale to highlight these temperature differences, offering
crucial insights into the spatial distribution of heat within
the city. Urbanized zones, especially around the city
center, exhibit higher temperatures, which is characteristic
of the UHI effect. These areas, marked in yellow and red,
are typically made up of concrete, asphalt, and other
materials that absorb and retain heat, leading to significant

temperature increases compared to surrounding rural areas.

Conversely, the cooler areas, mostly along the riverbanks
and regions with dense vegetation, are marked in blue.
These areas benefit from the natural cooling effects of
vegetation, which provides shade and promotes

evapotranspiration, a process that cools the surrounding
environment. The UHI effect is particularly evident in the
city center, where temperatures are significantly higher
due to human activities, infrastructure, and heat retention
by built surfaces. The UHI intensity in Banjarmasin
ranges from -3.93<C to 1.24<C, with the highest UHI
values found in the urban core. This variation illustrates
the stark contrast in temperature between the urban areas
and their rural surroundings, exacerbated by the
absorption of heat in urbanized zones. The LST and UHI
data provide essential information for urban planners,
highlighting the need for strategies to mitigate the UHI
effect. Implementing more green spaces, promoting
sustainable urban planning, and using reflective materials
in infrastructure could help reduce the urban heat buildup
and enhance the overall environmental quality. The
understanding serves as a basis for further research and
initiatives aimed at improving the city's resilience to
climate change while fostering a healthier and more
sustainable urban environment. Understanding the
seasonal dynamics of vegetation cover can help guide
urban  planning, agricultural  management, and
conservation efforts, so areas with low vegetation can be
prioritized for restoration or reforestation projects.
Additionally, monitoring NDVI trends can help identify
areas at risk of environmental degradation, enabling
timely interventions to mitigate the impacts of climate
change and urban expansion. By integrating such data into
decision-making processes, cities can better align their
growth strategies with environmental sustainability goals.
The NDVI analysis results we studied can be seen in
Figure 3.
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Changes in NDVI Land Cover Area 2020-2024
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Figure 3. Land Cover Area (NDVI) Result in GEE using Sentinel-2

The NDVI-derived land cover area exhibits a clear
sequence of early increase, sudden collapse, and
subsequent recovery between 2020 and 2024, as traced by
the green line in the figure. Starting from roughly 2,000
ha in 2020, the curve rises to about 2,700 ha in 2021,
indicating a strong expansion of vegetated cover relative
to the baseline year. This upward momentum abruptly
reverses in 2022, when the series drops to near zero,
marking an outlier year that stands in stark contrast to
adjacent observations and strongly suggests either a data
discontinuity or an extreme disturbance signal rather than
a gradual ecological trend. The pattern then rebounds in
2023 to approximately 1,500 ha, signaling a partial
restoration of vegetated area from the 2022 trough but still
notably below the 2021 maximum. By 2024, the trajectory
climbs further to around 2,400 ha, recovering most of the
loss since 2022 and surpassing the 2020 baseline while
remaining modestly below the 2021 peak. Interpreted as a
multi-year profile, the sequence forms a V-shaped
recovery: robust pre-2022 gains, a singular nadir in 2022,
and a two-year ascent that re-establishes substantial
vegetated extent by 2024. Year-to-year slopes reinforce
this narrative, with a positive 2020-2021 gradient, a steep
negative 2021-2022 break, and progressively positive
gradients from 2022-2023 and 2023-2024. From a
reporting perspective, 2022 should be annotated as an
exceptional year, and trend statements should emphasize
the return to high coverage levels by 2024 relative to the
baseline while acknowledging the gap to the 2021
maximum. Overall, the chart communicates resilience in
vegetated land cover following a transient disruption,
culminating in a strong late-period recovery that positions
2024 as a near-peak outcome within the observed
window.

The loT Sensor data measurements provide additional
benefits in the form of an early warning system to detect
significant temperature increases in Proklim areas. The
system can be accessed via mobile devices connected to
the internet. The interface display of the system built is

shown in Figure 4.

In Figure 4 with real-time monitoring from loT data,
we collected the data such as air and soil temperature and
humidity. Additionally, data from 10T can be integrated
into spatial models to support Proklim planning. This
model can be used to identify priority areas for
vegetation-based interventions, and also provides a
data-driven framework that can support decision-making
in efforts for sustainable UHI mitigation.

To determine the linear relationship between Satellite
Temperature (Rural) and loT Temperature (Urban), we
need to calculate the regression coefficient (a), which
indicates the rate of change in urban temperature relative
to changes in satellite temperature, and the intercept (b),
which represents the starting point of urban temperature.
With accurate calculations, we can obtain the regression
equation that provides an estimate of loT temperature
based on satellite data, enabling predictive analysis and
UHI mitigation. The calculation for the coefficient and
intercept is as follows:
=Z(Xl X)-(i-y) (7)

« S(Xi- X)Z

From the above formula, the calculation proceeds with

the following steps: a

1. Calculate the average values X and Y where the
average satellite temperature is 26.15°C, and the
average loT temperature is 27.99°C.

2. Calculate the deviation from the average data by
computing the deviation for each pair using the
formula Y(Xi— X)— (yi—¥) and square the
satellite temperature deviations using the formula
Y(Xi — X)2. Using this formula, the results obtained
are a = 0.9148 and b = 4.0665, where the equation
used for the intercept is b = § - aX. After the
calculations, the linear equation obtained is y =
0.9148X + 4.0665, where the data for IoT and
Satellite used in the calculations can be seen in Table
1.
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Figure 4. Real-time data from Internet of Things
Table 1. Comparison of Satellite and IoT Data

Num. Date loT Data Satellite Data

1 12/27/2023 22,31 19,18

2 01/01/2024 22,34 21,18

3 01/18/2024 26,66 25,24

4 02/12/2024 27,33 25,36

5 02/28/2024 30,88 27,89

6 03/14/2024 31,03 28,06

7 04/12/2024 28,89 25,24

8 04/29/2024 27,92 25,36

9 05/14/2024 29,21 27,89

10 05/30/2024 28,88 27,06

11 06/22/2024 30,11 27,22

12 07/12/2024 29,21 26,99

13 07/30/2024 30,23 27,01

14 08/09/2024 31,21 28,02

15 08/18/2024 30,22 28,09

16 09/19/2024 34,21 31,02

17 09/26/2024 32,87 31,09

18 10/28/2024 24,33 29,51

19 11/08/2024 24,22 26,05

20 11/24/2024 25,33 23,13

21 12/08/2024 24,29 22,09

22 12/24/2024 23,87 22,41
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To assess how well the linear regression model explains
the relationship between Satellite Temperature (Rural)
and 1oT Temperature (Urban), the coefficient of
determination (R<F is used. The R=value indicates the
percentage of variation in loT temperature data that can be
explained by Satellite temperature, with values ranging
from 0 to 1. The closer the value is to 1, the better the
model explains the relationship between the two variables.
By calculating R2 we can evaluate whether the linear
regression model used is sufficiently accurate or needs
further improvement by considering other factors.

The calculation results show that the obtained R=value
is 0.9517, indicating that 95.17% of the variation in loT

temperature data can be explained by Satellite temperature.

This value suggests that the linear regression model used
has a high degree of accuracy in predicting urban surface
temperatures based on satellite-derived temperatures.
However, even though the R=value is close to 1, further
validation is carried out using additional evaluation
methods such as Root Mean Square Error (RMSE) to
ensure the model’s reliability under various environmental
conditions.

In linear regression analysis, RMSE is used to measure

34 . X Actual Data

Linear Regression

32

30¢

28}

26}

24}

22t

805

the average error between predicted values and actual
values in the same units as the original data. RMSE
provides insight into how far the model's predictions are
from the actual values, with smaller values indicating a
more accurate model in representing the relationship
between Satellite (Rural) and 10T (Urban) temperatures.

After cleaning the temperature dataset from Table 1 by
removing outliers, a simple linear regression was fitted to
quantify the relationship between rural (satellite-derived)
temperature and urban  (IoT-measured) surface
temperature. Figure 5 plots each observation as a blue
cross, with satellite temperature on the x-axis (°C) and
IoT urban temperature on the y-axis (°C), and overlays the
red regression line that summarizes the overall upward
trend. The updated model explains most of the variation in
urban temperature (R=2=0.9517) and has a small typical
prediction error (RMSE = 0.714), showing that satellite
temperature can accurately predict 10T temperature within
the observed range. In practical terms, for any satellite
temperature value in the figure’s domain, the regression
line provides the corresponding predicted urban
temperature, while the vertical spread of points around the
line indicates the remaining uncertainty.

20 22 24

26 28 30

Figure 5. Linear Regression Analysis of Urban Temperature vs. Rural Temperature
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4. Conclusions

The integration of loT sensors and satellite-derived
temperature data provides a robust method for
understanding and addressing the Urban Heat Island (UHI)
effect. The linear regression model used in this study
effectively correlates 10T and satellite data, with a high R=
value of 0.9517, indicating that satellite temperature data
can predict urban surface temperatures with high accuracy.
The RMSE value of 0.714<C further supports the
reliability of the model. This research highlights the
potential of combining real-time 10T data and satellite
imagery to develop spatial models for UHI mitigation. By
identifying areas with high UHI intensity, urban planners
can target interventions such as increasing green spaces,
using reflective materials, or optimizing urban layouts to
reduce surface temperatures, thus improving urban
resilience to climate change and promoting a healthier
environment. Future research should refine the spatial
models by incorporating additional environmental
variables such as humidity and air quality, expanding the
use of 10T sensors in diverse urban areas, and integrating
data from different satellite platforms to enhance accuracy.
Further studies should also explore the long-term impact
of vegetation-based interventions on UHI mitigation to
assess their sustainability. Lastly, these models should be
extended to other cities with varying climates to evaluate
their scalability and adaptability in different urban
environments.
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