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Abstract

Climate change and rapid urbanisation are intensifying the urban heat island effect, increas-
ing thermal stress, degrading air quality, and leading to rising energy demand. Monitoring
neighbourhood-scale heat requires Land Surface Temperature (LST) observations at fine spa-
tial and temporal resolutions, yet satellite thermal products are limited by revisit frequency,
acquisition time, and cloud cover. This study developed a novel approach integrating
satellite-derived land cover characteristics with continuous contact-based temperature
measurements from low-cost LoORaWAN sensors and geostatistical modelling to generate
hourly LST maps at 10 m resolution. The technique provides communities with simpler,
affordable methods for measuring heat islands and supporting mitigation strategies. Ob-
servations from 52 locations across Curtin University’s Bentley campus in Perth, Western
Australia, were combined with land cover indices. Empirical Bayesian Kriging captured
spatial and temporal urban heat patterns with a root mean square error of approximately
3 °C, representing a bias of near 1 °C. Predictions were consistent with Landsat-derived
LST, revealing persistent heat retention over asphalt and cooler conditions associated with
vegetation. Integrating satellite-derived predictors with ground measurements provides
continuous fine-scale information to identify local heat hotspots and inform targeted miti-
gation. Unlike satellite data, these low-cost ground measurements could be collected with
the help of urban practitioners, developers, and academic institutions.

Keywords: fine scale; land surface temperature; sensor network; urban areas; urban
heat island

1. Introduction

Global urban areas have expanded rapidly over the past few decades, primarily driven
by population growth, increased economic opportunities and rural-to-urban migration.
According to the World Health Organisation [1], approximately 56% of the global popula-
tion currently lives in urban areas, and this number is projected to rise to around 70% by
2050 [2]. Urbanisation has become one of the defining processes of our time, with profound
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environmental and societal implications. One of the most critical challenges of urbanisation
is the intensification of the Urban Heat Island (UHI) effect, where cities exhibit higher
temperatures than their rural surroundings due to the replacement of natural land cover
with impervious surfaces such as concrete and asphalt, combined with anthropogenic
heat emissions [3]. Intensified UHI exacerbates heat stress, worsens air quality, increases
energy demand, and undermines urban resilience to climate change, with disproportionate
impacts on vulnerable populations [4]. Consistent temperature measurements are neces-
sary to track potential UHI hotspots in space and time and to develop effective mitigation
strategies. In heterogeneous urban environments, this requires observations that resolve
thermal variability at fine spatial scales and capture rapid changes throughout the day
and night.

In urban climate studies, UHI is traditionally measured using in situ weather data [5].
However, due to advances in satellite technology and thermal remote sensing, UHI is
commonly assessed using LST, which gives rise to the concept of Surface Urban Heat Island
(SUHI) [6]. SUHI is widely used because LST modulates the near-surface air temperature
and reflects the thermal behaviour of urban materials [7]. Over the past few decades, SUHI
research has expanded significantly due to advances in thermal remote sensing, in situ
monitoring, and numerical modelling approaches. Satellite remote sensing has played
a central role in SUHI analysis by providing spatially continuous LST observations over
cities. To date, the most widely used thermal infrared (TIR) data have come from the
Landsat Thermal Infrared Sensor (TIRS) and the Terra Advanced Spaceborne Thermal
Emission and Reflection Radiometer (ASTER) sensors, with moderate spatial resolutions
of 60-100 m. However, satellite-derived LST products are constrained by a trade-off
between spatial and temporal resolutions [8]. TIR sensors that offer finer spatial detail have
infrequent revisit times, while higher-frequency sensors, such as the Moderate Resolution
Imaging Spectroradiometer (MODIS) with a spatial resolution of 1000 m, are too coarse for
neighbourhood- and street-scale analysis. As such, current satellite products are unable
to resolve diurnal and sub-daily SUHI analysis, which are useful for understanding how
specific urban surfaces heat and cool, and for monitoring multiday heat events.

To overcome spatial resolution limitations, several LST downscaling approaches have
been developed to enhance the spatial resolution of satellite-derived LST. These methods
exploit the relationship between LST and higher-resolution surface characteristics derived
from Visible and Near-Infrared (VNIR) bands, which are correlated with LST [9]. Com-
monly used variables are vegetation indices, built-up indices, surface moisture indices,
and surface albedo [10-14]. Urban-focused studies have increasingly applied nonlinear
regression and Machine Learning (ML) methods to capture the complex relationships be-
tween LST and heterogeneous surface composition of urban areas, yielding high-resolution
products in selected cases [15-18]. Recent studies utilised the eXplainable Artificial Intelli-
gence (XAI) techniques, such as Shapley Additive Explanations (SHAP), to interpret the
factors contributing to urban LST variations [19,20]. These approaches provide insights into
nonlinear relationships among LST and land cover, urban morphology, or anthropogenic
indicators, often using models such as random forests or gradient boosting, combined
with SHAP-based interpretation [20,21]. However, these studies are typically applied to
satellite-derived LST snapshots at the time of thermal sensor acquisition and are therefore
constrained by the temporal sampling and clear-sky availability of satellite thermal obser-
vations, limiting diurnal SUHI monitoring. To address this limitation, researchers have
increasingly explored spatiotemporal fusion techniques that seek to improve temporal
resolution while preserving fine spatial detail.

Spatiotemporal fusion methods attempt to improve temporal resolution while
maintaining finer spatial detail by combining frequent coarse-resolution observations
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(e.g., MODIS) with sparse fine-resolution thermal imagery (e.g., Landsat) [22]. The widely
used methods include the Spatial and Temporal Adaptive Reflectance Fusion Model
(STARFM) approaches and more recent deep learning-based fusion models, such as the
Spatiotemporal Temperature Fusion Network (STTFN) [23-28]. The result is a synthetic LST
dataset characterised by both high spatial and temporal resolutions. However, the accuracy
of these models remains dependent on the quality and representativeness of the training
data, the temporal alignment of input images, and the computational cost associated with
deep learning-based approaches. While effective in certain atmospheric conditions and
landscapes, the fusion-based approaches remain constrained by sensor availability and
scale mismatches, limiting their capacity for continuous urban monitoring at fine scales.

A recent study by Sara and Rajasekaran [29] have utilised hybrid models combining
spatial disaggregation and Diurnal Temperature Cycle (DTC) modelling to reveal fine-
scale hotspots during extreme heat events. The investigations demonstrate that high-
spatiotemporal LST is essential for identifying localised effects of heatwaves that remain
invisible at coarser resolutions. Furthermore, the work of Shahfahad et al. [30] in semi-arid
Indian cities, highlights the seasonal dynamics of LST, suggesting that winter thermal
patterns are often dominated by surface material emissivity and albedo, whereas summer
patterns are governed by proximity to road infrastructure and bare soil indices. This
seasonal shift in thermal controls underscores the necessity for models that can adapt to
varying radiative regimes throughout the year [30]. Across studies, reported limitations
include sensitivity to cloud cover, mismatched acquisition times between sensors, restricted
daytime thermal sampling in many datasets, and an effective spatial resolution that often
remains too coarse for intra-urban surfaces [31]. These constraints reduce the suitability
of purely satellite-based fusion products for continuous diurnal SUHI monitoring at the
neighbourhood scale. Given these limitations, complementary observation strategies are
required to capture urban thermal variability at finer temporal scales than satellite systems
alone can provide.

Terrestrial temperature observations provide direct, high-temporal-resolution mea-
surements, supporting detailed tracking of thermal variability [32]. Traditional station
networks often lack spatial density in urban areas and may be located at non-representative
sites. Mobile transects can improve spatial detail but are typically limited to selected time
windows and require substantial logistical resources [4]. More recently, smart-city and
Internet of Things (IoT) deployments have enabled distributed sensor networks to capture
intra-urban thermal variability with high temporal frequency [33-35]. While these net-
works can improve temporal continuity, they often remain spatially limited compared with
satellite imagery because they measure near-surface air temperature rather than LST [36],
complicating direct comparison with SUHI studies. These limitations have encouraged
the use of complementary modelling approaches that can better represent urban thermal
processes with greater spatial completeness.

In addition, numerical simulations can represent urban thermal processes at very fine
spatial and temporal scales by modelling surface energy balance and accounting for urban
geometry, materials, and radiative exchange [37]. Such approaches provide valuable insight
into diurnal thermal behaviour and the influence of urban morphology [37-39]. Still, their
performance depends strongly on the availability and quality of high-resolution input data,
as well as the parametrisation of surface properties. They also often require substantial
computational resources and can be challenging to scale to large urban extents. Collectively,
these developments demonstrate that no individual technique fully satisfies the need for
continuous, neighbourhood-scale surface temperature information with both high spatial
and temporal resolution. This limitation has prompted growing interest in integrating
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complementary observational approaches that leverage the strengths of different data
sources while compensating for their individual shortcomings.

Existing approaches, therefore, address only part of the spatiotemporal resolution
challenge. Satellite-derived LST provides spatial continuity but remains limited in temporal
frequency and in capturing fine-scale urban surface variability. Conversely, ground-based
monitoring provides high temporal resolution and captures local thermal behavior but
is typically limited to spatial extent. As such, integrating terrestrial surface temperature
measurements with satellite-derived surface characteristics offers a promising pathway to
overcome the limitations of either source alone, while also reducing uncertainties associated
with atmospheric correction and surface emissivity estimation that affect purely remote
sensing-based thermal retrieval in complex urban environments.

Building on this rationale, this study integrates existing satellite-derived surface char-
acteristics with high-frequency, contact-based surface temperature measurements acquired
from a low-cost LoRaWAN sensor network with and uncertainty-aware geostatistical inter-
polation to generate LST maps at high spatial (10 m) and temporal (hourly) resolutions,
which has not been done yet in the literature to our knowledge. The framework is evaluated
on Curtin University Bentley campus in Perth, Western Australia, for a period of 3 months
and assessed using leave-one-out cross-validation and spatial consistency assessment with
Landsat-derived LST at satellite overpass times.

This paper is organised as follows: Section 2 describes the materials and methods.
Section 3 reports results and validation. Section 4 discusses the distinctive features, aca-
demic background, and limitations and concludes the paper with future research directions.

2. Materials and Methods
2.1. Study Area

The study was conducted at Curtin University, Bentley campus, and its surrounding
areas, located in Perth, Western Australia, covering approximately 400 hectares (Figure 1).
The campus is a mixed-use university precinct comprising single and multi-story buildings;
extensive managed green open spaces, including lawns and sports fields; significant tree
canopy; and planted native vegetation, as well as parking lots and road infrastructure. The
precinct also features an expanding area with student accommodation and commercial uses.
Its climate is categorised as warm temperate and Mediterranean with wet, cold winters and
hot, dry summers, and high temperatures and heatwaves in summertime (from November
to April) [40]. Characterised by medium density, the Curtin campus is undergoing active
redevelopment, with buildings changing and becoming denser. The study area encom-
passes various land cover types, which are crucial for assessing UHI variability. The zone
surrounding the university campus encompasses major roads, residential blocks, a golf
park, and commercial centres.

2.2. Data

The data for this study comprise ground-based surface temperature measurements
collected by sensors connected to a LoRaWAN network, surface-characteristic variables
derived from Sentinel-2 (S2) imagery used as temperature predictors, LST derived from
Landsat-8 (L8) and Landsat-9 (L9) as a reference for validation, and land cover data.

2.2.1. Ground-Based Temperature Measurements

The surface temperature data are recorded using a network of sensors managed by
Curtin Properties under the name “Smart Campus Temperature and Humidity Monitoring”
system. It uses LoORaWAN-enabled temperature and humidity sensors to capture envi-
ronmental data across the Bentley campus. These sensors measure surface temperature
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by contact at various locations across different land cover types and transmit data via
LoRaWAN to the Automatic Weather Station (AWS) IoT core. The recorded data is then
integrated into the Smart Campus platform for comprehensive monitoring, analysis, and
support of ongoing research on the Curtin campus. We deployed a total of 52 “Dragino
LHT65 (sourced from Dragino Technology Co., Shenzhen, China)” sensor nodes, each
installed on a sample representative of existing land covers in the area. In this network, the
sensors are well distributed across the study area (Figure 1) and continuously used to record
temperature data. The surface temperature probe is a resistance temperature detector (RTD)
sensor characterised by a contact thermometer packaged in alumina tubes [41]. The LHT65
allows users to transmit data and reach extremely long ranges whilst minimising current
consumption. LHT65 features a built-in 2400 mAh battery that lasts over 10 years. The tem-
perature sensors can record temperatures ranging from —55 °C to 125 °C with a resolution
of 0.0625 °C. Figures 2A and 2B show;, respectively, the LHT65 temperature sensor and a
sensor node mounted on a building rooftop in the study area.

@ Sensor location

3 Study area

— Road/street

O Buildings
Grass

B Asphalt
Scrub

= Water

T Wetland

= Wood
Other

0 500m
I

Figure 1. Location of the study area (top left), ground-based measurement locations (top right) and
a Land Use Land Cover map (bottom) of the study area. Data Sources: Esri basemap, Sentinel-2
imagery and OpenStreetMap for LULC.
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(A)

(B)

Figure 2. Sensor node: (A) LHT65 temperature sensor; (B) a sensor mounted on a building roof.

The exact location of each sensor probe was recorded in the WGS 1984 UTM zone 505
coordinate system. To minimise scale-representativeness issues, sensor nodes were installed
on relatively homogeneous surface patches representative of the dominant land cover types,
including asphalt, grass, and roofing materials. This placement minimised edge effects and
sub-pixel thermal variability, improving compatibility with the 10 m prediction resolution.
Sensors on asphalt and concrete were fixed with thermally conductive epoxy, those on
vegetated surfaces were placed on soil beneath the canopy, and roof-mounted sensors
were secured with non-invasive adhesive away from edges, vents, and other localised
microclimatic influences.

The LHT65 temperature sensors were factory-calibrated by the manufacturer (Dragino)
to a stated accuracy of £0.5 °C across a range of —10 °C to 85 °C [41]. Calibration sta-
bility was verified through field intercomparison campaigns conducted at the beginning,
midpoint, and end of the monitoring period.

Quality control includes removing duplicate timestamps, transmission-corrupted or
incomplete records, physically implausible values, and periods affected by documented
installation or contact failures. Subsequent data cleaning and temporal aggregation are
described in Section 2.3.1.

The monitoring campaign spans a continuous period from 19 March 2025 to 19 June
2025, covering the autumn-to-early winter transition in Bentley (Perth region), which is
characterised by high diurnal variability in surface temperatures. This period offers a
wide range of thermal conditions, ranging from warm daytime surfaces to cool nights,
allowing evaluation of the model’s robustness under varying heat exchange processes
and atmospheric conditions. Moreover, this timeframe coincides with increased cloud
cover and intermittent rainfall, conditions under which satellite-derived LST retrievals are
often limited. Within this period, the study addresses a critical gap in existing research,
as most prior LST downscaling and UHI studies in Perth have examined only summer
conditions, where radiative and surface responses are already well documented. The chosen
timeframe, therefore, complements these earlier studies while enabling the development
and validation of methods that remain reliable under less ideal conditions. Consequently,
the model established here can be confidently extrapolated to warmer months, since the
same materials and land cover types exhibit consistent thermal behaviour across seasons.
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2.2.2. Satellite Data

As this study primarily aims to integrate ground-based temperature observations with
satellite-derived data, multispectral imagery from the Multispectral Instrument (MSI) on-
board S2 was employed. 52 provides data in the visible, near-infrared (NIR), and shortwave
infrared (SWIR) bands at 10 m, offering detailed information on surface characteristics that
modulate LST. From these bands, spectral indices were derived and used as temperature
predictors. These indices capture biophysical and structural factors that influence thermal
variation. Although 52 does not include a TIR band, its high spatial (10 m) and temporal (5
days) resolutions make it well-suited for synergistic applications with thermal sensors and
ground observations for supporting urban heat assessment. The S2 product is geometrically
and radiometrically calibrated, making it suitable for quantitative surface analysis.

Although S2 imagery is not continuously available due to cloud contamination, the
derived spectral indices are not used as temporally dynamic inputs. Instead, they represent
spatially explicit surface characteristics that evolve slowly relative to the hourly tempera-
ture variations captured by the ground-based sensors. As a result, S2-derived predictors
are treated as quasi-static over a five-day window during the study period, reflecting
the temporal resolution of S2, and are used to constrain the spatial structure of the LST
interpolation rather than to drive temporal variability.

2.2.3. Validation and Spatial Consistency Assessment Data

As independent references for spatial consistency assessment, we utilised L8- and
L9-satellite-derived LST, available during the study timeframe. L8 and L9 have two TIR
bands with a spatial resolution of 100 m, covering wavelengths from 10.60 to 12.5 um. Both
satellites acquire images of the Earth’s surface over 16 days, with an 8-day offset between
their acquisition cycles. The data for L8/L9 are available as Level 2, Tier 1 atmospherically
corrected surface reflectance and surface temperature products, with an overpass time
between 10:05 and 10:11 AM local time. The LST was downscaled to 10 m using the Geospa-
tial Machine Learning (GeoML) downscaling algorithm by Andriambololonaharisoamalala
et al. [42] to a spatial resolution similar to the predicted LST. This choice was informed by
our previous evaluation in the same study area during December 2023 and January 2024, in
which the GeoML-derived 10 m LST showed higher Pearson’s correlation and lower RMSE
against independent ground-based infrared temperature measurements than the original
30 m Landsat LST [42]. Nevertheless, the downscaling introduces an additional source of
uncertainty and is therefore considered when interpreting the satellite comparison.

Within the time frame, 11 images from 21 March 2025 to 8 June 2025 were available
after cloud cover was analysed and were used for the spatial consistency assessment.
Although L8 and L9 each have a nominal 16-day revisit period, the study area is covered by
overlapping World Reference System paths. Consequently, combining observations from
L8 and L9 and from adjacent paths yields a higher effective temporal sampling than the
nominal 8-day repeat interval.

2.2.4. Land Cover Data

Multispectral image classification was conducted using S2 data with the random
forest method to obtain land cover classes, including unirrigated grass, grass, asphalt,
buildings with roof tiles (hereafter referred to as “roof tiles”), and buildings with Colorbond
roofs (hereafter referred to as “Colorbond roof”), which were used for spatial consistency
assessment of the predicted LST. The classification results were validated against ground-
truth data using Google Earth (GE) imagery, yielding an overall accuracy of 94.88% and a
Kappa coefficient of 0.93.
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High-resolution GE imagery was used as a qualitative reference to support the inter-
pretation of classification and spatial pattern results, rather than as a quantitative thermal
validation source. It provides sub-meter visual information on land cover, surface ma-
terials, and urban morphology that cannot be resolved by satellite thermal sensors or
ground-based point measurements. GE imagery facilitates visual assessment of whether
predicted LST patterns and classified surface features are spatially consistent with observ-
able urban elements, including roads, open spaces, parking areas, vegetation patches, and
rooftops. This visual verification supports the interpretation of the spatial realism of the
results by confirming alignment between predicted thermal patterns and known surface
characteristics.

2.3. Methods

The objective of this study is to generate LST maps at high spatial (10 m) and high tem-
poral (hourly) resolutions to support monitoring of diurnal and nocturnal SUHI dynamics.
The workflow integrates high-frequency ground-based contact surface temperature obser-
vations with satellite-derived surface predictors and applies geostatistical interpolation to
produce continuous hourly LST maps. The overall methodology consists of four sequential
steps, as illustrated in Figure 3.

Ground-based sensors Sentinel-2 Imagery Landsat-8/9 LST
(LoRaWAN, 52 sensors) (10 m, VNIR bands) (100 m, downscaled to 10 m)

Step 1: Data pre-processing
4

Pre-processing o
(Outlier removal, aggregation, cloud filtering)

Step 2: Temperature predictors
Y

Spectral indices & Albedo
(NDVI, NDBI, NDWI, Surface Albedo )

Step 3: Geostatistical interpolation and machine learning Benchmark

A A A

AUK EBK SVM
(Automatic Universal Kriging) (Empirical Bayesian Kriging) (Support Vector Machine)

A4

Hourly LST maps
(10 m resolution)

Step 4: Validation and spatial consistency assessment

Y A

Independent spatial consistency
assessment with Landsat LST

(r)

Cross-validation
(RMSE, Bias, R®)

Figure 3. Schematic workflow for generating 10 m, hourly LST time series maps.
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The first step involves data preprocessing, including quality control, data cleaning,
and preparation of both ground-based observations and remotely sensed datasets to ensure
the reliability and consistency of the input data. The second step focuses on generating
temperature predictors from S2 multispectral imagery. These predictors were selected based
on their well-established relationships with LST reported in the literature and provide
detailed spatial information describing surface characteristics.

The third step applies geostatistical interpolation methods to estimate continuous
hourly LST surfaces from ground-based measurements. By incorporating the satellite-
derived predictors as auxiliary variables, the interpolation accounts for both the spatial
dependence of temperature observations and the influence of land surface characteristics,
improving the spatial representation of hourly LST patterns. Due to the limited number
of measurement points, geostatistical methods were selected as the primary modelling
approaches because they explicitly account for spatial dependence and can provide predic-
tions while characterising associated spatial uncertainty. Specifically, Automatic Universal
Kriging (AUK) and Empirical Bayesian Kriging (EBK) were selected for the interpolation
analysis [43]. In addition, to assess whether a machine learning approach could provide
improved predictive performance under the same limited-sample conditions, a Support
Vector Machine (SVM) was used as a benchmark using the same satellite-derived predic-
tors. The comparison, therefore, allows the performance of spatially explicit geostatistical
approaches to be evaluated against a machine-learning alternative.

Finally, the predicted hourly LST maps are validated using leave-one-out cross-
validation, and the spatial consistency is assessed using Landsat-derived LST data.

2.3.1. Data Pre-Processing

Data pre-processing was conducted for both ground-based temperature observations
and satellite-derived datasets to ensure consistency and accuracy. The workflow included
outlier removal, temporal aggregation, and filtering for cloud contamination. For the
ground-based LST data, initial cleaning involved removing incomplete or erroneous records.
This step aimed to ensure that missing timestamps, duplicated records, and unrealistic
temperature values (e.g., negative temperatures recorded during midday) are deleted,
which can result from temporary sensor malfunctions or transmission losses. The data were
then aggregated to an hourly temporal resolution to standardise the temporal scale across
different monitoring sites and to reduce high-frequency noise. For the satellite-derived
data, S2 cloud-free scenes over the study area have been selected.

No temporal gap-filling or data assimilation of S2 imagery was performed, as the
S2-derived predictors are not required at hourly temporal resolution. The hourly LST time
series is generated independently of S2 temporal availability, relying instead on continuous
ground-based measurements, with S2 providing only spatially static constraints.

2.3.2. Temperature Predictors

High-spatial-resolution S2 multispectral data were used to compute temperature
predictors for the two kriging interpolation methods. The predictors were chosen based
on their established physical relationships with LST and their widespread application
in thermal remote sensing studies. First, surface albedo has been widely recognised as
an important predictor of spatial variations in LST. Albedo governs the proportion of
incoming solar radiation reflected by the Earth’s surface, thereby influencing the surface
energy balance and the amount of energy available for heating [44,45]. Second, the Nor-
malised Difference Vegetation Index (NDVI) provides a measure of vegetation density and
vigour. Vegetation moderates surface temperatures through shading and evapotranspi-
ration, resulting in a strong and well-established inverse relationship between the NDVI
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and LST [46,47]. Third, the Normalised Difference Built-up Index (NDBI) characterises
the spatial distribution and intensity of built-up areas. Urban materials such as concrete
and asphalt generally exhibit greater heat storage capacity and lower evapotranspiration
than vegetated surfaces, making the NDBI a reliable indicator of elevated LST in urban
environments [48,49]. Lastly, the Normalised Difference Water Index (NDWI) has been com-
monly used as an indicator of moisture-related thermal variability and has demonstrated
strong relationships with LST across a range of land cover types. Moisture availability
influences latent heat flux through evaporation and evapotranspiration, which reduces
surface temperatures [50,51]. Together, these variables describe complementary radia-
tive, vegetative, built-up, and moisture controls on LST and therefore provide physically
meaningful covariates for temperature interpolation.

All predictors are shown in Table 1, including their equations where B, G, R, NIR,
SWIR1, and SWIR2 denote the blue, green, red, near-infrared, shortwave infrared 1, and
shortwave infrared 2 bands, respectively. The script v indicates the reflectance value of
each band.

Table 1. Temperature predictors.

Predictor Description Equation
Measures the proportion of incoming solar radiation Albedo = 0.2266vp + 0.1236v
Surface albedo reflected by the Earth’s surface, influencing surface +0.1573vg + 0.3417vNR (1)

energy balance and temperature.

+0.1170vgwr1 + 0.0338vsw1R2

Quantifies vegetation greenness, density, and vigour,

— UNIR—OUR
NDVI providing an indicator of vegetation cover and health. NDVI = givor @)
Identifies and characterises built-up areas and
NDBI impervious surfaces associated with urban NDBI = ZSWIRL_INR (3)
USWIR1TUNIR
development.
NDWI Identifies and delineates surface water bodies and NDWI = 262Nk (4

indicates surface moisture conditions.

VG +UNIR

To ensure that variables with meaningful relationships to LST were included in the
interpolation models, correlation analysis was conducted to examine relationships among
the satellite-derived predictor variables and to reduce redundancy. Pearson correlation
coefficients were computed to identify highly correlated predictors. Variables exhibit-
ing strong collinearity were evaluated to avoid instability in the interpolation models
and to ensure that each predictor contributed distinct spatial information. This analy-
sis supported the research objective by ensuring that predictor selection was physically
meaningful and statistically robust, thereby improving the reliability of the subsequent
geostatistical interpolation.

2.3.3. Geostatistical Interpolation and Machine Learning Benchmark

Geostatistical spatial interpolation is a popular technique that predicts missing data
values from surrounding measured locations. In kriging, the predicted value at an un-
sampled location sy is estimated as a weighted linear combination of existing nearby
observations given in Equation (1):

Z(s0) = Y MiZ(sy) (5)
i=1

where Z(sg) is the estimated value, Z(s;) is the known measurements, and A, is the krig-
ing weights determined by minimising the estimation variance under the unbiasedness
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constraint. The spatial dependence among the sampled points is modelled by the semivari-
ogram, defined in Equation (2) in accordance with [52]:

() = VarlZ(s) ~ Z(s + 1] 6)

A semivariogram quantifies the similarity between observations separated by distance
h. The weights assigned to the sample points depend on the distances to the prediction
point. For this study, two types of interpolation methods were used to predict LST, Au-
tomatic Universal Kriging (AUK) and Empirical Bayesian Kriging (EBK), were used as
the primary approaches for predicting surface temperature. In addition, Support Vector
Machine (SVM) with a radial basis function kernel was evaluated as a machine learning
benchmark to assess whether a nonlinear predictor-based model could provide improved
predictive performance with the available 52 sensor observations. AUK and EBK were
selected as the primary geostatistical approaches because they explicitly model spatial
autocorrelation and provide prediction uncertainty, which are important characteristics for
spatially heterogeneous urban surface-temperature fields. In contrast, SVM can capture
nonlinear relationships between observed surface temperature and predictor variables
but does not explicitly model spatial dependence. Its inclusion, therefore, provides a
complementary point of comparison with the spatially explicit geostatistical approaches.

AUK and EBK provide the best linear unbiased predictions and associated prediction
variances while modelling spatial autocorrelation through the variogram. AUK automates
variogram fitting, reducing the subjectivity associated with manually selecting variogram
parameters, and provides a computationally efficient and reproducible benchmark. How-
ever, AUK treats the fitted variogram as known, which can lead to the underestimation of
prediction uncertainty. EBK addresses this limitation by estimating multiple variogram
models through Bayesian simulation and thereby accounting for uncertainty in the vari-
ogram parameters. This is particularly beneficial in heterogeneous urban environments,
where variogram estimation can be challenging given limited sample sizes. Its main disad-
vantage is higher computational demand, particularly for large spatiotemporal datasets.
For the present application, EBK was expected to provide an improved representation of
uncertainty in the presence of strong spatial heterogeneity, while AUK was expected to
provide a computationally efficient geostatistical comparison.

Because urban surface temperature exhibits strong spatial heterogeneity, individual
point measurements cannot be assumed to directly represent the thermal state of a complete
10 m pixel. The point-based observations were therefore treated as spatial samples of the
underlying temperature field rather than as pixel-scale observations. The geostatistical
models estimate continuous surface-temperature fields by explicitly accounting for spatial
dependence and local variability among nearby observations. The SVM benchmark, in
contrast, estimates temperature from the nonlinear relationship between observed tem-
peratures and satellite-derived predictor variables, without explicitly modelling spatial
autocorrelation. This comparison was used to determine whether the additional representa-
tion of spatial dependence provided by the geostatistical approaches resulted in improved
predictive performance for the present dataset.

Automatic Universal Kriging (AUK)

A key challenge in geostatistical interpolation is specifying and fitting the variogram
model, which strongly influences the accuracy of kriging predictions. The variogram
model is a function of semi-variance versus distance that provides a fit to the sample
variogram [53]. Fitting a variogram model involves selecting the model type, such as
spherical and Gaussian, and the associated parameters (e.g., nugget, sill, range), which
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are often determined through a subjective visual comparison of the variogram model
and the sample variogram [54]. For this study, we utilise the automatic variogram fitting
process developed by [53] and implemented in the R package “Automap” developed by
Hiemstra [55].

With AUK, it is assumed that the temperature measurements from the network
z(x;) is a realisation of a spatial random field Z(x), described by the linear model in
Equation (3) [56]:

Z(x) = Po+ Y Bifi(x) + e(x) %
i=1

where B; are the trend coefficients, g and B; are unknown, f;(x) is the ith known predictor
at location x, e(x) is a zero-mean, second-order stationary process with covariance defined
by the fitted variogram. The best linear unbiased prediction for the grid node x is given in
Equation (4) [53]:

Z(x0) = f(x0)'p +6(z — XB) 8)

where f(x() are the estimated regression coefficients, z(x) are the observations, X is the
design matrix, 6 = ¥’ 0=~1, % is the variance-covariance matrix of e(x), and X is a vector
containing the covariance between the residuals of prediction and observations, and the
vector f3 is the best linear estimator of §, given by Equation (5):

B=(X'=1X) ' X'm 1z (x) )
More details about automatic kriging can be seen in the article by Hiemstra et al. [53].

Empirical Bayesian Kriging (EBK)

EBK is an advanced geostatistical interpolation method that explicitly incorporates
uncertainty in variogram estimation into the prediction process [57]. While AUK assumes
that the fitted variogram fully captures the spatial structure, EBK recognises that variogram
parameters are estimated from limited samples and are therefore uncertain. This uncertainty
can propagate into kriging predictions, potentially underestimating prediction error if
ignored [58]. This approach provides both predicted LST surfaces and more realistic
prediction standard errors, improving reliability in heterogeneous urban landscapes or
regions with irregular sensor coverage. The robust uncertainty quantification of EBK makes
it particularly suitable for high-spatial-resolution LST modelling. EBK was implemented in
ArcGIS Pro 3.6 Geostatistical Analysis of ESRI [59].

EBK repeatedly simulates multiple semivariogram models from prior distributions
and updates them using observed data through Bayesian updating. The EBK predictor
at an unknown location s is expressed in Equation (6) in accordance with Gribov and

Krivoruchko [58]:
Ksim

Z(s0) = Y wiE[Z(s0)|Z, 6] (10)
i=1

with the associated variance shown in Equation (7):

Ksim
Var [Z(so)} = Z w; {Var[Z(so)|Z, 6;] + (E[Z(s0) 1 Z,6;] — Z(so))z} (11)
i=1

where Z(s) denotes the temperature at the location s, Z is the vector of observed tempera-
tures from sensor nodes, K, is the number of variogram simulations, 8; represents the set
of semivariogram parameters for the ith simulation, E[Z(sg)|Z, 6;] and Var[Z(so)|Z, 6;] are
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the conditional expectation and variance of the kriging prediction given 6;, and w; is the
Bayesian weight of each model, given in Equation (8):

;= KS{]}:(Z|91‘> (12)

X f(Z]6))
j=1

Support Vector Machine (SVM) Benchmark

To assess whether a machine learning approach could improve predictive performance
given the limited number of spatial observations available in this study, SVR with a Radial
Basis Function (RBF) kernel was implemented as an additional benchmark. The model
used the same four S2-derived predictors as the geostatistical models, namely surface
albedo, the NDVI, the NDWI, and the NDBI, with the ground-based surface temperature
measurements as the response variable. The SVM hyperparameters were the cost parameter
(C), the RBF kernel parameter (y), and the epsilon-insensitive loss parameter (€). C controls
the penalty assigned to prediction errors, y controls the spatial locality of the nonlinear
response in predictor space, and € defines the width of the insensitive loss region around
the predicted values.

During model tuning, a nested cross-validation procedure was adopted. For each
outer leave-one-out iteration, one observation was withheld as an independent test observa-
tion, while the remaining observations were used for model training and hyperparameter
optimisation. Within each outer training set, 5-fold cross-validation was used to identify the
optimal combination of C, v, and €. The SVM was then fitted to the complete outer training
set using the selected hyperparameters and used to predict the withheld observation. This
process was repeated for all observations at each timestamp.

2.3.4. Validation and Spatial Consistency Assessment Methods

Two evaluation methods were used to assess the performance of the proposed ap-
proach in generating high spatiotemporal-resolution LST maps. First, cross-validation
was employed to evaluate the predictive performance and internal consistency of the two
models (EBK and AUK) using a leave-one-out sample. Second, the spatial consistency of
the predicted LST was evaluated using satellite-derived LST. It is important to mention that
these two evaluation steps serve different purposes. Cross-validation assesses how well
the interpolation models reproduce observed contact-based surface temperature measure-
ments at unsampled locations. In contrast, the comparison with satellite-derived LST is not
intended as a physical validation of the ground-based sensor measurements, but rather
as an independent assessment of the spatial consistency of the predicted LST relative to
established thermal infrared satellite products.

Cross-Validation

To independently validate the predictive performance and uncertainty quantifica-
tion of the model, we performed a “Leave-One-Out” cross-validation, as described by
Pebesma [54]. This validation method enables the determination of how well the interpola-
tion model fits the data. It works by removing a single point from the dataset and using all
remaining points to predict the location of the removed point [60]. Therefore, each data
point x; is sequentially removed and its value is predicted using a model trained on the
remaining n — 1 observations. The predicted value is then compared to the measured value

https:/ /doi.org/10.3390/ijgi15090409


https://doi.org/10.3390/ijgi15090409

ISPRS Int. ]. Geo-Inf. 2026, 15, 409 14 of 29

using the Root Mean Square Error (RMSE), bias, and the coefficient of determination (R?)
as assessment metrics, respectively, given in Equations (13)-(15) [60]:

RMSE = \/ii(Z(xi) —7_i(x)’ (13)
i=1

Bias = iizzl(Z(xi) —Z_i(x;)) (14)
Y (Z(x) ~ 2-i(x))
R? == (15)

x (Z(x) - Z)°

i=1
where 7 is the number of observations, Z(x;) is the observed temperature at the location x;,
Z_i(x;) is the predicted value at x; from the model trained without this point, and Z is the
mean of observed values. For this method, the predicted value was then compared to the
observed LST.

The RMSE quantifies the average magnitude of the difference between predicted
and measured values. It represents how far, on average, model predictions deviate from
the actual observations. Lower RMSE indicates better predictive performance. The bias
measures the systematic error of a mode, whether predictions tend to be consistently higher
or lower than the observed values. A bias close to 0 indicates that the predictions are
unbiased on average; a positive bias suggests the model overestimates the observations;
and a negative bias suggests the model underestimates them. R? provide a measure of how
well the predicted values explain the variability of the observed values. A value close to 1
indicates good predictive performance.

Because this validation relies exclusively on the ground-based sensor network, it
directly assesses the interpolation framework’s internal reliability under varying thermal
conditions throughout the day. R? indicates how well spatial or spatiotemporal predictors
capture the pattern and variability of temperature, while RMSE and bias quantify the
absolute prediction errors.

Independent Spatial Consistency Assessment with Satellite-Derived LST

An independent evaluation of the predicted LST fields was conducted using LST
derived from L8 and L9 data acquired at approximately 10:04-10:11 local time. The satellite-
derived LST was downscaled to 10 m to match the spatial resolution of the predicted
LST maps [42]. The 10 m resolution supports a scale-consistent comparison, reduces
spatial aggregation bias associated with the coarser Landsat thermal data, and better
represents temperature variability across heterogeneous urban surfaces. This comparison
aims to assess the degree to which the predicted LST reproduces the spatial patterns and
relative thermal contrasts observed in satellite-derived LST at the time of satellite overpass.
Because contact-based surface temperature measurements and radiometric LST represent
different physical quantities, this evaluation is explicitly interpreted as a spatial consistency
assessment, rather than absolute physical validation. Instead, the comparison is used to
examine whether the predicted LST reproduces the relative thermal patterns observed
by satellite thermal infrared data at overpass time. This interpretation recognises the
differences in measurement principle, spatial support, emissivity effects, and mixed-pixel
behaviour while still providing a useful reference for evaluating the spatial realism of the
predicted maps.

For each Landsat acquisition, the corresponding hourly aggregated LHT65 surface-
temperature value at 10:00 AM local time was used. The Landsat-LHT65 temporal differ-
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ences were between 4 and 11 min across the 11 validation dates. No temporal interpolation
was applied to the satellite observations, and each Landsat LST-derived data was compared
with the 10:00 AM ground-based measurements for the corresponding acquisition date.

The agreement between the two datasets was quantified using Pearson’s correlation
coefficient r, which provides the degree of correlation between the two datasets as com-
puted in Equation (16) after [61]. This metric was computed for the entire study area and
separately for land cover classes to examine class-dependent behaviour. By combining
cross-validation with ground-based observations and an independent assessment of spatial
consistency using satellite-derived LST, the evaluation framework provides a robust and
transparent evaluation of both model accuracy and spatial realism.

Any remaining discrepancies between predicted and satellite-derived LST may partly
reflect limitations in scale representativeness, particularly in areas with strong sub-pixel
heterogeneity or mixed land cover. All comparisons with satellite-derived LST were
performed using only the available Landsat acquisitions at their respective overpass times,
without temporal interpolation or temporal aggregation across scenes. Equation (16) is
defined as follows: .

(X —X)(Y; )
r= izt (16)

\/i (X —X2L (Yi-Y)
i=1 i

where 7 is the total number of observations, is the ith observation or reference data, X is the

It

mean value of X;, Y is the corresponding predicted LST data, and is the mean value of Y;.

The value of r ranges from —1 to 1. Values close to 1 indicate a strong positive linear
association, meaning that predicted values increase consistently with observed values,
while values near 0 indicate little or no linear relationship. Pearson’s correlation coefficient,
therefore, evaluates the strength of the relationship between the predicted and Landsat-
derived LSTs.

3. Results and Evaluation
3.1. High-Spatiotemporal Resolution LST

Using the proposed framework, a fine-scale LST time series dataset was generated
for the study area at 10 m spatial resolution and an hourly temporal resolution, producing
2218 hourly LST maps during the monitoring period. The resulting dataset provides a
spatially continuous representation of surface temperature patterns while capturing diurnal
variability and sub-daily scales. These LST maps were generated using AUK and EBK
predictive modelling with the NDVI, the NDBI, the NDWI, and surface albedo as tempera-
ture predictors. The incorporation of these variables enabled the interpolation models to
account for heterogeneity in land cover and surface energy balance, thus improving the
spatial representation of LST across different urban environments.

Figures 4 and 5 show examples of the predicted LST maps produced by EBK and
AUK, respectively. These representative maps illustrate the spatial patterns of LST for three
distinct times of day: morning, afternoon, and evening on 20 March 2025, providing a
comparative view of the diurnal temperature variations captured by each interpolation ap-
proach. These examples highlight temporal variability in LST in relation to the underlying
surface characteristics, including strong daytime heating and evening cooling. They also
show the persistent warmth of surfaces covered by asphalt throughout the day and the
rapid cooling of vegetated areas after sunset.
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— LST map at 6:00 am LST map at 2:00 pm LST map at 9:00 pm

500 m

Figure 4. Predicted LST using EBK interpolation on 20 March 2025, showing diurnal progression:
(A) morning (6:00 am) with minimal solar heating, (B) afternoon peak (2:00 pm) showing maximum
thermal contrast between built and vegetated surfaces, and (C) evening (9:00 pm) illustrating differ-
ential cooling rates across land cover types. Colour scale ranges from 10 °C to 56 °C to capture the
full diurnal range.
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Figure 5. Predicted LST using AUK interpolation on 20 March 2025: (A) morning, (B) afternoon peak,
and (C) evening. Colour scale depicted as defined in Figure 4. Visual comparison suggests spatial
patterns similar to those of LST produced with EBK, but quantitative evaluation reveals differences
in accuracy (Section 3.2).

The results suggested that the land cover types have a significant impact on LST
patterns. The thermal contrast between these land cover types is evident in Figures 4
and 5, with built areas consistently warmer (red and orange hues) than vegetated surfaces
(green and blue hues). These spatial contrasts establish that the predicted LSTs capture
the expected urban thermal behaviour and provide a basis for subsequent quantitative
evaluation and class-based interpretation.

Diurnal variations also showed systematically cooler conditions in the morning than in
the evening, consistent with heat storage and delayed heat release in urban materials. These
figures also indicate that vegetated areas, such as parks, tend to be cooler during the daytime
due to evapotranspiration, with the strongest cooling effect occurring in the afternoon
when the thermal contrast with surrounding built-up surfaces is most pronounced. Visual
inspection suggests no pronounced differences between the outputs of the EBK and AUK
models, particularly during the afternoon. However, the evaluation presented in Section 3.1
reveals statistically clear differences between the two approaches.
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3.2. Validation of the Predicted LST

The validation results are interpreted not only in terms of numerical performance
metrics but also considering the physical processes governing urban surface temperatures,
measurement-scale effects, and differences across observation modalities. This interpreta-
tion is essential for understanding the conditions under which the proposed framework
performs best and where uncertainties remain.

The predicted LST maps generated using the AUK and EBK approaches were eval-
uated using leave-one-out cross-validation and spatial consistency check with Landsat-
derived LST.

3.2.1. Cross-Validation of the Predicted LST

As presented in Table 2, the cross-validation results quantify the predictive accuracy
of the AUK, EBK, and benchmark SVM models. The reported metrics, including the root
mean square error (RMSE), bias, and coefficient of determination (R?), evaluate how well
each model predicts temperature values at unsampled locations using observed data. These
results also enable a direct comparison between the two kriging approaches, revealing their
respective performance in representing the spatial variability of LST across the study area.

Table 2. Error RMSE, bias, and coefficient of determination (R%2)—result of cross-validation for the
AUK, EBK, and SVM models.

RMSE RMSE RMSE

Bias (°C) Bias (°C) Bias (°C) R? R?

(](E;Cli) ( 1§OUCI)() ( S(;?\}[) (EBK) (AUK) (SVM) R* (EBK) (AUK) (SVM)
Overall 2.976 3.625 3.740 1.032 0.021 0.072 0.903 0.881 0.768
Morning 2.948 4.045 3.187 1.074 0.010 —0.013 0.910 0.874 0.757
Afternoon  4.504 5.871 6.088 1.139 0.121 0.080 0.803 0.772 0.576
Evening 1.627 2437 2.504 0.320 0.055 —0.020 0.952 0.865 0.740

Table 2 presents the cross-validation performance of EBK, AUK, and SVM models
for the overall dataset and for the morning, afternoon, and evening periods. Across all
models, the RMSE values range from 1.627 °C to 6.088 °C, with the lowest error observed
for EBK during the evening (1.627 °C) and the highest for SVM in the afternoon (6.088 °C).
Bias values were generally low, ranging from 0.010 °C to 1.139 °C, indicating a small
systematic deviation between the predicted and observed surface temperatures. The
coefficient of determination (R?) ranges from 0.579 to 0.952. Overall, EBK achieved the
strongest predictive performance, with an RMSE of 2.975 °C and an R? of 0.903, compared
with 3.625 °C and 0.881 for AUK and 3.740 °C and 0.768 for SVM, respectively. Although
SVM exhibited the lowest overall bias (0.072 °C), its lower R? indicates weaker predictive
power for the observed spatial variability.

A consistent temporal pattern was observed across the models, with prediction er-
rors generally increasing during the afternoon and decreasing toward the evening. The
afternoon represented the most challenging period, with RMSE values of 4.504 °C for EBK,
5.871 °C for AUK, and 6.088 °C for SVM, and corresponding R? values of 0.803, 0.772,
and 0.579, respectively. The comparatively larger errors during the afternoon are likely
associated with stronger solar forcing and greater thermal contrasts between built-up and
vegetated surfaces, which increase local spatial heterogeneity. In contrast, evening condi-
tions produced lower errors and higher R? values, particularly for EBK (RMSE = 1.627 °C;
R? = 0.952), indicating more spatially coherent cooling patterns.
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Overall, EBK provided the strongest predictive performance among the three ap-
proaches, achieving the lowest RMSE and highest R? for the overall dataset and for each
period of the day. AUK generally showed intermediate performance, while SVM exhib-
ited relatively low bias but weaker reproduction of the observed spatial variability. The
stronger performance of EBK is consistent with its ability to account for uncertainty in
variogram estimation and spatial heterogeneity through Bayesian simulation. These results
indicate that, for the present sensor density and predictor set, explicitly modelling spatial
dependence provided an advantage over the machine learning SVM benchmark.

3.2.2. Assessment of the Predicted LST with Satellite-Derived Data

The validation of the predicted LST from the EBK and AUK models was also con-
ducted against LST derived from L8 and L9 data at the time of satellite overpass. Landsat
acquisitions occurred between approximately 10:04 AM and 10:11 AM local time, while
the corresponding ground-based comparison used the hourly aggregated LHT65 surface-
temperature value at 10:00 AM. The resulting temporal difference between the satellite
acquisition and the ground-based value therefore ranged from 4 to 11 min across the
11 validation dates. This relatively short temporal offset should nevertheless be considered
because urban surface temperatures can change rapidly during daytime heating. The
assessment metrics presented in Table 3 are based on the Pearson correlation coefficient (r).

Table 3. Pearson’s correlation coefficient (r) between satellite-derived LST and the predicted LST with
AUK and EBK at Landsat overpass times, including the temporal difference between the satellite
acquisition and the 10:00 AM LHT65 observation.

Date 53::;5::5 ObI;g;l;:tsion Di;l;g;eence r (EBK) r (AUK)
(min)
21 March 2025 10:05 10:00 5 0.835 0.751
28 March 2025 10:11 10:00 11 0.812 0.716
29 March 2025 10:05 10:00 5 0.833 0.745
29 April 2025 10:11 10:00 11 0.690 0.711
30 April 2025 10:04 10:00 4 0.742 0.703
7 May 2025 10:11 10:00 11 0.718 0.704
8 May 2025 10:05 10:00 5 0.639 0.493
15 May 2025 10:11 10:00 11 0.409 0.454
16 May 2025 10:04 10:00 4 0.628 0.634
24 May 2025 10:04 10:00 4 0.161 0.471
8 June 2025 10:05 10:00 11 0.395 0.447

As presented in Table 3, the EBK and AUK models demonstrate good overall agree-
ment with satellite-derived LST across the different dates, with EBK exhibiting a wider but
generally stronger range of correlations from 0.161 to 0.835 than AUK, where the correlation
coefficients range from 0.447 to 0.751. The highest correlations for both methods occur on
21 March 2025 (hereafter, all other dates are given without the year, referring to 2025) (0.835
for EBK, 0.751 for AUK). In contrast, the weakest correlations are observed for EBK on
24 May (0.161) and for AUK on 8 June (0.447). Notably, correlations decline from March to
June, indicating reduced rank-order agreement later in the season, even as EBK typically
maintains smaller absolute errors. Taken together, both methods reproduce the spatial
pattern of LST around the overpass time, but EBK provides more reasonable and compara-
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tively stable predictions. In contrast, AUK occasionally yields a slightly higher correlation
on specific days (e.g., 29 April, 16 May, 24 May, 8 June) at the cost of larger errors.

3.2.3. Interpretation of Validation Results

The validation results reveal systematic variations in model performance across time
of day, land cover classes, and validation datasets, which can be explained by underlying
physical and methodological factors.

First, prediction errors were consistently higher in the afternoon than in the morning
or evening across all three models. This pattern is likely associated with stronger short-
wave radiative forcing during peak solar hours, which amplifies thermal contrasts among
adjacent surfaces, including sunlit and shaded areas, buildings, asphalt, and vegetation.
These strong spatial gradients increase local thermal heterogeneity and make the spatial
prediction problem more challenging, even when land-cover-based predictors are incorpo-
rated. In contrast, evening and nighttime conditions are increasingly influenced by heat
storage and release, which generally produce more spatially coherent cooling patterns. This
is reflected in the substantially lower evening RMSE and higher R?, particularly for EBK.

Second, the model comparison indicates that EBK generally provided the strongest
predictive performance across the different periods of the day. For the overall dataset, EBK
achieved an RMSE of 2.976 °C and an R? of 0.903, compared with 3.625 °C and 0.881 for
AUK and 3.740 °C and 0.768 for SVM. Although SVM produced relatively low bias, its
lower R? indicates weaker reproduction of the observed variability. The difference was
particularly pronounced during the afternoon, when SVM achieved an RMSE of 6.088 °C
and an R? of 0.579, whereas EBK achieved 4.504 °C and 0.803. These results suggest that,
for the present sensor density and predictor set, explicitly modelling spatial dependence
provided an advantage over the nonlinear predictor-based SVM benchmark.

Third, the land-cover-specific assessment indicates that surfaces with relatively ho-
mogeneous thermal properties, such as asphalt and unirrigated grass, generally exhibited
stronger spatial correspondence with satellite-derived LST than highly heterogeneous or
radiatively complex surfaces. Colorbond roofs showed weaker correspondence, which
may be associated with variations in roof colour, reflectance, emissivity, and roof geometry.
These characteristics can produce substantial sub-pixel thermal variability and are difficult
to represent fully using land-cover classification alone. The lower correlations observed for
this class should therefore be interpreted in the context of both surface heterogeneity and
differences in measurement scale.

Fourth, differences between the predicted surface temperature and the satellite-derived
LST arise in part from fundamental differences in measurement principles. The ground-
based sensors measure contact-based surface temperature at discrete locations, whereas
Landsat estimates radiometric land surface temperature over its instantaneous field of
view and is influenced by emissivity, atmospheric correction, and mixed-pixel effects.
Consequently, the satellite comparison should be interpreted primarily as an assessment of
spatial consistency and relative thermal patterns rather than as a direct measure of absolute
physical accuracy. Differences in magnitude between the two datasets, therefore, do not
necessarily represent prediction error alone.

Finally, the gradual decline in spatial correlation from March to June may reflect
increasing atmospheric variability, cloud contamination, and seasonal changes in surface
moisture and vegetation conditions. These factors can affect both the thermal state of the
surface and the quality and representativeness of satellite-derived LST, thereby reducing
agreement in the spatial ranking of relatively warmer and cooler surfaces.

Together, these findings indicate that the observed validation patterns reflect inter-
actions among urban surface physics, spatial heterogeneity, observation scale, and mea-
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surement modality, rather than random model behaviour. The results highlight both the
strengths and limitations of the proposed framework, particularly under strongly heteroge-
neous daytime conditions and for thermally complex surface types.

While urban LST exhibits significant spatial heterogeneity that challenges strict station-
arity assumptions, EBK was specifically designed to accommodate such non-stationarity
through Bayesian simulation of multiple semivariogram models. This approach provides
robust predictions without requiring residuals to be strictly stationary, as the Bayesian
framework explicitly accounts for uncertainty in the variogram arising from spatial hetero-
geneity. Given the limited sample size (1 = 52), additional diagnostic tests such as Moran’s
I correlogram would be underpowered and potentially misleading. Our cross-validation
results, which demonstrate strong predictive performance (R? = 0.903, RMSE = 2.98 °C for
EBK), provide empirical evidence that the EBK framework effectively captures urban LST
variability despite potential violations of strict stationarity.

3.3. Land-Cover-Specific Diurnal Behaviour and Spatial Consistency Assessment of EBK

The thermal pattern mentioned above is quantified in Figure 6, which illustrates
the diurnal variation in LST across five representative land cover classes (unirrigated
grass, grass, asphalt, Colorbond roofs, and roof tiles) of the study area for a seven-day
extract period within the study timeframe. EBK predictions were used for this analysis
because the validation results identified EBK as the best-performing interpolation model.
At approximately 2:00 pm, the thermal gradient indicates that surfaces covered by asphalt
have the highest LST, followed by Colorbond roofs, unirrigated grass, roof tiles, and grass
(the lowest temperature). Figure 7 focuses on a single day (22 March 2025) to illustrate the
detailed diurnal variations, highlighting the heating and cooling rate differences among
land cover classes. During the midnight to early morning period, the order of elevated
surface temperatures shifts slightly, with asphalt maintaining the highest LST, followed by
grass, unirrigated grass, Colorbond roof, and roof tiles. This suggests that vegetated areas,
particularly unirrigated grass, retain less heat overnight than impervious surfaces, whereas
asphalt consistently exhibits a strong heat storage capacity.

= Asphalt
= Colorbond roof

Unirrigated grass
*Roof tiles

Grass

\

Date/Time

Figure 6. Temporal profile of land cover classes from 23 March to 29 March 2025, derived from
EBK-predicted LST time series maps.

In the morning, Colorbond roofs exhibit a rapid temperature increase, surpassing
that of asphalt, and reading their peak surface temperatures around midday (12:00 pm).
After this peak, Colorbond roof temperatures begin to decline, while asphalt continues to
accumulate heat throughout the afternoon. Asphalt surfaces cool more slowly than other
land cover types and remain the warmest until midnight, highlighting their dominant
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role in sustaining elevated nocturnal surface temperatures. These class-specific profiles

demonstrate that the hourly time series supports analysis of both daytime heating and
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nocturnal heat retention, which is central to the stated monitoring objective.

* Asphalt

= Colorbond roof

Unirrigated grass

= Roof tiles
Grass

=

IDate/Time

12:00 AM 3:00 AM 6:00 AM 9:00 AM 12:00 PM 3-:00 PM 6:00 PM 9-00 PM 12:00 AM
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22/03/2025

Evening

Midnignt

Figure 7. Diurnal variation in surface temperature of various land covers in the study area on

22 March 2025, generated from EBK-predicted LST time series maps.

3.4. Land-Cover-Specific Spatial Consistency Assessment with EBK

Based on the aggregate spatial consistency check against satellite-derived LST, we

conducted a stratified, land-cover-specific comparison in which the EBK-predicted LST, the

best-performing model from the preceding analysis, was evaluated against L8/L9 satellite-

derived LST across the five land cover classes. Table 4 presents the Pearson correlation

coefficient between the two datasets for the five classes.

derived LST for land cover classes on different dates.

Table 4. Pearson’s correlation coefficient (r) between predicted LST with the EBK model and satellite-

](“:?:;elr /Dates Asphalt Grass Roof Tiles Eg:;rbond gl:;::gated
21 March 2025 0.798 0.541 0.664 0.198 0.683
28 March 2025 0.755 0.550 0.580 0.103 0.730
29 March 2025 0.733 0.537 0.743 0.295 0.785
29 April 2025 0.507 0.161 0.551 0.311 0.695
30 April 2025 0.630 0.309 0.517 0.109 0.688
7 May 2025 0.540 0.443 0.619 0.126 0.396
8 May 2025 0.529 0.441 0.538 0.143 0.647
15 May 2025 0.357 0.283 0.320 0.379 0.418
16 May 2025 0.459 0.439 0.407 0.192 0.643
24 May 2025 0.226 0.194 0.189 0.259 0.246
8 June 2025 0.419 0.141 0.317 0.418 0.386

Across land cover classes, as shown in Table 4, the agreement between LST predicted

by the EBK model and satellite-derived LST clearly depends on class type and acquisition

date. Averaged over dates, unirrigated grass exhibits the strongest correspondence (mean
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r = 0.57), followed by asphalt (mean r = 0.54). Roof tiles show intermediate performance
(mean r = 0.50), whereas grass is weaker on average (mean r = 0.37). Colorbond roofs are
consistently the most challenging class (mean r = 0.23), with a low peak of 0.418 and a
minimum of 0.103.

The colour variation in the Colorbond roof class, as shown in a sample area in Figure 8,
is highly heterogeneous, and the different colours affect LST; therefore, this land cover
class shows lower correlation with Landsat LST. Colorbond is a brand of pre-painted steel
roofing material widely used in Australia, available in multiple colours. The thermal
behaviour of these roofs can be influenced by colour-dependent albedo (dark coloured
Colorbond absorbs more solar radiation and reaches higher temperature than light colours),
low thermal mass (steel roofs have low thermal mass, causing rapid heating and cooling in
response to changing solar radiation), emissivity effects (metal surfaces have low and vari-
able emissivity, which complicate LST retrieval), and view angle effects (anisotropic thermal
emission from metal surfaces can cause directional brightness temperature variations).

Figure 8. Colour variations in the Colorbond roof class. This image is a sample of the study area
extracted from Google Earth imagery.

In contrast, the colours of other classes are more homogeneous and do not signifi-
cantly impact the correlation. Considering dates across all classes, late March, especially
29 March, achieves the highest overall agreement (mean across classes of 0.62), while
24 May is uniformly poor (mean around 0.22), with minima for asphalt, roof tiles, and
unirrigated grass. The pattern suggests that surfaces with more homogeneous thermal
behaviour (asphalt, unirrigated grass) tend to have high correlation, whereas highly re-
flective, low-emissivity metal roofing (Colorbond) and phenologically dynamic vegetation
(grass) reduce correlation, likely due to class-specific emissivity and moisture dynamics.
The seasonal degradation from March to June is consistent with increased atmospheric
and meteorological variability during these periods, particularly as indicated by the data
captured on 15 and 24 May, containing abundant cloud cover. When examining the overall
correlation values, the 10 m spatial resolution of the TIR image used as a reference should
be considered, as highly heterogeneous urban areas are affected by mixed pixels.
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4. Discussion and Conclusions

This study developed an integrated approach to generating high-spatial- and temporal-
resolution LST maps by combining ground-based measurements, satellite-derived surface
predictors, and geostatistical interpolation. A distinctive feature of the study is its ability to
produce hourly LST maps at 10 m resolution, supporting the monitoring of both daytime
heating and nocturnal cooling patterns across heterogeneous urban surfaces. This addresses
a key limitation of satellite-derived LST products, which are often constrained by revisit
frequency, cloud cover, and acquisition time. The approach is particularly relevant for
urban environments where surface characteristics vary strongly over short distances [62].

The results demonstrate that the predicted LST maps capture clear thermal contrasts
among land cover types. These patterns are consistent with existing UHI mapping stud-
ies [4,63] and reinforce the established role of land covers in controlling urban thermal
variability [15,42,64]. The findings further confirm that vegetation indices, built-up indices,
surface albedo, and moisture indicators provide meaningful spatial predictors of LST.
The NDVI reflects vegetation cooling through evapotranspiration and shading [65-67],
the NDBI represents the thermal influence of impervious surfaces [48,68], surface albedo
indicates differences in shortwave radiation absorption [69], and the NDWI captures
moisture-related cooling effects [70].

Methodologically, comparing AUK and EBK against the additional nested SVM bench-
mark highlights the value of uncertainty-aware geostatistical modelling for fine-scale urban
temperature prediction. EBK generally outperformed both AUK and SVM, particularly
during periods of strong spatial thermal variability, because it accounts for uncertainty
in variogram estimation through a Bayesian framework. This makes EBK well-suited to
heterogeneous urban areas where sensor coverage is uneven, and surface temperatures
vary sharply over short distances. Although the S2-derived predictors improved the spatial
representation of surface characteristics, they mainly constrained spatial contrasts rather
than driving hourly temporal variation. SVM produced relatively low bias, but its overall
RMSE and R? were inferior to those of the geostatistical approaches, especially during
the afternoon, when contrasts between built and vegetated surfaces and between sunlit
and shaded areas increased local thermal heterogeneity. These findings suggest that, for
the present sensor density and predictor set, explicitly accounting for spatial dependence
provides an advantage over relying solely on nonlinear relationships between temperature
and satellite-derived surface characteristics. However, this should not be interpreted as
evidence that SVM is generally unsuitable for small datasets; rather, it indicates that EBK
was more appropriate under the specific spatial and thermal conditions investigated here.

An additional contribution of this study is the complementary use of ground-based
and satellite-derived observations. Contact-based surface temperature measurements and
satellite-derived LST represent physically related but distinct quantities. The observed dif-
ferences between predicted LST and Landsat-derived LST should therefore be interpreted
as differences between measurement modalities rather than simple errors. Ground sensors
measure local contact-based surface temperature, whereas satellite products estimate radio-
metric skin temperature over a pixel. Another difference is the temporal mismatch between
satellite acquisitions and ground-based measurements. In this study, the Landsat over-
passes occurred 4 to 11 min after the hourly aggregated LHT65 value assigned to 10:00 AM.
Although this difference is relatively small, rapid surface heating during the morning may
produce measurable temperature changes over such an interval, particularly over thermally
contrasting urban materials. The observed differences between the predicted and satellite-
derived temperature fields should therefore be interpreted in the context of both temporal
mismatch and the distinct measurement principles and spatial supports of the two datasets.
Despite these differences, the correlations between the predicted and satellite-derived LSTs
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indicate that both datasets capture similar spatial thermal structures. This supports the
use of ground-based sensor networks to complement satellite observations, especially for
continuous monitoring between satellite overpasses.

The low-cost nature of the sensor network makes this approach accessible to a wide
range of stakeholders, including community groups, local governments, schools, and aca-
demic institutions. By deploying sensors across residential neighbourhoods, schools, and
public spaces, communities could generate localised thermal data, build public awareness
of urban heat risks, and contribute directly to evidence-based decision-making. This partici-
patory monitoring model, akin to citizen science initiatives in other environmental domains,
could substantially extend the spatial coverage and societal impact of urban heat studies.

The capacity to generate hourly LST maps at 10 m resolution has practical implications
for urban heat management. Fine-scale thermal maps can identify persistent hotspots such
as asphalt parking areas, exposed roofs, and unirrigated grass, helping communities and
planners prioritise mitigation measures such as tree planting, shade structures, irrigation,
and the replacement of heat-retaining materials. The hourly resolution is also important
because it shows when specific surfaces reach peak temperatures and when they retain
heat into the evening.

Although this study measured surface temperature rather than air temperature, LST
remains important because hot surfaces influence the thermal environment experienced
by pedestrians through longwave radiation [71]. Therefore, the resulting LST maps can
support heat exposure assessment when combined with pedestrian activity, land use, or
population data. In addition, dense ground-based sensor networks could complement
official weather stations by providing localised thermal information in urban areas where
people live, work, and move.

Several limitations should be acknowledged for this study. First, prediction quality
depends on the density and spatial distribution of sensors. Although the 52-sensor network
captured major land cover types across the study area, areas far from sensors or charac-
terised by strong micro-scale heterogeneity may still have higher uncertainty. This also
limits the spatial density available for interpolation and constrained additional analyses,
such as residual spatial autocorrelation testing and land-cover-specific validation. Second,
the 10 m spatial resolution, while finer than many satellite LST products, may not fully
capture sub-metre thermal variability such as narrow shaded zones, small impervious
patches, or within-roof material differences. Point-based measurements may therefore not
always represent the full thermal variability within a 10 m pixel.

Third, S2-derived predictors are temporally sparse and cannot fully represent short-
term changes in surface conditions, such as rainfall-driven moisture changes or rapid
vegetation responses. In this study, hourly temporal variability was mainly driven by
ground-based measurements, while S2 inputs provided spatial constraints. Fourth, the
present approach relies primarily on two-dimensional land cover information and does
not explicitly account for 3D urban morphology, such as building height, street canyon
geometry, shading, or sky view factor, all of which can influence urban thermal patterns. A
further limitation concerns the spatial-statistical assumptions underlying kriging-based
interpolation. Urban surface temperature fields are strongly heterogeneous, and residual
spatial structures may vary across land cover types and distance classes.

Future research should test the approach in larger, more diverse urban environments
to evaluate its transferability across different climates, urban forms, and land cover com-
positions. While our study focused on asphalt as a representative impervious surface,
given its prevalence in urban environments, alternative surfaces such as gravel, perme-
able pavers, and grasscrete also offer potential heat mitigation benefits. Gravel parking
areas, for instance, may exhibit lower surface temperatures than asphalt due to increased
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albedo and reduced thermal mass, although they present challenges for surface marking
and accessibility. Future investigation should systematically compare the thermal perfor-
mance of different pavement materials across a wider range of surface types, including
gravel, porous asphalt, and grasscrete, to provide urban planners with a comprehensive
evidence base for material selection. Involving urban planners, developers, and landscape
architects in sensor deployment and data interpretation could facilitate the translation of
research findings into practice, while citizen science initiatives could extend monitoring to
under-sampled areas.

In terms of methodology, further work should also investigate optimal sensor place-
ment strategies and the minimum sensor density required to maintain reliable prediction
accuracy at the city scale. In addition, the next study should deploy a denser and more
balanced sensor network to enable robust residual spatial autocorrelation testing, such
as Moran’s I correlograms, and land-cover-specific cross-validation across heterogeneous
urban surfaces. Moreover, incorporating 3D urban morphology from LiDAR or digital sur-
face models would help improve the representation of shading and urban geometry effects.
Finally, additional air temperature sensors installed at standard pedestrian height could
support the development of heat exposure metrics more directly linked to public health,
while UAV thermal surveys could help characterise sub-pixel temperature variability and
improve interpretation of 10 m predictions.

Overall, the study demonstrates that combining high-frequency ground-based mea-
surements with satellite-derived surface characteristics can provide continuous, fine-scale
information on urban surface heat dynamics. The resulting LST maps can support the
identification of persistent heat hotspots and inform targeted heat-mitigation strategies,
such as shading, greening, cool roofing and other surface material interventions. Future
work should test the approach in other urban and climatic settings, expand sensor cover-
age, incorporate urban morphology variables, and collect coincident radiometric ground
measurements to further improve model transferability and cross-sensor interpretation.
Ultimately, this novel integration of satellite data with low-cost ground sensors offers a
pathway for engaging academics, professionals, and citizens in collaborative efforts to
address urban heat and build climate-resilient communities.

Author Contributions: Conceptualization, Ratovoson Robert Andriambololonaharisoamalala, Petra
Helmbholz, Ivana Ivanové, Dimitri Bulatov and Eriita Jones; methodology, Ratovoson Robert Andri-
ambololonaharisoamalala, Dimitri Bulatov, Ivana Ivanové, Yongze Song and Eriita Jones; Software,
Ratovoson Robert Andriambololonaharisoamalala, Petra Helmholz, Dimitri Bulatov, Ivana Ivanova
and Yongze Song; validation, Ratovoson Robert Andriambololonaharisoamalala, Petra Helmholz,
Ivana Ivanovd, Yongze Song, Susannah Soon and Eriita Jones; formal analysis, Ratovoson Robert
Andriambololonaharisoamalala, Petra Helmholz, Dimitri Bulatov, Ivana Ivdnovd, Susannah Soon
and Eriita Jones; investigation, Ratovoson Robert Andriambololonaharisoamalala, Petra Helmholz,
and Ivana Ivdanov4; resources, Ratovoson Robert Andriambololonaharisoamalala, Petra Helmholz,
Ivana Ivdnova and Dimitri Bulatov; data curation, Ratovoson Robert Andriambololonaharisoamalala,
Dimitri Bulatov and Yongze Song; writing—original draft, Ratovoson Robert Andriambololona-
harisoamalala and Petra Helmholz; writing—review and editing, Ratovoson Robert Andriambololon-
aharisoamalala, Petra Helmholz, Dimitri Bulatov, Ivana Ivdnovéd, Yongze Song, Susannah Soon
and Eriita Jones; visualization, Ratovoson Robert Andriambololonaharisoamalala, Ivana Ivdnova,
Dimitri Bulatov, Yongze Song and Susannah Soon; supervision, Petra Helmholz, Ivana Ivanova.,
Eriita Jones, Susannah Soon, and Dimitri Bulatov; project administration, Ratovoson Robert An-
driambololonaharisoamalala, Ivana Ivdnova and Petra Helmholz; funding acquisition, Ratovoson
Robert Andriambololonaharisoamalala, Petra Helmholz and Ivana Ivanova All authors have read
and agreed to the published version of the manuscript.

https:/ /doi.org/10.3390/ijgi15090409


https://doi.org/10.3390/ijgi15090409

ISPRS Int. ]. Geo-Inf. 2026, 15, 409

26 of 29

Funding: This work has been supported by the SmartSat CRC, whose activities are funded by the

Australian Government’s CRC Program.

Data Availability Statement: The data that support the findings of this study are available from the

corresponding author upon reasonable request.

Acknowledgments: The authors would like to express their gratitude to colleagues at Curtin Proper-

ties for their invaluable contributions to the deployment of the sensor network. They also gratefully

acknowledge Eva Strauss for her insightful comments, which significantly improved this manuscript.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

UHI
LST
SUHI

B

G

R

NIR
VNIR
SWIR
TIR
TIRS
L8

L9

S2
ASTER
MODIS
™
ETM+
MSI
GeoML
STARFM
ESTARFM
STTEN
LoRaWAN
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