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Abstract -
A detailed understanding of the Urban Heat Island is

crucial for energy efficiency, renewable integration, build-
ing system automation and demand response in district en-
ergy systems. Satellite images provide high resolution in-
formation about land surface temperatures (LST) at urban
scale, but do not provide information about air temperature
(AT), which affect energy performance and thermal com-
fort. This paper presents a methodology to estimate AT at
urban scale for the case of Seoul, South Korea. A Multi-
Layer Perceptron (MLP) neural network was developed to
convert satellite-derived LST to AT using 12 years of satel-
lite imagery and air temperature measurements from local
automatic weather stations (AWS). The method is then inde-
pendently tested by comparing the predicted temperatures
to the measurements from 1000+ distributed “Seoul Data of
Things” (S-DoT) sensors in the city. The model was found
to achieve an R2 value of 0.968 during validation using the
AWS data from the period 2013–2024. The mean difference
during the independent testing was 0.98°C, with an R2 of
0.807, confirming the model successfully predicts actual air
temperatures rather than sensor-specific values.
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1 Introduction
Rapid urbanization and industrialization have intensi-

fied the challenges posed by global warming. As popula-
tion in cities increases, urban areas have become signif-
icant contributors to greenhouse gas emissions while si-
multaneously experiencing the adverse effects of climate
change. Among these effects, the increased air temper-
ature of a city compared to the surrounding rural area,
known as the Urban Heat Island (UHI) [1], exacerbates
global warming by amplifying energy demands and dete-
riorating air quality.

A detailed understanding of the UHI in urban areas is
crucial for urban planning decisions to support both en-
ergy efficiency [2] and renewable integration [3] As urban

temperatures increase, space cooling demand increases,
with implications on the design and operation of buildings
and energy systems. Effective building automation and
demand response in district energy systems require accu-
rate load forecasting, where a detailed understanding of the
expected air temperatures during operation is crucial. In
spite of the considerable effects of the urban environment
on local air temperatures, such data is rarely available at
sufficient spatial resolution, creating a gap between climate
analysis and practical urban energy applications.

1.1 Measuring the UHI

The most direct way to measure the UHI is through
weather stations that record air temperature at standard
heights within the urban canopy, from ground level to the
tops of trees and buildings [4]. However, weather stations
have limited spatial coverage, while the effects of the ur-
ban climate can be highly localized based on street layout
and building materials. Another solution is adding low-
cost weather sensors. For example, Schatz and Kucharik
[5] installed 150 temperature and humidity sensors at 3.5
meters height on streetlights and utility poles in Madison,
USA, to capture fine-scale temperature variations.

One of the most widely used methods for obtaining
precise temperature data in UHI studies is using satellite
imagery. Satellite imagery can provide a very high spatial
coverage of urban land surface temperatures by measuring
thermal radiation from surfaces compared to weather sta-
tions. Thermal remote sensing has been used for decades
to assess the UHI, to perform land cover classifications
and in models of urban surface atmosphere exchange [4].

Ground-based weather stations, while providing accu-
rate point measurements, typically offer sparse spatial cov-
erage in urban areas, often one station per several square
kilometers. This spatial limitation makes it challenging to
capture the fine-scale temperature variations essential for
understanding urban heat island effects and their relation-
ships with UFEs at the building or neighborhood scale.
Satellite thermal imagery offers complete spatial coverage
at resolutions of 30-100m, providing temperature informa-
tion for every pixel across entire cities. However, satellites
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measure surface temperature rather than air temperature,
necessitating conversion methods to obtain the air tem-
perature values required for building energy analysis and
human comfort assessment. Combining these data sources
can offer the spatial completeness of satellite data while
maintaining relevance to energy consumption patterns and
urban planning applications.

1.2 Converting Land Surface Temperature to Air
Temperature

The most fundamental approach to obtain urban-scale
air temperature from satellite data involves simple linear
regression between LST and air temperature [6]. Multiple
linear regression (MLR) incorporates additional predictor
variables beyond LST to improve accuracy [7]. Chen et al.
[8] developed an enhanced empirical regression method
that incorporated multiple predictors and achieved an av-
erage error within ±2.5K for 98% of weather stations.
Another option is Regression Kriging (RK), which applies
regression to establish relationships between temperature
and auxiliary variables, and kriging to spatially interpolate
based on their spatial structure. RK has been successfully
implemented to generate temperature maps at high resolu-
tion [9]. However, it assumes linear relationships in trend,
while temperatures have complicated non-linear relation-
ships, making it infeasible to analyze detailed relationships
[10].

Among machine learning methods, Random Forests
(RF) have emerged as a powerful method for air tempera-
ture estimation [11]. The RF algorithm has a great ability
to handle non-linear relationships and multiple variables,
making it particularly suitable for complex urban environ-
ments. However, RF can create artificial spatial patterns
due to its tree-based structure, which may be problematic
for continuous temperature mapping. Also, RF signifi-
cantly underestimates temperature extremes and struggles
to recover finer scale spatial resolution.

Neural networks have also been successfully imple-
mented. Choi et al. [12] used Artificial Neural Networks
(ANN) and achieved high accuracy, though they noted
that model performance is highly dependent on input vari-
ables and network architecture. Multi-Layer Perceptron
(MLP) neural networks have shown superior performance
for air temperature estimation, particularly in challenging
conditions [13]. MLP can effectively combine LST with
auxiliary variables like NDVI, elevation and solar angles
to create comprehensive air temperature maps [7].

While more advanced algorithms and neural network
architectures could be explored, MLP was selected in this
work due to its robustness, lower data requirements and
demonstrated performance in air temperature predictions.
MLP produces smooth, continuous temperature surfaces
by learning the underlying physical relationships between

variables. MLP can capture the non-linear relationships
between LST and air temperature that vary with surface
types, time of day and weather conditions. The ability
to integrate multiple input variables simultaneously is an-
other key strength. MLPs work well with standard table-
formatted data and do not need special data structures to
perform effectively [14].

1.3 Scope of this paper

This paper presents an MLP-based methodology for the
conversion of LSTs from satellite images to air tempera-
tures at urban scale for energy planning and system oper-
ation. While many studies have examined the UHI effect
and building energy consumption, several research gaps
remain in current approaches. Most research analyzes
these phenomena over short periods, missing long-term
urban transformations and their cumulative impacts [15].
While Raj and Yun [16] analyzed surface UHI effect in
Seoul over 20 years using remote sensing, they specifically
focused on LST rather than air temperatures. Furthermore,
few studies validate their models using independent, spa-
tially dense sensor networks.

These limitations highlight the need for an integrated,
long-term approach that can handle complex non-linear
relationships while providing practical insights for ur-
ban planning. Long-term analysis capturing actual urban
transformations, rather than static snapshots, is essential
for understanding how development patterns influence en-
vironmental outcomes. In this context, this research aims
to contribute to these gaps through: (1) the integration of
long-term satellite and ground-based datasets over a 12-
year period; (2) the use of independent high-density IoT
sensor networks (S-DoT) for external validation; and (3)
the demonstration of spatially continuous air temperature
mapping suitable for urban energy applications. Thus, this
research provides a first step towards a more detailed un-
derstanding of the UHI in Seoul and its effects on urban
energy systems.

2 Methodology
The methodology employs a two-stage approach, as

shown in Figure 1. Stage 1 focuses on training the MLP
using 39 AWSs data as ground truth. Air temperature mea-
surements at 11:12 AM from 2013 to 2024 are matched
with the Landsat 8 overpass time. The MLP model learns
the complex non-linear relationships between 4 input vari-
ables: Land Surface Temperature (LST), Normalized Dif-
ference Vegetation Index (NDVI), Digital Elevation Model
(DEM) and Solar Zenith Angle (SZA), and the measured
air temperature from AWSs. Stage 2 tests the trained
model using independent data from over 1,100 S-DoT
sensors across Seoul since 2021. This independent test-
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Figure 1. Model development and testing methodology showing the five-layer MLP architecture with dropouts

ing confirms the model’s performance on a spatially dense
network not used during training.

2.1 Data collection
2.1.1 Satellite data

This research uses Landsat 8 due to its extensive tem-
poral coverage of over 10 years and high spatial resolution
of 30 by 30 meters. From Landsat 8, the digital eleva-
tion model (DEM) and solar zenith angle (SZA) can be
acquired, while LST and normalized difference vegetation
index (NDVI) can be calculated using three spectral bands:
Band 4 (red), Band 5 (near-infrared, NIR) and Band 10
(Thermal Infrared) [17]. This research uses Google Earth
Engine to collect these bands and calculate the LST and
NDVI of the research area.

Landsat 8 orbits the Earth every 16 days, which means
that the satellite only captures the area 1 or 2 times per
month. Seoul is captured at around 11:12 in the morning,
which is close to the peak temperature in a day. This tem-
poral limitation means that the model outputs consist of
single monthly values derived from these satellite observa-
tions at their specific capture times rather than continuous
temporal data.

Satellite images from Landsat 8 were collected from
March 2013 (the first available month) to December 2024.
During this period, 118 images were collected, however
not all satellite images from Landsat are useful for tem-
perature calculations. Satellite imagery is very vulnerable
to cloud cover, which can obscure most of the land area.
Thus, only images where the cloud coverage was less than
30% sky and the research area was fully visible were se-
lected. When no suitable images were available within

this threshold for specific time periods, the cloud cover-
age limit was incrementally increased if acceptable quality
images could still be obtained. As a result, we were able
to collect 7 valid images per year, which corresponded to
7 valid images per month over the 12-year period of study.

The input features for the MLP model are shown in
Fig. 2. Land Surface Temperature (LST) serves as the
primary input, providing thermal information measured
by Landsat 8 bands at 11:12 AM. The Normalized Dif-
ference Vegetation Index (NDVI) represents vegetation
greenness, which significantly affects the LST and air
temperature relationship through the evapotranspiration
process. NDVI values range from -1 to 1, with higher
values indicating denser vegetation. The Digital Elevation
Model (DEM) represents terrain elevation, affecting air
temperature through the environmental lapse rate where
temperature decreases approximately 6.5°C per 1000 m
elevation gain. Elevation influences wind exposure and
cold air pooling, making it an essential predictor for tem-
perature estimation. Finally, the Solar Zenith Angle (SZA)
represents the angle between the sun and the vertical di-
rection, which determines the intensity of solar radiation.
It influences the amount of solar radiation reaching the
surface, affecting both LST and air temperature.

2.1.2 Weather data

The Korean Meteorological Administration (KMA) op-
erates 554 automatic weather stations (AWSs) throughout
the country that record air temperatures, wind speed, pres-
sure and other climatic factors at subhourly scale [18]. Out
of these, 28 AWSs are installed in Seoul, shown in Fig. 3.
Although the spatial resolution of the AWS is low com-
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Land Surface Temperature (LST) Normalized Difference Vegetation Index (NDVI)

Digital Elevation Model (DEM) Solar Zenith Angle (SZA)

Figure 2. Examples of the four input features in the MLP model

pared to the satellite imagery (28 AWSs in Seoul, which
has an area 605.25 km), it has a very high temporal reso-
lution. This research additionally considers 9 AWSs near
the Seoul border to increase spatial resolution.

In addition to these weather stations, the Korean gov-
ernment installed weather sensors in 2020 as part of an
initiative called Seoul Data of Things (S-DoT). S-DoT is
a city data sensor that collects various urban phenomena
data, such as fine dust level, temperature, relative humidity,
noise, illumination level, ultraviolet radiation, and other
parameters at hourly scale [19]. As of 2024, 1159 sensors
have been installed, as shown in Fig. 3.

2.2 Stage 1: MLP development

The MLP employs a four hidden layer architecture with
an input layer of 4 features and an output layer that progres-
sively reduces the number of neurons from input features
to air temperature prediction. The choice of 128 neurons in
the first hidden layer follows the common heuristic of hav-
ing the first hidden layer size as a power of 2 between 2-5
times the number of inputs [20]. This architecture size has
proven effective in similar atmospheric and environmental
prediction tasks where the relationship between inputs and

outputs involves multiple non-linear interactions [21].
Dropout is one of the most popular regularization meth-

ods for preventing neural network models from overfitting
in the training phase [22]. 20% dropout is applied to the
first 2 hidden layers. The Rectified Linear Unit (ReLU)
activation function is used throughout the hidden layers.
ReLU provides computational efficiency and addresses the
vanishing gradient problem that affects traditional activa-
tion functions in deep networks [23]. The output layer
employs linear activation, appropriate for continuous tem-
perature prediction.

The MLP model follows the common 70-15-15 split
for training, validation and testing sets [21]. The model’s
weights are updated during training using Adam optimizer,
which adapts the learning rate for each weight individually
and incorporates momentum, which helps the optimiza-
tion process continue moving in productive directions and
avoid getting stuck in local minima [24]. A learning rate
of 0.001 is used in weight updates, which is a widely tested
starting point that provides stable convergence for neural
networks across various applications [25]. The model uses
a batch size of 32, as it provides a sufficient gradient aver-
aging to smooth out the randomness inherent in individual
samples [26]. The model trains for a maximum of 200

2285



Figure 3. Location of AWS weather stations (top)
and S-DoT sensors (bottom)

epochs, with an early stopping patience of 20 epochs to
avoid overfitting.

2.3 Stage 2: Independent Testing with S-DoT Sensors

The independent testing begins after the MLP model
has completed training using the AWS data. The trained
model generates air temperature predictions at each S-DoT
sensor location, and these are then directly compared with
the actual air temperature measurements from the S-DoT
sensors at 11:00 AM. The S-DoT sensors are more densely
distributed across Seoul, which provides a spatial testing
that the sparse AWS cannot provide. The dense network
captures microclimate variations within the urban environ-
ment, testing the model’s ability to predict air temperatures

at locations far from any training stations.

3 Results
The MLP model for converting LST to air tempera-

ture was developed, validated and tested using AWS data
(2013–2024) as ground truth and further tested using the
S-DoT sensor data (2020–2024).

3.1 MLP model performance

Figure 4 shows the model training loss, showing how
well the model fits the training data with each epoch, as
well as the validation loss, which shows the model’s per-
formance on the held-out validation set. Both curves show
successful learning behavior, as they decrease rapidly in
early epochs as the model learns patterns, then gradually
stabilize around the 25th epoch. The convergence of both
training and validation curves at similar loss values in-
dicates successful training without overfitting. The early
stopping was activated at epoch 71 when validation loss
showed no improvement for 20 consecutive epochs.

Figure 4. Training and validation loss curves during
MLP development

The performance of the model is quantified in Table 1.
The coefficient of determination (R2) value of 0.968 indi-
cates a well-captured nonlinear relationship between LST
and air temperature. The performance of this MLP aligns
with recent studies in urban temperature estimation, where
Salih et al. [13]’s MLP model obtained an R2 of 0.91. The
Root Mean Square Error (RMSE) of 2.1°C is also in a
similar range compared to other papers, where Choi et al.
[12] got RMSE of 2.19°C using an artificial neural net-
work (ANN). Finally, the Mean Absolute Error (MAE) of
1.62°C provides the average absolute difference between
predicted and actual air temperatures.
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Table 1. MLP performance metrics for each of the
two stages

Data Period R2 RMSE MAE
AWS 2013–2024 0.968 2.10°C 1.62°C
S-DoT 2020–2024 0.807 4.73°C 3.87°C

3.2 Independent S-DoT testing results

The trained MLP model is further tested with indepen-
dent S-DoT sensors for the period 2020–2024. Figure 5
shows the predicted versus observed air temperatures at
S-DoT sensor locations, with points clustering along the
1:1 line. The mean difference is 0.98°C, with a standard
deviation of 4.63°C. The performance of the model during
independent testing (Table 1) is lower than for the valida-
tion test set, though the R2 value of 0.807 still indicates a
reasonable predictive capability. This is in spite of the fact
that S-DoT sensors, unlike AWS, are not installed accord-
ing to meteorological standards, adding to the uncertainty
in their measurements.

S-DoT Sensor Testing: Predicted vs Observed (2020-2024)

1:1 Line

Figure 5. Predicted air temperature testing with S-
DoT sensors (2020-2024)

3.3 Model application: Air temperature maps

Figure 6 shows a scatter plot of the measured LST from
the satellite images and the predicted air temperature (AT)
from the MLP model during the 12-year analysis period.
The results show that the difference between LST and AT
increases as the measured LST increases. This aligns with
Naserikia et al. [27]’s findings, which observed greater
temperature differences between LST and air temperature

in built environments during warm days.

Figure 6. Scatter plot of land surface temperature
and final predicted air temperature for the period
2013–2024

As shown in Table 2, the LST tends to be much larger
than AT in the summer, with mean differences ranging
from 3.94°C in winter to 12.24°C in summer. The larger
summer difference reflects intense solar heating of ur-
ban surfaces during peak radiation hours, while winter’s
lower sun angle and reduced radiation result in smaller
differences. This consistent seasonal pattern validates
the model’s physical realism and demonstrates that the
MLP successfully captures the varying thermal relation-
ships throughout the year. The finalized model is used
to generate air temperature distributions based on LST, as
shown in the maps in Fig. 7.

Table 2. Difference between land surface tempera-
ture and final predicted air temperature

Metric Value
Mean Temperature Difference 7.78°C

Spring 9.40°C
Summer 12.24°C
Fall 7.51°C
Winter 3.94°C

Median Temperature Difference 7.58°C
Standard Deviation 3.88°C

4 Conclusions
The research successfully developed a Multi-Layer Per-

ceptron model to convert satellite-based Land Surface
Temperature (LST) to air temperature using Normal-
ized Difference Vegetation Index (NDVI), Digital Eleva-
tion Model (DEM) and Solar Zenith Angle (SZA) us-
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Land Surface Temperature (LST)Land Surface Temperature (LST)

Air Temperature (AT) Predicted Air Temperature

15°C 20°C 25°C 30°C 35°C

Figure 7. Land surface temperature and predicted air
temperature on 25th May 2022 11:10:19

ing air temperature data from Automatic Weather Stations
(AWSs) as ground truth data. The MLP model achieved
an R2 of 0.968 and tested with independent S-DoT sen-
sor data. The independent testing was conducted using
data from 1000+ S-DoT weather sensors for the period
2020–2024, achieving a mean temperature difference was
0.98°C and an R2 of 0.807, confirming that satellite im-
agery provides a reliable method for urban temperature
monitoring when ground-based stations are limited.

However, it is important to acknowledge that the anal-
ysis uses single hourly temperature observations, since
Landsat provides only 1-2 images per month at a fixed
time of 11:12 AM. Future research should focus on the
development of methods to model diurnal variations in
temperature distributions. The use of more frequent satel-
lite observations, if available, could better capture tempo-
ral scales to demonstrate the cascading effects from urban
form through temperature to energy consumption. Fur-
thermore, more advanced machine learning methods or
hybrid approaches combining satellite images with physi-
cal models to capture diurnal patters should be explored.

Despite these limitations, the decade-long analysis pro-
vides valuable insights into the spatial patterns and long-
term trends that inform urban planning strategies. While
many researchers have tried to use satellite imagery for ur-
ban temperature analysis, few have validated their models
with an independent data source. The testing using S-DoT
sensors, based on over 23,000 data points from a dense
sensor network, shows that satellite-based approaches can
accurately convert data to air temperature. Unlike most
urban studies that analyze data over a short period, this re-
search examines a full decade of data from 2013 to 2024.

The findings from this research provide specific, quanti-
tative guidance for urban planning policies aimed at miti-
gating air temperature and managing energy consumption
in dense urban districts.
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