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ABSTRACT

Urban Heat Islands (UHIs) represent a growing environmental
challenge in rapidly urbanizing cities, particularly in extreme climate
regions such as Ulaanbaatar, Mongolia. This study aims to model and
analyze the spatial distribution of UHIs across six central districts of
Ulaanbaatar using Landsat 5 and Landsat § satellite imagery. Land
Surface Temperature (LST) was derived from Landsat 8, and its
relationship with six spectral indices the Normalized Difference
Vegetation Index (NDVI), Normalized Difference Built-up Index
(NDBI), Modified Normalized Difference Water Index (MNDWI),
Bare Soil index (BI), Normalized Differences Water Index (NDWI),
and Normalized Building Soil Index (NDBSI) was assessed. Two
ensemble machine learning algorithms, Random Forest (RF) and
Extreme Gradient Boosting (XGB), were employed to model UHI
patterns. RF performed better in 1994 (a coefficients of determination
(R?) = 0.72, a root-mean-square error (RMSE) = 1.89°C), while XGB
showed superior performance in 2024 (R*> =0.75, RMSE = 1.97°C). BI
and NDBSI were the most influential contributors to UHI intensity,
whereas vegetated areas (NDVI, MNDVI) had consistent cooling
effects. The spatial modeling revealed a clear intensification of UHI
effects over time, particularly in built-up and bare land zones. This
study is significant as it applies ML techniques to long-term satellite
data in a cold-climate, data-limited urban setting. By providing a rare
longitudinal perspective, it contributes to understanding UHI dynamics
in Mongolia and demonstrates the potential of open-access remote
sensing data combined with ML for urban climate assessments. The
findings offer valuable insight for urban planners, emphasizing the
critical role of green infrastructure in mitigating thermal stress and
informing climate-resilient development strategies in rapidly growing
cities.
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1. INTRODUCTION

Climate change is a critical global driver that
significantly impacts the environment, ecosystems,
and human societies, and it has been increasingly
contributing to the intensification of the Urban heat
island (UHI) phenomenon [1]. UHIs refer to the
phenomenon where urban areas experience
significantly ~ higher  temperatures than their
surrounding rural regions due to human activities and
alterations in land surface properties [2]. The
increasing urbanization, characterized by the
replacement of natural landscapes with impervious
surfaces such as concrete and asphalt, exacerbates
UHIs by altering thermal properties, reducing
vegetation cover, and increasing heat retention.
Understanding and mitigating UHIs is crucial for
urban planning, public health, and climate change
adaptation [3].

In recent years, the integration of multi-source
remote sensing (RS) data with machine learning (ML)
techniques has significantly advanced the study of
natural phenomena, providing powerful and flexible
tools for mapping, assessment, and modeling of
complex environmental processes. Numerous studies
have demonstrated the utility of ML algorithms in
environmentalapplications. For example, Talukdaret
al[4] applied various ML classifiers forland coverand
land use (LULC) classification, achieving an accuracy
of 943% with RF and 88.5% with Support Vector
Machine (SVM). Sainbayar [5] utilized multiple ML
algorithms to model atmospheric CO: concentrations,
with the Light Gradient Boosting Machine (LGBM)
yielding an the coefficient of determination (R?)value
of 0.73. Yoo et al. [6] employed ML techniques to
enhance the spatialresolution of Moderate Resolution
Imaging Spectroradiometer (MODIS) nighttime land
surface temperature (LST) data by integrating
Advanced Spacebome Thermal Emission and
Reflection Radiometer (ASTER) thermal imagery,
wherein the Local Linear Forest (LLF) method
achieved an R? range of 0.85-0.92 and a Root mean
square error (RMSE) between 1.5°C and 2.0°C.
Similarly, Arulananth et al. [7] leveraged
hyperspectral imaging and artificial intelligence to
detect and interpret urban thermal patterns, reporting
classification accuracies exceeding 90%, which
outperformed traditional methods. The aim of this
study is to map and analyze the spatial distribution of
UHIs in Ulaanbaatar using Landsat imagery and
advanced ML algorithms.

2. DATASETS AND RESEARCH
METHODS

2.1. Datasets

For this study, the city of Ulaanbaatar—the coldest
capital city in the world—was selected as the study
area due to its unique climatic conditions and rapid
urbanization. Situated in the Tuul River valley at an
elevation of approximately 1,350 meters above sea
level (47.8864°N, 106.9057°E), Ulaanbaatar
experiences a harsh semi-arid continentalclimate. The
city hasan average annualtemperature of —0.4°C, with
extreme winter lows reaching —40°C and summer
highs occasionally exceeding 35°C. As of 2024,
Ulaanbaatar is home to approximately 1.6 million
residents, representing nearly 48% of Mongolia’s total
population, thereby making it the nation’s most
densely populated urban center [8]. To assess the
spatialdistribution and intensity of the UHI effectin a
representative and comprehensive manner, six
districts of Ulaanbaatar—Bayanzurkh, Chingeltei,
Sukhbaatar, Songinokhairkhan, Khan-Uul, and
Bayangol—were selected as the study area. These
districts were purposefully chosen because they
encompass both the highly urbanized central zones
and the more vegetated and less densely built-up
peripheral areas of the city. This spatial variation in
land use, building density, and green cover provides
anidealbasis foranalyzinghow different surface types
contribute to urban heat dynamics.

To assess the spatial distribution and intensity of
the UHI phenomenon over time, multi-temporal
satellite imagery from the Landsat program was
utilized. Specifically, Landsat 5 Thematic Mapper
(TM) data acquired on September 5, 1994, and
Landsat 8 Operational Land Imager (OLI) data
acquired on September 7, 2024, were used. For
Landsat OLI, LST is derived using the single-channel
method with thermal Band 10, while Band 11, which
is also a thermal band, is excluded from the LST
calculation. The native spatial resolutions of Landsat
TM (120 m)and Landsat OLI (100 m) were resampled
in Collection 1to 30 m,which is the spatialresolution
that we used. In this study,data from the visible, near-
infrared (NIR), shortwave infrared (SWIR), and
thermal spectral bands were utilized. Several
vegetation indices, such asthe Normalized Difference
Vegetation Index (NDVI), Bare Soil Index (BI),

Normalized Difference Water Index (NDWI),
Normalized Difference Bare Soil Index
(NDBSI), Modified  Normalized  Difference
Vegetation Index (MNDVI) and Normalized

Difference Built-up Index (NDBI), were used to
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model the spatial distribution of the UHI using
machine learning algorithms [9].

2.2. Research methods

The standard method forretrieving LST from raw
Landsat datasets requires the conversion of the digital
number (DN) values of the thermal bands (band 6 in
Landsat TM and Bands 10 and 11 in Landsat OLI) first
into absolute radiance values. These radiance values
are then used to derive at satellite brightness
temperature, calculated under an assumption of unity
emissivity and using pre-launch calibration constants
[10]. This process is followed by a correction for
spectral emissivity according to the nature of the
landscape. In this study, we used the preprocessed
Band 10 of Landsat-OLI, containing top of
atmosphere brightness temperature values expressed
in Kelvin to produce an LST map foreach of the study
areas. After converting the brightness temperature
values into degrees Celsius (°C), the emissivity-
corrected LST was calculated [11].

RF is anensemble method that constructs multiple
decision trees using random subsets of the data and
performs analysis by aggregating their predictions,
typically by averaging in regression tasks or voting in
classification tasks. This approach offers high
accuracy and is particularly suitable for handling
large-scale datasets [12].

XGB is a powerful algorithm based on the
ensemble gradient boosting technique, designed to
iteratively grow decision trees in a way that minimizes
prediction error. Inthe XGB algorithm, each decision
tree is grown sequentially, where the output of each
previous tree is used to model the residual errors,
enabling the subsequent tree to focus on correcting
those errors, thus iteratively minimizing overall
prediction error. The final solution is derived by
combining the predictions from alldecision trees in the
model [13].

To evaluate the suitability and predictive
performance of the selected vegetation indices in
modeling UHI distribution, several statistical
performance metrics were computed: R? and RMSE
[14]. For model training and evaluation, 80% of the
dataset wasused fortraining, while the remaining 20%
was reserved for testing the generalization capability
of each model [15].

3. RESULT AND DISCUSSION

In this study, the appropriateness of the selected
indices for modeling the spatialdistribution of the UHI

in Ulaanbaatarwas evaluatedusingdata from the years
1994 and 2024. For the modeling, a totalof 8§18 LST
samples were selected asthe dependent variable, while
six vegetation indices were used as independent
variables. RF and XGB models were employed for
analysis. As shown in Table 1, for the year 1994, the
RF model demonstrated superior explanatory power
compared to the XGB model, with a higher coefficient
of determination (R*> = 0.722). RF model exhibited
lower prediction error, as indicated by a lower RMSE
value. In contrast, for the year 2024, the XGB model
outperformed the RF model, achievingan R? 0f0.682
and an RMSE of 1.972°C.

Table 1. Performance of models predicting the UHI

R? 0.772
RMSE 1.832

0.612
2.322

0.722
1.892

0.532
2.722

R? 0.752

0.832 0.612 0.682

RMSE 1.652 1.332 1.982 1.972

The relationships between LST and various
influencing factors were analyzed using Spearman’s
rank correlation coefficient, with a threshold value set
atr=+0.2. As illustrated in Figurel, the BI, NDVSI,
and NDBI indices exhibited strong positive
correlations with each other(r = 0.71-0.78,p < 0.01).
These indices also showed similarly strong positive
correlations with LST.

1.00

LST
f

0.75

NDVI

0.50

NDBI

-0.25

BI

- 0.00

- —0.2

—0.5
I -0.7
Figure 1. Correlation matrix of vegetation indices for
the year 1994
Conversely, the MNDVI demonstrated a strong
negative correlation, while the NDVI showed a weak

negative association. It is important to note that
Spearman’s correlation coefficient indicates the
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strength and direction of monotonic relationships but
does not provide causal explanations for UHI
processes. In Figure 2, the variable importance ranking
within the spatial distribution model of the UHI
indicates that the NDBSI and BI indices had the
highest relative importance. In opposition to this, the
MNDVI, NDBI, NDVI, and NDWI indices
demonstrated lower significance within the model.

NDBSI

@

MNDVI

NDBI

Yn xamaapax xyebcaruna

NDVI

NDWI

(‘) é 1‘0 1‘5 2’0 2‘5 3‘0 3‘5 4’0
XapbuaHryit a4 xonboraon (%)
Figure 2. Variable importance ranking of vegetation

indices in the RF prediction model

As shown in Figure 3, LST exhibits strong positive
correlations with the BI, NDVSI, and NDBI indices (r
=0.71-0.78,p < 0.01), suggesting that these indices
are critical for identifying impervious surfaces.
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Figure 3. Correlation matrix of vegetation indices for
the year 2024

Figure 4 shows that modeling the spatial
distribution of the UHI in 2024, the XGB model
outperformed the RF model. Within this modeling
framework, the MNDWI and Bl indices demonstrated
high importance, while the NDVI, NDBI, and NDWI
indices showed relatively low significance. Notably,

the NDBSI index exhibited no measurabk
contribution to the model. Based on the modeled
spatialdistribution of UHIs in 1994 and 2024, both RF
and XGB models indicate that LST is consistently
higher over bare land and impervious surfaces, and
lower in areas with significant green space area. In
1994, RF predicted LSTs ranging from 4.8°C to
16.4°C, while XGB produced a narrower range of
8.2°C to 14.4°C.

MNDWI

B

NDVI

NDBI

YN xaMaapax XyBbcarina

NDWI

NDBSI

(I) 1‘0 2‘0 3’0 4’0 5I0
Xapbuanryit a4 xonborpaon (%)
Figure 4. Variable importance ranking of vegetation
indices in the XGB prediction model

For 2024, RF predictions ranged from 18.3°C to
29.5°C, whereas XGB estimated temperatures
between 21.2°C and 25.7°C (Figure 5 and 6). These
results underscore the growing intensity of UHI effects
over time, particularly in the context of expanding
impervious surfaces. Furthermore, the consistent
observation of lower LSTs in vegetated areas
highlights the critical role of green infrastructure in
mitigating UHI intensity. This aligns with previous
studies [16-17] that emphasize the cooling effect of
urban vegetation and its contribution to climate
resilience in rapidly urbanizing regions. UHI research
has largely focused on developed countries where
high-resolution data, extensive infrastructure, and
computational resources are more readily availabk.
For instance, Chakraborty et al. [18] and Debbage et
al. [19] applied RF and Gradient Boosting Machines
to predict urban thermal hotspotsin the United States
with high accuracy (R?= 0.80—0.85). Similarly, Voogt
and Oke [20] employed traditional in-situ
measurements and thermal cameras in Canada to
quantify UHI, although their spatial coverage was
limited. These studies demonstrate the effectiveness of
ML models in UHI detection under optimal data
conditions. In contrast, our study demonstrates the
applicability of ensemble ML algorithms—RF and
XGB—in a data-limited, cold-climate city using freely
available Landsatsatellite data. The models achieved
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Figure 5. Predicted spatialdistribution of the UHI in Ulaanbaatar forthe year 1994 using (a) RF
model and (b) XGB model
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Figure 6. Predicted spatialdistribution of the UHI in Ulaanbaatar forthe year 2024 using (a) RF
modeland (b) XGB model

R? values of 0.72 (1994) and 0.75 (2024), with
corresponding RMSE values of 1.89°C and 1.97°C,
respectively. These results indicate a strong model fit
and showthatrobust UHI modeling is achievable even
under constraints typical of developed countries. The
successful integration of open-source satellite imagery
and ML techniques presents a replicable, cost-
effective framework for UHI assessment in similar
urban contexts. When compared with studies from
developing countries, our results remain competitive.
Hu et al. [21], using XGB in Wuhan, China, reported
R?2=0.81 and RMSE = 1.4°C, slightly outperforming
our model. Phan et al. [22] applied RF, SVM, and
ANN in Ho Chi Minh City, Vietnam, achieving R? =
0.78 for RF. In Lahore, Pakistan, Tanoori et al. [23]
implemented a hybrid RF-ANN modeland obtained a
high R? 0f 0.86, benefiting from the inclusion of socio-
economic variables and high-resolution data.
Although our model does not incorporate socio-
economic or ancillary datasets, it still produces

reasonably high accuracy solely from RS—derived
indices, confirming the potential of RS-based ML
modeling in resource-constrained settings.

4. CONCLUSION

This study investigated the spatialdistribution and
temporal evolution of the UHI phenomenon in
Ulaanbaatar, Mongolia, using Landsat satellite
imagery from 1994 and 2024, in conjunction with ML
algorithms RF and XGB. Despite the data and resource
constraints common in developing and cold-climate
regions, both models demonstrated reliable predictive
performance, with RF achieving R2=0.72 in 1994 and
XGB attaining R?2=0.75 in 2024.

The findings indicate a significant intensification
of UHI effects overthe past three decades, particulary
over impervious surfaces such as bare soil and built-
up areas, while vegetated zones consistently exhibited
lower LSTs. Among the spectral indices analyzed, the
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BI and NDBSI had the highest positive correlation
with LST, highlighting the critical role of surface
materials in influencing urban heat dynamics.
Conversely, vegetation indices such as NDVI and
MNDVI demonstrated cooling effects, emphasizing
the importance of green infrastructure.

Compared to similar studies in both developed and
developing countries, this research achieved
comparable model accuracy using only open-access
data, and contributed a rare long-term perspective on
UHI dynamics in a high-altitude, cold urban
environment. The successful application of RF and
XGB modelsin this context demonstrates the potential
of cost-effective and scalable ML-based approaches
for urban climate assessments in data-limited regions.
These findings offer valuable implications for urban
planners and policy makers. The consistent
identification of thermal hotspots and the mitigating
role of vegetation suggest that the integration of green
spaces into urban development strategies should be a
top priority. Future research could benefit from
incorporating socio-economic variables, higher-
resolution imagery, or real-time climate data to further
enhance model accuracy and policy relevance.
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