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Abstract

Urban heat islands (UHIs) significantly influence microclimatic conditions, energy con-
sumption, and public health. This research leverages ensemble models and correlation
analysis based on Landsat 5-8 satellite data to forecast LST and explore its environmental
relationships. This study employed the XGBoost machine learning algorithm to model
seasonal LST dynamics in three rapidly urbanizing Arkansas cities, including Fort Smith,
Little Rock, and Northwest Arkansas, using Landsat imagery from 2001 to 2021. The results
show significant increases in urban heat, particularly in the summer, with Fort Smith seeing
an increase in the area classified in higher-temperature bins (35–45 ◦C) from approximately
33% in 2001 to more than 83% by 2021. Model validation showed high predictive perfor-
mance (R2 = 0.74–0.78, RMSE ≤1.46 ◦C), indicating reliable project-based estimation of
spatial LST variability for 2026 and 2031. The results revealed a substantial intensification
of built-up area expansion, to 9.8% by 2026 and 20.7% by 2031, accompanied by cropland
reductions of 13.2% and 25.5%, respectively. This rapid urban growth is projected to elevate
summer LSTs above 45 ◦C across more than 700 km2 combined, and winter LSTs to ≥25 ◦C
across nearly 125 km2 in the region by 2031. The integration of Landsat time series data
and machine learning provide valuable insights for urban planners and policymakers,
underscoring the critical importance of targeted climate-resilient strategies and sustainable
urban development practices.

Keywords: land surface temperature (LST); urbanization impact; XGBoost; machine learn-
ing; remote sensing; urban heat island (UHI)

1. Introduction
Land Surface Temperature (LST) is an important biophysical parameter that indi-

cates the thermal condition of the Earth’s surface and has a substantial impact on energy
exchanges between the land and atmosphere [1]. In urban environments, LST is closely
linked to evapotranspiration, surface radiation balance, and near-surface thermal condi-
tions, making it an essential variable for understanding urban microclimates [2,3]. Rapid
urbanization modifies land surfaces by expanding impervious materials such as asphalt,
concrete, and rooftops, which absorb and re-radiate heat more efficiently than vegetated
or permeable surfaces. As a result, urban areas often exhibit elevated LST compared with
surrounding rural landscapes, contributing to the urban heat island (UHI) effect [4]. This
thermal difference leads to higher ambient temperatures in urban areas than in surround-
ing rural regions [5]. The amplified UHI effect increases building energy consumption,
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degrades air quality, and raises heat-related health risks, particularly for socioeconomically
disadvantaged groups [6].

With the rapid advancement of urban development, measuring and predicting LST
has become critical for assessing climate resilience and forming mitigation strategies. Ur-
banization significantly increases surface heat retention due to reduced evapotranspiration,
altered albedo, and denser configurations of synthetic materials. Urbanization greatly
increases surface heat retention due to reduced evapotranspiration, changed albedo, and
dense synthetic material configurations [7].

While broad climatic patterns influence atmospheric temperature, LST is highly sensi-
tive to local land-surface factors such as vegetation cover, water bodies, and urban infras-
tructure characteristics. [8,9]. These localized thermal variations necessitate high-resolution,
spatially explicit modeling to capture the full scope of urban climate transformation.

Researchers are now better able to track and simulate LST in both space and time,
thanks to developments in thermal RS and geographic information systems (GIS) [4].
Researchers may derive complex surface condition variables and incorporate them into
modeling algorithms using the comprehensive satellite imagery available, including Land-
sat 5 and 8, and spectral indices like the normalized difference vegetation index (NDVI)
and the Normalized Difference Built-up Index (NDBI) [10–12].

Recent developments in machine learning (ML) and remote sensing (RS) methods have
greatly improved our capacity to track and forecast urban thermal dynamics, particularly
LST variations. [13–15]. To estimate LST, several studies have used different ML algorithms,
highlighting both their advantages and disadvantages. One example is the successful
application of XGBoost, a sophisticated gradient boosting technique, to create nonlinear
relationships between environmental variables and LST. [16,17]. It has shown strong per-
formance in capturing intricate relationships between predictors such as NDVI, surface
emissivity, and land-use patterns. Furthermore, ensemble models that combine XGBoost
with other techniques, such as Bagging and AdaBoost, have improved forecasting accuracy
by effectively capturing nonlinear relationships among environmental parameters [18,19].
In addition, several urban climate studies used the LSTM model because of its superior
ability to capture long-term dependencies and complex temporal–spatial dynamics of
urban heat islands, outperforming traditional linear regression models. [7,20,21]. Studies
that combined the urban thermal field variance index and land use/cover (LULC) simula-
tions with artificial neural network (ANN) and cellular automata were also successful in
predicting future urban heating scenarios, demonstrating the impact of urban expansion
on thermal environments [22,23]. Although these studies demonstrate the value of ML for
urban climate analysis, many applications have focused on large metropolitan areas or on
short-term modeling settings. At the same time, mid-sized cities in the southern United
States remain comparatively underexplored. [24].

This gap is particularly relevant in Arkansas, where cities such as Fort Smith, Little
Rock, and Northwest Arkansas have experienced sustained urban expansion, vegetation
loss, and increasing development pressure over the past two decades. These urban centers
represent distinct geographic and environmental settings, yet all are undergoing land trans-
formations that may intensify surface warming. Previous land use and land cover analyses
have indicated continued growth of impervious surfaces and associated environmental
change in these regions. Still, fewer studies have explicitly modeled the spatial variability
of LST using multi-temporal remote sensing and ML in this regional context.

Accordingly, this study uses an XGBoost-based ML framework to model seasonal LST
dynamics in three rapidly urbanizing Arkansas cities using multi-temporal Landsat imagery
from 2001 to 2021. Landsat-derived spectral bands, thermal information, vegetation and
built-up indices, and spatial variables were used to examine relationships between land
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surface characteristics and LST and to evaluate model performance across contrasting urban
environments. The specific objectives of this study are to: (1) characterize spatio-temporal
patterns of LST across Fort Smith, Little Rock, and Northwest Arkansas; (2) assess the
relationships between LST and Landsat-derived spectral and environmental predictors;
and (3) evaluate the performance of XGBoost for modeling urban thermal variability
using multi-temporal remote sensing data. By focusing on recent LST dynamics rather
than unsupported long-range forecasting, this study contributes a more methodologically
consistent framework for urban heat assessment. It offers insights relevant to climate-
resilient urban planning and land management.

Crucially, to the best of the authors’ knowledge, no prior research in the State of
Arkansas has employed coupled LULC and LST predictive modeling, nor has any regional
study deployed advanced machine learning architectures to address these localized en-
vironmental dynamics. This research directly addresses this regional literature gap by
presenting a comprehensive multi-city assessment. The novelty of this work rests on
establishing the first predictive machine learning baseline for Arkansas’s primary urban
networks while evaluating how centralized monocentric development forms (Little Rock
and Fort Smith) differ in thermal accumulation from rapidly sprawling polycentric linear
corridors (Northwest Arkansas).

2. Study Area
This study examines three major urban areas in Arkansas, USA: Fort Smith, Little

Rock, and Northwest Arkansas (NWA) (Figure 1). These locations were chosen because
they are the state’s three largest urban centers in terms of population and development,
and each has experienced significant land expansion over the past two decades. More
importantly, including all three areas enables evaluation of the LST forecasting model across
three urbanization patterns typical of the southern United States, allowing comparison of
how distinct spatial forms and economic functions influence surface thermal conditions.

Fort Smith is located in western Arkansas near the Oklahoma border at approximately
35.39◦ N and 94.40◦ W, with an elevation of about 141 m. It is one of the state’s principal
industrial and commercial centers and has undergone notable urban and suburban develop-
ment. These changes have altered land surface characteristics, making the area suitable for
assessing relationships between urbanization and surface thermal behavior. Unlike Little
Rock, Arkansas’s capital city, Fort Smith exhibits a low-to-moderate-density industrial grid
spatial morphology. Its population growth and development trajectory have been linear
and more conservative, resulting in a land-cover composition that blends heavy industrial
materials (with low albedo and high thermal mass) with stable agricultural landscapes.

Northwest Arkansas is a rapidly growing metropolitan corridor that includes Fayet-
teville, Springdale, Rogers, and Bentonville [25]. Located on the Ozark Plateau in the
northwestern part of the state, the region generally ranges in elevation from approximately
350 to 420 m. Compared with Fort Smith and Little Rock, NWA has a different topographic
and land cover setting, with higher elevation, strong recent population growth, and exten-
sive conversion of vegetated and agricultural land to urban use. These characteristics make
it especially relevant for evaluating emerging urban heat patterns in a fast-developing
landscape [26].

All three study areas are influenced by a humid subtropical climate, characterized by
hot summers, mild winters, and annual precipitation generally ranging from about 1100 to
1250 mm [27]. However, local variations in elevation, urban density, vegetation cover, and
development intensity contribute to differences in thermal response across the three regions.
These contrasting characteristics make Fort Smith, Little Rock, and Northwest Arkansas
appropriate case studies for analyzing LST variability and machine-learning-based urban
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heat modeling in Arkansas, demonstrating that the proposed forecasting framework is
robust and transferable across vastly different urban structural contexts.

Figure 1. Arkansas map showing the locations of cities considered in the study, along with the
elevation in the background.

3. Materials and Methods
3.1. Datasets

This study used multi-temporal Landsat imagery to analyze seasonal LST dynam-
ics across three urban regions in Arkansas: Fort Smith, Little Rock, and Northwest
Arkansas. Satellite data were selected for five reference years—2001, 2006, 2011, 2016,
and 2021—across both summer and winter seasons to capture temporal variability in
surface thermal conditions under contrasting seasonal conditions.

Landsat 5 Thematic Mapper (TM) imagery was used for 2001, 2006, and 2011, while
Landsat 8 Operational Land Imager/Thermal Infrared Sensor (OLI/TIRS) imagery was
used for 2016 and 2021. All scenes were obtained from the United States Geological Survey
(USGS) archive through Google Earth Engine (GEE), using Collection 2 products to ensure
radiometric and geometric consistency across years. Table 1 summarizes the selected
Landsat images, including sensor type, the Worldwide Reference System (WRS) path/row,
and acquisition dates for each study area and season [28]. The selection of USGS Tier 1
products guarantees an absolute clear-sky radiometric calibration accuracy of less than
1 ◦C within the thermal infrared bands, rendering these datasets highly robust for multi-
decadal climate monitoring without the structural degradation common in uncalibrated
raw datasets.

To reduce the effects of cloud contamination and seasonal inconsistency, scenes were
selected within representative summer and winter periods and filtered to retain images
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with low cloud cover [29]. In cases where cloud-free winter imagery was limited, the
clearest available scenes nearest to the target season were used to preserve spatial coverage
and image quality. Cloud and shadow pixels were masked using the QA_PIXEL band.
The remaining small gaps were reduced using a 3 × 3 focal mean filter [30]. All raster
layers were resampled to a uniform spatial resolution of 30 m, clipped to the study area
boundaries, and projected to a common coordinate reference system to support consistent
multi-temporal analysis. This 30 m spatial resolution represents the optimal open-source
baseline for resolving microclimatic contrasts across mid-sized municipal infrastructures.

The Landsat imagery served as the basis for deriving thermal and spectral predictors
used in subsequent modeling, including brightness temperature, vegetation indices, built-
up indices, and other surface-condition variables [31]. These datasets formed the multi-
temporal input framework used to model LST variability across the three study regions [32].

Table 1. Landsat images with the Worldwide Reference System (WRS) Path/Row used for seasonal
LST analysis.

City Year Sensor WRS
Path/Row Summer Acquisition Date(s) Winter Acquisition

Date(s)

Fort Smith 2001 Landsat 5 TM 026/035 22 July 2001 29 December 2001
2006 Landsat 5 TM 026/035 2 June 2006 24 October 2006
2011 Landsat 5 TM 026/035 3 August 2011 6 December 2010
2016 Landsat 8 OLI-TIRS 026/035 13 July 2015, 17 September 2016 20 November 2016
2021 Landsat 8 OLI-TIRS 026/035 13 July 2021 18 November 2021

Little Rock 2001 Landsat 5 TM 024/036 25 August 2001 28 October 2001
2006 Landsat 5 TM 024/036 6 July 2006 13 December 2006
2011 Landsat 5 TM 024/036 6 September 2011, 17 May 2011 9 November 2011
2016 Landsat 8 OLI-TIRS 024/036 2 August 2016 6 November 2016
2021 Landsat 8 OLI-TIRS 024/036 31 July 2021 4 November 2021

NWA 2001 Landsat 5 TM 026/035 22 July 2001 29 December 2001
2006 Landsat 5 TM 026/035 2 June 2006 24 October 2006
2011 Landsat 5 TM 026/035 3 August 2011 6 December 2010
2016 Landsat 8 OLI-TIRS 026/035 13 July 2015, 17 September 2016 20 November 2016
2021 Landsat 8 OLI-TIRS 026/035 13 July 2021 18 November 2021

3.2. Retrieval of LST

LST was derived from Landsat thermal imagery using a single-channel retrieval
approach implemented in GEE. This method was applied to all selected Landsat scenes
after image preprocessing and cloud masking. The workflow was designed to provide
internally consistent LST estimates across multiple years and seasons for subsequent
ML analysis.

For Landsat 5, thermal band 6 from the USGS Collection 2 Level 2 product was used,
while for Landsat 8, thermal band 10 was used. Brightness temperature (BT) was obtained
from the thermal bands after applying the appropriate scaling factors provided in the
Landsat Collection 2 data products. Cloud and shadow pixels were masked using the
QA_PIXEL band based on USGS bitmask criteria. To reduce the impact of small data gaps
due to residual cloud contamination, a 3 × 3 focal mean filter was applied to the masked
raster layers.

Surface emissivity was estimated dynamically from vegetation conditions derived
from NDVI. Fractional vegetation cover (FV) was first calculated from NDVI values, and
emissivity was then estimated as a function of FV following established single-channel
LST retrieval procedures. The derived emissivity values were combined with brightness
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temperature to compute LST using the Planck-based single-channel equation, which has
been widely applied in Landsat-based thermal studies [33,34].

The general form of the retrieval is expressed as:

FV =

(
NDVI − NDVIMin

NDVIMax − NDVIMin

)2
(1)

ε = 0.97 × (1 − FV) + 0.99 × FV (2)

Brightness temperature (in Kelvin) and emissivity were then used to compute LST
with Equation (3), the Planck-based single-channel equation [35,36]:

LST =
TB

(1 + ((λ × TB)/ρ)× Ln(ε))
− 273.15 (3)

where:
TB = Brightness temperature (Kelvin), λ = Wavelength of thermal radiation (10.895 µm

for Landsat 8), ϱ = h × c/σ ≈ 1.438 × 10−2 m·K, ε = Surface emissivity.
The resulting LST rasters were used as the dependent variable in subsequent modeling.

Because these LST estimates were derived rather than directly observed, their interpretation
should be considered in the context of methodological uncertainty associated with emissiv-
ity estimation, atmospheric effects, and thermal band calibration. To improve transparency,
the study treats the retrieved LST maps as internally consistent thermal surfaces suitable
for comparative multi-temporal modeling across the three study regions.

3.3. Feature Extraction and Selection

To characterize the land surface conditions associated with spatial variability in LST, a
set of spectral, thermal, and spatial predictor variables was derived from the Landsat im-
agery for each study area. These variables were selected to represent key surface properties
related to vegetation cover, built-up intensity, surface moisture, and geographic location.

The predictor set included reflectance-based spectral bands, BT, and several commonly
used remote sensing indices derived from Landsat imagery. These included the NDVI,
NDBI, normalized difference moisture index (NDMI), green soil-adjusted vegetation index
(GSAVI), enhanced vegetation index (EVI2), bareness index (BI), and built-up soil index
(BSI). Spatial coordinates (latitude and longitude) were also included to account for loca-
tional variation and spatial heterogeneity in LST patterns. Tables 2 and 3 summarize the
predictor variables used in the modeling framework.

To explore the relationships between these variables and LST, Pearson correlation
coefficients were calculated separately for the Landsat 5 and Landsat 8 datasets [37]. The
resulting correlation matrices were used as an exploratory tool to evaluate the direction
and relative strength of associations between predictor variables and LST, rather than as
the sole basis for variable inclusion. This step helped assess the relevance of vegetation,
built-up, and moisture-related indices in explaining thermal variability across the study
areas [38].

The selected predictor variables were then assembled into the ML input dataset
used for model development. Together, these variables provided a multi-dimensional
representation of land surface characteristics and their relationship with observed LST
patterns [39,40].
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Table 2. Spectral bands and indices are used as predictors for LST modeling.

Feature Description Source

Latitude/Longitude Spatial coordinate of each pixel Metadata

Blue Blue band reflectance Landsat 8 OLI Band 2

Green Green band reflectance Landsat 8 OLI Band 3

Red Red band reflectance Landsat 8 OLI Band 4

NIR Near-infrared reflectance Landsat 8 OLI Band 5

SWIR1 Shortwave infrared 1 reflectance Landsat 8 OLI Band 6

SWIR2 Shortwave infrared 2 reflectance Landsat 8 OLI Band 7

BT Brightness Temperature Landsat 8 TIRS Band 10

Blue Blue band reflectance Landsat 8 OLI Band 2

Green Green band reflectance Landsat 8 OLI Band 3

Red Red band reflectance Landsat 8 OLI Band 4

NIR Near-infrared reflectance Landsat 8 OLI Band 5

Table 3. Spectral indices derived from Landsat 8 bands.

Index Description Formula

NDVI Normalized Difference Vegetation Index (NIR − Red)/(NIR + Red)

NDBI Normalized Difference Built-up Index (SWIR − NIR)/(SWIR + NIR)

NDMI Normalized Difference Moisture Index (NIR − SWIR1)/(NIR + SWIR1)

GSAVI Green Soil Adjusted Vegetation Index (NIR − Green)/(NIR + Green + 0.5) × (1 + 0.5)

EVI2 Enhanced Vegetation Index (2-band) 2.5 × (NIR − Red)/(NIR + 2.4 × Red + 1)

BI Bare Soil Index (SWIR1 + Red − NIR − Blue)/(SWIR1 + Red + NIR + Blue)

3.4. Training of Selection Points for Predicting LST

LST modeling models were trained using a stratified random sampling strategy.
Sample points for about 400 were distributed across urban areas in Fort Smith, Little Rock,
and NWA to ensure balanced spatial and seasonal coverage. Each sampled point included
all spectral and index-based predictors, as well as the corresponding LST value retrieved
using the single-channel algorithm (Figure 2).

The sampled dataset was divided into training (70%) and validation (30%) subsets to
support model calibration and independent performance assessment. Sample locations
were distributed across the study area to provide broad spatial coverage and to capture
variability in surface characteristics represented in the multi-temporal predictor stack. The
resulting training and validation subsets were then used in the XGBoost (version 2.1.0)
modeling framework described below [24,41,42].
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(a)  (b)  (c) 

Figure 2. Spatial distribution of sampling points used for training and validation of the XGBoost
model across the three urban study areas: (a) Fort Smith, (b) Little Rock, and (c) Northwest Arkansas.
Red dots indicate selected pixels overlaid on LST images derived from the single-channel method.
The sampling design ensures balanced spatial coverage for robust model performance.

3.5. XGBOOST Regression

The extracted spectral, thermal, and spatial predictors were used to model LST using
the XGBoost algorithm. XGBoost is a supervised ML method based on gradient-boosted
decision trees. It is widely recognized for its computational efficiency, robustness, and
ability to capture nonlinear relationships in high-dimensional datasets [43].

The model was implemented in Python 3.11 using the XGBoost library in Google
Colab. The predictor set included multi-temporal spectral and index-based variables
derived from Landsat imagery, together with spatial coordinates and previously derived
thermal information. These variables were used to represent both environmental conditions
and spatial variability associated with surface thermal patterns [44].

The sampled dataset was divided into training and validation subsets using a 70:30
split. Model performance was evaluated using three standard regression metrics: coefficient
of determination (R2), root mean square error (RMSE), and mean absolute error (MAE) [18].
These metrics were used to assess how well the model reproduced the spatial variability of
the target LST surface [17].

Model tuning focused on identifying an appropriate learning rate while maintaining
the same overall model structure during repeated testing. The final calibrated model was
then applied to the full predictor stack to generate spatially continuous LST estimates for
each study area. This workflow allowed assessment of the model’s ability to represent urban
thermal variability from multi-temporal remote sensing inputs [45]. Figure 3 illustrates
the comprehensive methodological framework of this study, which is divided into two
integrated phases: Google Earth Engine (GEE)-based data extraction (right) and ML-based
modeling (left).
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Figure 3. Workflow of the methodology used in this research.

3.6. Generation of Future Predictor Variables

For the 2026 and 2031 LST predictions, spatial predictor variables were developed
using future LULC scenarios and a combined Cellular Automata–Markov (CA-Markov)
model. The modeling of LULC, along with its calibration and validation, was detailed in our
previous studies [46]. Briefly, future urban expansion and vegetation decline across the three
case study areas were simulated using the CA–Markov model based on NLCD (National
Land Cover Database) datasets from 2001 to 2021. Transition probability matrices and
spatial transition rules were established using a 3 × 3 Moore neighborhood configuration
and terrain-based constraints.

Since spectral indices (e.g., NDVI, NDBI, NDMI, BI) need satellite reflectance data,
spectral proxy layers were built for 2026 and 2031 using CA-Markov results. Specifically,
the mean index value associated with LULC 2021 (based on the Landsat 8 2021 base
image) for each classification (Water, Vegetation, Cropland, Built-Up, and Bare Land)
was extracted. These class-specific spectral signatures were then assigned to the newly
transitioned pixels in the 2026 and 2031 simulated LULC maps. This substitution assumes
that the fundamental physical properties of the land-cover classes remain relatively stable
over the short-to-medium term. The resulting simulated predictor stacks served as input
variables for the calibrated XGBoost model to project the future spatial distribution of LST.

4. Results
4.1. Model Accuracy

Model performance was evaluated across the three study areas using R2, RMSE, and
MAE (Table 4). The results indicate that the predictor variables captured a substantial
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proportion of the spatial variability in the target surface, with R2 values ranging from
0.74 to 0.78.

Northwest Arkansas showed the highest model performance (R2 = 0.78), followed
by Fort Smith (R2 = 0.77) and Little Rock (R2 = 0.74). RMSE values ranged from 1.35 ◦C
to 1.46 ◦C, while MAE values remained at or below 1.00 ◦C across all three study areas.
These results indicate that the model reproduced spatial thermal patterns with reasonable
consistency despite differences in topography, vegetation cover, and urban structure among
the three regions.

The calibrated models also showed differences in selected learning rates among the
study areas, reflecting variation in model behavior under different urban and environ-
mental conditions. Overall, the validation statistics support the suitability of the XGBoost
framework for modeling spatial variability in the target surface from multi-temporal remote
sensing predictors. Figure 4 compares the observed values derived from the single-channel
method with the corresponding model estimates for the three study areas.

Table 4. Accuracy assessment of the XGBoost regression method from spectral variables.

XGBoost Model

Parameter Fort Smith Little Rock Northwest Arkansas

R2 0.77 0.74 0.78
RMSE 1.35 1.46 1.45
MAE 0.91 0.94 1.00

Learning Rate 0.15 0.20 0.18
Number of samples 426 944 1067

(a)  (b) 

Figure 4. Cont.
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(c) 

Figure 4. Performance evaluation of XGBoost Regression method for estimated and measured LST in
2021 using data from 2011 and 2016: (a) Fort Smith, (b) Little Rock, and (c) NW Arkansas.

4.2. Spatial Distribution of LST

Figure 5a–c illustrates the spatial distribution of LST across Fort Smith, Little Rock,
and Northwest Arkansas from 2001 to 2021 at 5-year intervals. The maps show a clear
intensification of surface warming over time, particularly in urban cores and expanding
developed areas. This pattern is consistent with increasing impervious surface cover and
reduced vegetation across the study regions.

Fort Smith and Little Rock show pronounced warming in downtown, industrial, and
newly developed zones. At the same time, Northwest Arkansas exhibits notable increases
in thermal intensity across rapidly urbanizing areas such as Fayetteville, Springdale, Rogers,
and Bentonville. In contrast, surrounding vegetated and less-developed areas generally
remain cooler, highlighting the moderating role of vegetation and lower development
intensity on surface thermal conditions.

Overall, the spatial patterns indicate a strong urban heat effect in all three regions, with
warming becoming more extensive and spatially concentrated over time. These observed
distributions provide a spatial basis for understanding recent urban thermal change and
for evaluating the relationship between land development and surface heat intensity in
Arkansas.

Temperature statistics across the three study regions further support these mapped
patterns (Table 5). During summer, mean temperatures generally increased over time,
with Fort Smith and Northwest Arkansas showing especially strong warming by 2021.
Little Rock also exhibited a warming trend, although with slightly lower mean summer
values than the other two regions. Maximum summer values consistently remained high
across all study areas, indicating persistent exposure to intense surface heating during
warm-season conditions. Winter temperatures showed greater variability than summer
temperatures, but the overall pattern suggests milder thermal conditions in later years for
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all three study areas. Mean and maximum winter values generally increased over time,
while extremely low values became less dominant in later periods. The tight alignment
between physical urban expansion and LST inflation confirms a potent regional UHI effect
driven by rapid LULC transformations [8,10,47]. As native vegetation and soil are replaced
by high-mass, low-albedo engineering materials (e.g., asphalt, concrete), the landscape’s
natural latent heat flux via evapotranspiration is heavily suppressed. This drives a drastic
spike in sensible heat flux, converting expanding metropolitan zones into highly efficient
thermal traps.

The multi-centric warming pattern unique to NWA is a direct byproduct of its spe-
cific infrastructure boom. The rapid merger of four distinct municipalities into a single
metropolitan strip has created a continuous corridor of high-heat-retaining surfaces. In
contrast, the centralized warming shapes seen in Fort Smith and Little Rock reflect classic
monocentric urban density profiles.

These findings indicate that if the current pace of impervious surface expansion
continues without strategic urban forestry interventions, regional climate vulnerabilities
will escalate. The resulting high baseline surface temperatures will likely increase cooling
energy demand, accelerate localized smog formation, and pose severe cardiovascular and
thermal health risks to vulnerable populations residing in urban cores.

Together, these seasonal patterns (Figure 5) indicate stronger warming during sum-
mer and more moderate warming during winter, consistent with recent urban thermal
intensification across the region.

(a) 

Figure 5. Cont.
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(b) 

 
(c) 

Figure 5. Spatial distribution of LST across the study regions ((a): Fort Smith, (b): Little Rock,
(c): NWA).
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Table 5. LST variation in (C) over the study area from 2001 to 2021 during the summer and winter seasons.

City Season Year Min Max Mean STD

Fort Smith Summer 2001 12.76 48.41 28.91 2.67

2006 26.92 45.10 32.01 2.32

2011 18.47 45.43 31.58 2.99

2016 27.57 46.15 34.09 2.66

2021 28.49 46.72 37.47 2.76

Winter 2001 −15.23 9.16 3.23 1.42

2006 −14.91 16.26 6.97 1.53

2011 −10.23 23.67 15.78 1.43

2016 −1.53 23.41 16.09 2.27

2021 3.73 27.57 17.54 1.62

Little Rock Summer 2001 19.91 39.18 29.83 2.43

2006 17.67 45.11 30.35 3.15

2011 8.91 41.49 27.32 3.42

2016 25.45 45.21 32.46 2.56

2021 4.52 46.88 34.04 2.88

Winter 2001 −4.45 24.23 14.04 1.75

2006 −3.42 22.74 15.45 1.41

2011 −3.41 25.39 15.31 1.92

2016 −1.15 28.42 16.75 2.18

2021 6.31 31.54 21.43 1.97

NWA Summer 2001 24.11 43.09 31.18 2.02

2006 11.91 41.92 27.12 2.31

2011 27.43 43.89 32.51 2.13

2016 21.59 45.73 31.99 3.03

2021 24.14 46.91 39.10 2.24

Winter 2001 −21.63 5.83 0.07 1.29

2006 −20.94 15.78 5.18 1.58

2011 −5.94 19.24 12.95 1.31

2016 −4.43 19.09 13.56 1.66

2021 −8.68 29.29 17.40 1.79

Temperature research at the three study sites—Fort Smith, Little Rock, and NWA—reveals
different seasonal and temporal patterns from 2001 to 2021. During the summer season,
average temperatures typically range from 27 ◦C to 39 ◦C across the research period, with
significant variation between cities and years. For example, Fort Smith and Northwest
Arkansas have recently had higher mean summer temperatures (2021: 37.5 ◦C and 39.1 ◦C,
respectively), indicating a progressive warming trend.

Little Rock has slightly lower summer mean temperatures, ranging from 27 ◦C to
34 ◦C, but also shows a warming trend. The minimum summer temperatures range from
12.8 ◦C to 28.5 ◦C, while maximum values consistently fall within the 40–47 ◦C range,
indicating intense heat periods during the summer months.

Winter temperatures show greater variability and lower averages than summer tem-
peratures. Across all locations, mean winter temperatures range from near freezing or
below (e.g., the minimum mean in Northwest Arkansas of 0.07 ◦C in 2001) to approximately
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21.4 ◦C (Little Rock, 2021), reflecting the region’s typical cold conditions. Maximum winter
temperatures have been increasing, with values reaching as high as 31.5 ◦C in recent years.
Minimum winter temperatures have also shifted, with some exceptionally low minimums
seen in Northwest Arkansas (down to −21.6 ◦C in 2001), although warming has occurred
in subsequent years, with fewer extreme lows.

This seasonal dynamic suggests both extended cold spells and gradual warming
trends. Overall, the statistics show a shift toward higher-temperature zones during the
summer over the last two decades, with substantial increases in mean and maximum
temperatures, most notably in 2021 across all three cities. In contrast, the winter months
are mildly warming, as evidenced by higher mean and maximum values and somewhat
moderated minimum temperatures [48]. These temperature patterns are consistent with
regional climate warming and point to increased heat exposure throughout the summer,
as well as a milder cold season. Understanding these trends is critical for forecasting
urban heat island effects, energy demand, and public health during extreme temperature
occurrences in the research area [49].

The combined LST distribution Table 6 reveals a consistent warming trend across all
three cities, particularly evident during the summer months. Fort Smith demonstrates
a dramatic transition from predominantly mid-range summer temperatures (25–<30 ◦C,
approximately 63% in 2001) toward the hottest temperature bins by 2021. By then, over 83%
of the city area falls within the 35–<40 ◦C and 40–<45 ◦C ranges, underscoring a substantial
urban heat intensification. Winter LSTs in Fort Smith are mostly in the cooler ranges (<5 ◦C
and 5–<10 ◦C), with little transition to higher ranges, showing greater seasonal variance.

Little Rock follows a similar course. While summer distributions in the early years
have a little higher fraction of mid-range values, there is a clear trend toward higher LST
bins over time. By 2021, more than one-third of the area falls within the 35–<40 ◦C band,
and an increasing share falls into the 40–<45 ◦C category. Winter patterns in Little Rock
show a gradual shift upward, with the 15–<20 ◦C bin becoming increasingly dominant
from 2006 onward. NWA has lower summer temperatures due to its higher elevation and
increased vegetation cover. In 2001, more than 63% of the area remained in the 30–35 ◦C
range. However, by 2021, NWA also experiences a striking rise, with nearly 94% of its
urban area distributed within the 35–<40 ◦C and 40–<45 ◦C bands. Winter LSTs in NWA
are initially confined to the coldest ranges (<5 ◦C), but by 2021, there is modest warming
into the 10–<15 ◦C bin, suggesting early signs of seasonal temperature elevation.

These findings, drawn from high-resolution temporal analysis, highlight the growing
burden of urban heat across Arkansas. The findings support the presence of both temporal
warming (as evidenced by the upward trend between LSTs) and seasonal divergence,
particularly the escalation of summer heat compared to relatively stable winter patterns.
Such patterns highlight the need for heat-mitigation methods in urban development and
land cover management [50].
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Table 6. Distribution of different ranges of LST of summer and winter seasons over the study area from 2001 to 2021.

City Year

LST < 20 20 ≤ LST < 25 25 ≤ LST < 30 30 ≤ LST < 35 35 ≤ LST < 40 40 ≤ LST < 45 LST ≥ 45

Area
(Km2) Area (%) Area

(Km2) Area (%) Area
(Km2) Area (%) Area

(Km2) Area (%) Area
(Km2) Area (%) Area

(Km2) Area (%) Area
(Km2) Area (%)

FS 2001 2.96 0.39 20.59 2.68 487.31 63.44 247.38 32.21 9.73 1.27 0.07 0.01 0.013 0.002 Summer
2006 0 0 0 0 158.42 20.62 514.76 67.02 94.46 12.29 0.43 0.06 0.002 0.0002
2011 0.11 0.02 0.38 0.05 276.25 35.96 372.91 48.55 115.86 15.08 2.54 0.33 0.005 0.0005
2016 0 0 0 0 53.59 6.97 410.58 53.45 297.7 38.76 6.18 0.8 0.005 0.0007
2021 0 0 0 0 13.66 1.78 115.34 15.02 519.58 67.64 119.44 15.55 0.05 0.007

LR 2001 0.004 0.0005 0.34 0.04 482.21 56.73 342.88 40.33 24.58 2.89 0.002 0.0002 0 0
2006 0.015 0.002 2.66 0.31 422.79 49.74 348.7 41.02 74.97 8.82 0.87 0.1 0.005 0.0006
2011 0.122 0.014 252.03 29.65 388.98 45.76 196.97 23.17 11.85 1.39 0.07 0.008 0 0
2016 0 0 0 0 169.05 19.88 526.96 61.99 150.66 17.72 3.34 0.39 0.13 0.0015
2021 1 0.12 4.65 0.54 19.99 2.35 511.89 60.22 298.34 35.09 14.08 1.66 0.05 0.006

NWA 2001 0 0 0.06 0.007 255.39 31.93 507.85 63.49 36.37 4.55 0.19 0.02 0 0
2006 0.34 0.04 131.47 16.43 563.78 70.48 103.24 12.9 1.03 0.13 0.007 0.001 0 0
2011 0 0 0 0 78.98 9.87 596.32 74.55 123.8 15.48 0.76 0.095 0 0
2016 0 0 0.31 0.04 231.88 28.99 416.12 52.02 149.99 18.75 1.55 0.19 0.006 0.0008
2021 0 0 0.007 0.001 0.31 0.039 46.65 5.83 441.67 55.22 311.17 38.9 0.064 0.008

FS 2001 12.47 1.62 683.72 89.02 71.88 9.36 0 0 0 0 0 0 0 0 Winter
2006 0.46 0.06 80.75 10.51 679.18 88.42 7.66 0.99 0.02 0.002 0 0 0 0
2011 0.03 0.003 0.06 0.008 0.23 0.03 239.04 31.12 527.26 68.64 1.45 0.19 0 0
2016 0.001 0.001 0.06 0.008 0.25 0.04 251.16 32.70 478.62 62.31 37.96 4.94 0 0
2021 0 0 0.014 0.002 0.20 0.026 43.70 5.69 695.53 90.55 28.54 3.72 0.08 0.01

LR 2001 0.017 0.002 0.044 0.005 0.437 0.052 585.56 68.88 263.25 30.97 0.71 0.08 0.014 0.0015
2006 0.001 0.001 0.074 0.008 0.90 0.11 317 37.29 530.66 62.42 1.38 0.16 0 0
2011 0.027 0.003 0.08 0.009 25.36 2.98 289.82 34.09 532.94 62.69 1.78 0.21 0.002 0.0002
2016 0.009 0.001 0.05 0.006 0.28 0.031 214.48 25.23 581.99 68.46 52.97 6.23 0.23 0.03
2021 0 0 0 0 0.019 0.002 0.054 0.006 288.91 26.93 582.21 68.49 38.82 4.57

NWA 2001 388.75 48.60 410.78 51.35 0.33 0.042 0 0 0 0 0 0 0 0
2006 4.44 0.55 318.34 39.79 476.96 59.62 0.12 0.015 0.002 0.0002 0 0 0 0
2011 0.07 0.009 0.42 0.053 10.12 1.26 738.28 92.30 50.96 6.37 0 0 0 0
2016 0.07 0.009 0.46 0.058 19.43 2.43 631.64 78.97 148.26 18.53 0 0 0 0
2021 0.06 0.007 0.17 0.02 0.92 0.11 70.59 8.82 684.63 85.59 43.42 5.42 0.08 0.01
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4.3. LST Forecasting and Scenario Projections

The calibrated XGBoost framework was applied to the full predictor stack to generate
spatially continuous estimates of the target LST surface for each study area. These modeled
surfaces complement the observed distributions by showing how the multi-temporal
spectral, thermal, and spatial predictors collectively represent urban thermal variability
across Fort Smith, Little Rock, and Northwest Arkansas.

The estimated LST patterns were generally consistent with the observed spatial struc-
ture of warming identified in the earlier analysis. Areas with stronger built-up signatures
and reduced vegetation tended to correspond to higher modeled thermal values, while less
developed and vegetated areas were associated with lower thermal estimates. This agree-
ment supports the utility of the selected predictor set for representing spatial heterogeneity
in surface temperature.

Overall, the modeled spatial patterns reinforce the observed urban heat contrast
among dense urban zones, transitional development areas, and surrounding vegetated
land. These results demonstrate that the ML framework is effective for representing spatial
variation in urban thermal conditions from multi-temporal remote sensing inputs.

Correlation Analysis

The correlation matrices (Figure 6) reveal significant associations between spectral
bands, indices, and LST, indicating the physical dynamics of the land surface. High positive
correlations (r > 0.80) among the visible bands (Blue, Green, Red) and between the two
SWIR bands specify extensive data redundancy, as these bands capture similar reflectance
and moisture characteristics. A near-perfect alignment (r ≈ 0.99) among vegetation indices
(NDVI, GSAVI, and EVI2) confirms that they provide nearly identical estimates of plant
density. These greenness indicators are strongly inversely related to built-up and bare soil
indices (NDBI, BI, and BSI), highlighting the distinct spectral split between natural and
developed land. Likewise, moisture-sensitive indices like NDMI show strong negative
correlations with dry, impervious surfaces. LST demonstrates a clear thermal footprint:
it is positively correlated with built-up indices (0.59–0.70), linked to heat retention in
urban areas, and negatively correlated with vegetation, which provides cooling through
evapotranspiration. As expected, LST and the BT are almost perfectly coupled (r > 0.98) [20].

Remarkably, geographic coordinates (latitude/longitude) show minimal influence
compared to land cover type. Because many predictors—particularly within the vegetation
and urban clusters—are highly multicollinear, future modeling should utilize dimension-
ality reduction (such as PCA) or selective variable pruning to ensure statistical robustness
and eliminate redundancy. BT showed the strongest positive association with LST, as
expected given its close thermal relationship within the retrieval and modeling framework.
Overall, the correlation patterns support the relevance of the selected predictor variables
for representing variation in surface thermal conditions across the study areas.
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(a) 

(b) 

Figure 6. Correlation analysis between Landsat spectral features and LST: (a) Landsat-5 TM (b) and
8 OLI.

Spatial modeling of LST for the winter and summer seasons of 2026 and 2031 (Figure 7)
shows that urban heat will continue to intensify, particularly in densely populated urban
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cores and rapidly urbanizing peripheries. Compared to the reported LST in 2021, modeling
shows increased and enhanced thermal hotspots in all three cities:

Fort Smith: Summer LST zones will migrate primarily to higher temperature categories
(35–45 ◦C) by 2026 and 2031, with cooler and intermediate ranges (25–30 ◦C and 30–35 ◦C)
decreasing. The 40–45 ◦C zone expands dramatically, illustrating severe urban heating and
emphasizing essential areas for heat reduction measures.

Little Rock: Predicted LST maps show significant development of high-temperature
zones (35–45 ◦C) by 2026, with much greater growth by 2031. This intensification is
commensurate with the growth of urbanization and impervious surfaces.

NWA: This region, which has typically been colder because of its higher elevation
and dense vegetation, is expected to warm significantly by 2031, reaching 40–45 ◦C. This
emphasizes the rapid impacts of urbanization and the urgent need for UHI reduction
through increasing plant cover and reflecting surfaces.

Projected changes in LST distribution across temperature ranges (Table 7) reinforce
observed warming trends. For instance, by 2031, over 94% of Northwest Arkansas’s urban
areas are projected to fall within the 35–45 ◦C range, an increase from less than 5% in 2001.
Similar upward shifts are observed in Fort Smith and Little Rock, underscoring the growing
urban heat challenge.

(a) 

Figure 7. Cont.
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(b) 

 
(c) 

Figure 7. Forecasted winter LST map of the study area in 2026 and 2031 compared to 2021: (a) Fort
Smith, (b) Little Rock, and (c) NW Arkansas.
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Table 7. Distribution of different ranges of forecasted LST of summer and winter seasons over the study area.

City Season Year
LST < 20 20 ≤ LST < 25 25 ≤ LST < 30 30 ≤ LST < 35 35 ≤ LST < 40 40 ≤ LST < 45 LST ≥ 45

Area
(Km2)

Area
(%)

Area
(Km2)

Area
(%)

Area
(Km2)

Area
(%)

Area
(Km2)

Area
(%)

Area
(Km2)

Area
(%)

Area
(Km2)

Area
(%)

Area
(Km2)

Area
(%)

FS Summer 2021 0 0 0 0 13.66 1.78 115.34 15.02 519.58 67.64 119.44 15.55 0.050 0.007
2026 0 0 0 0 6.46 0.84 56.45 7.35 562.30 73.21 136.71 17.80 6.15 0.8
2031 0 0 0 0 0 0 39.78 5.18 524.14 68.24 189.10 24.62 15.06 1.96

LR Summer 2021 1 0.12 4.65 0.54 19.99 2.35 511.89 60.22 298.34 35.09 14.08 1.66 0.05 0.006
2026 0.51 0.06 1.02 0.12 12.58 1.48 367.12 43.19 418.54 49.24 43.52 5.12 6.71 0.79
2031 0.09 0.01 0.76 0.09 9.77 1.15 294.01 34.59 400.69 47.14 127.33 14.98 17.34 2.04

NWA Summer 2021 0 0 0.007 0.001 0.31 0.039 46.65 5.83 441.67 55.22 311.17 38.90 0.064 0.008
2026 0 0 0 0 0.16 0.02 27.75 3.47 342.88 42.87 410.14 51.28 18.87 2.36
2031 0 0 0 0 0.08 0.01 15.68 1.96 314.24 39.29 444.93 55.63 24.87 3.11

City Season Year
LST < 0 0 ≤ LST < 5 5 ≤ LST < 10 10 ≤ LST < 15 15 ≤ LST < 20 20 ≤ LST < 25 LST ≥ 25

Area
(Km2)

Area
(%)

Area
(Km2)

Area
(%)

Area
(Km2)

Area
(%)

Area
(Km2)

Area
(%)

Area
(Km2)

Area
(%)

Area
(Km2)

Area
(%)

Area
(Km2)

Area
(%)

FS Winter 2021 0 0 0.014 0.002 0.20 0.026 43.70 5.69 695.53 90.55 28.54 3.72 0.08 0.01
2026 0 0 0.008 0.001 0.07 0.01 18.51 2.41 677.98 88.27 68.43 8.91 3.07 0.4
2031 0 0 0 0 0.04 0.005 14.90 1.94 614.53 80.01 125.73 16.37 12.90 1.68

LR Winter 2021 0 0 0 0 0.019 0.002 0.054 0.006 288.91 26.93 582.21 68.49 38.82 4.57
2026 0 0 0 0 0.009 0.001 0.076 0.009 168.47 19.82 631.64 74.31 49.81 5.86
2031 0 0 0 0 0.019 0.002 0.043 0.005 113.31 13.33 667.42 78.52 69.19 8.14

NWA Winter 2021 0.06 0.007 0.17 0.02 0.92 0.11 70.59 8.82 684.63 85.59 43.42 5.42 0.08 0.01
2026 0.03 0.004 0.08 0.01 0.64 0.08 45.11 5.64 548.11 68.53 175.80 21.98 30.07 3.76
2031 0.01 0.001 0.05 0.006 0.24 0.03 23.75 2.97 440.53 55.08 294.09 36.77 41.12 5.14
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5. Discussion
This study provides a foundational benchmark as the first to use ML methods to

model interconnected LULC changes and predict LST in Arkansas. While ML models such
as gradient boosting have been widely applied to major global cities, applying them to
fast-growing, mid-sized Southern U.S. metropolitan areas addresses a significant gap in
urban climate research. The demonstrated adaptability of the XGBoost approach across
different types of regional urban areas—both single-center cities and sprawling multi-
center corridors—offers an important guide for climate-resilient land management at the
community scale.

5.1. Algorithm Performance and Model Validation

The XGBoost model performed well in forecasting, with R2 values between 0.74 and
0.78 for all three regions. This shows it can effectively model the complex environmental
factors that affect urban LST. The model also had low RMSE values (≤1.46 ◦C) across all sim-
ulations, which are consistent with the typical uncertainties observed in satellite-based LST
measurements and machine-learning temperature predictions in remote sensing studies.

To find the best modeling approach, this study compared several common ML methods
for LST and environmental modeling. Earlier research has shown models like the Support
Vector Machine (SVM) [51], Random Forest (RF) [12], boosted regression approaches [14],
and conventional regression techniques [16] for surface temperature estimation. These
methods have shown reliable performance under specific environmental conditions and
predictor structures. [52].

XGBoost was chosen for this research because it can model nonlinear relationships,
manage many correlated predictor variables, and capture complex interactions between
spectral, thermal, and land-cover features. Unlike traditional regression methods that
assume simple relationships, or ensemble models that can be affected by redundant
inputs, XGBoost improves predictions step by step and uses regularization to prevent
overfitting [14].

This was especially important in this study because correlation analysis showed a
lot of overlap among variables. For example, vegetation indices like NDVI, GSAVI, and
EVI2 were almost identical (r ≈ 0.99), and visible spectral bands were strongly correlated
(r > 0.80). Even with these overlaps, the model’s predictions stayed consistent across all
regions, showing that the framework worked well under different environmental and
spatial conditions [16,53,54].

Using XGBoost also provides practical benefits for future LST forecasting. It can
include different types of predictors from multiple sources, such as remotely sensed spectral
data and projected LULC scenarios from the CA–Markov model. This enables a forecasting
framework that connects future landscape changes to thermal responses.

However, the overlap among predictors shows there is room for improvement. Future
studies could try feature selection and dimensionality reduction methods, or compare
results directly with Random Forests, Support Vector Machines, deep learning models, and
hybrid ensembles to make the models more efficient and easier to interpret.

5.2. Biophysical Drivers and Surface Energy Balance Mechanisms

Changes in LST across the study regions are closely tied to basic biophysical processes
that control energy exchange at the surface. The strong positive link between LST and
Brightness Temperature (r > 0.98) shows the workflow is consistent and highlights the main
role of emitted thermal radiation in setting surface temperatures [16]. Also, the moderate-
to-strong positive correlations between LST and built-up indicators like the Normalized
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Difference Built-up Index (NDBI; r = 0.59–0.70) suggest that changes in land cover are a
main cause of higher temperatures in Arkansas cities [32].

These findings align with established urban heat island theory, whereby conversion
of vegetated and permeable landscapes into impervious urban surfaces modifies the local
surface energy balance [41,44]. Materials like concrete, asphalt, and roofing hold more heat
and cool less through evaporation than natural surfaces. When vegetation is removed and
hard surfaces increase, less heat is lost through evapotranspiration and more is released as
sensible heat, which raises surface temperatures [2].

The negative correlations between LST and vegetation indices further show that
vegetation and green infrastructure help cool the environment. Vegetated areas reduce
heat by providing shade, holding moisture, and cooling through evaporation, which helps
control local climate conditions [45,46]. The strong correlation among vegetation indicators
(NDVI, GSAVI, and EVI2) means that, even though these variables overlap, they all point
to the vital role of vegetation in managing urban temperatures.

The thermal patterns seen in the study show that surface temperature depends on
many factors, like land cover, surface reflectance, moisture, urban density, and location.
This complexity highlights why ML models like XGBoost are useful, since they can capture
these complicated, nonlinear relationships. This multi-factor supports the use of ML
approaches such as XGBoost, which can capture complex nonlinear interactions among
environmental predictors.

Future LST simulations in this study used land use and cover scenarios from the
CA–Markov model. The links found between vegetation loss, more impervious surfaces,
and higher LST help explain the warming expected in the 2026 and 2031 forecasts. These
results suggest that if urban growth continues as it has, it could keep changing surface
energy patterns and make regional temperatures rise.

5.3. Methodological Limitations and Multi-Source Uncertainties

While this integrated framework is accurate and reproducible for regional heat map-
ping, it has some limitations. First, combining CA–Markov land changes with XGBoost
assumes that past land-use patterns and the link between land cover and temperature will
stay the same over time. In reality, factors like economic changes, new zoning laws, or
unexpected conservation efforts could change these patterns.

Second, this analysis only uses satellite-based surface conditions and not air temper-
atures (canopy urban heat island, UHI). While high LST shows physical environmental
stress, it measures the surface temperature at the moment the satellite passes, not the
ongoing conditions people feel at street level. Local field studies with weather stations
can record frequent air temperature data, but they do not cover enough area to map large
regions. So, using past satellite images is the only practical way to model temperature over
many decades and across large areas where field data is missing.

Finally, the predictive framework only used physical remote sensing variables and
did not include changing atmospheric factors such as wind speed and humidity, or socioe-
conomic data like population density and income. Future research could improve on this
by adding climate change projections, demographic information, and atmospheric models
to create a more complete forecasting tool.

5.4. Future Scenarios, Planning Implications, and Climate Resilience

Projections for 2026 and 2031 show that ongoing urban growth in Arkansas could
worsen thermal conditions. CA–Markov simulations predicted more built-up land and
fewer agricultural and vegetated areas. When these land-use scenarios were used in the
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XGBoost model, the LST forecasts showed that high-temperature zones would spread
across all regions studied.

These projected patterns suggest that increased impervious surfaces could raise envi-
ronmental stress and change seasonal temperatures. While LST does not directly measure
how people experience heat, higher surface temperatures are often linked to high energy
use in buildings, changes in local weather, and wider urban climate issues [5,9].

From a planning point of view, these results suggest using climate-friendly land
management, such as preserving vegetated areas, increasing urban tree cover, adding
permeable infrastructure, and choosing development strategies that consider heat [11,44].
Forecasting tools like the one in this study can help identify areas that may face more heat
in the future [55].

6. Conclusions and Future Directions
This study applied an XGBoost-based ML framework and multi-temporal Landsat data

to analyze urban thermal patterns across three rapidly urbanizing regions in Arkansas: Fort
Smith, Little Rock, and Northwest Arkansas. The results indicate a clear intensification of
urban heat between 2001 and 2021, particularly in summer, with higher-temperature zones
becoming more widespread in developed areas. Furthermore, the integrated forecasting
framework confirms that these thermal patterns will significantly expand into the 2026
and 2031 horizons if recent landscape urbanization trajectories persist, escalating baseline
temperatures across all three metropolitan networks. These patterns highlight the growing
influence of urban expansion and land surface change on thermal conditions across the
study region.

The modeling results showed that XGBoost effectively captured spatial variability in
the target surface, with validation statistics ranging from R2 = 0.74 to 0.78 and RMSE values
of at most 1.46 ◦C. Predictor variables related to vegetation, built-up intensity, moisture
conditions, and thermal properties contributed to the model’s ability to capture urban
thermal contrasts across different geographic settings.

Overall, the integration of remote sensing and ML provided a useful framework for
assessing urban heat dynamics and identifying spatial patterns of thermal intensification.
The findings are relevant to urban planning and land management, particularly in rapidly
developing regions where vegetation loss and the growth of impervious surfaces can
increase heat exposure. Future work could strengthen this framework by incorporating
independent LST validation, additional explanatory variables, and scenario-based land-
cover simulations to enable more robust long-term thermal assessment.
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