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Abstract: Super-Resolution Land Surface Temperature (LSTsg) maps are essential for urban
heat island (UHI) analysis and temperature monitoring. While much of the literature
focuses on improving the resolution of low-resolution LST (e.g., MODIS-derived LST)
using high-resolution space-borne data (e.g., Landsat-derived LST), Unmanned Aerial
Vehicles (UAVs)/drone thermal imagery are rarely used for this purpose. Additionally,
many deep learning (DL)-based super-resolution approaches, such as Convolutional Neu-
ral Networks (CNNs) and Generative Adversarial Networks (GANSs), require significant
computational resources. To address these challenges, this study presents a novel approach
to generate LSTsg maps by integrating Low-Resolution Landsat-8 LST (LSTr) with High-
Resolution PlanetScope images (Igr) and UAV-derived thermal imagery (Tygr) using the
Kolmogorov-Arnold Network (KAN) model. The KAN efficiently integrates the strengths
of splines and Multi-Layer Perceptrons (MLPs), providing a more effective solution for
generating LSTgr. The multi-step process involves acquiring and co-registering Ty via the
DJI Mavic 3 thermal (T) drone, Igg from Planet (3 m resolution), and LST} g from Landsat-8,
with TyR serving as reference data while Ijg and LST R are used as input features for the
KAN model. The model was trained at two sites in Germany (Oberfischbach and Mittelfis-
chbach) and tested at Konigshain, achieving reasonable performance (RMSE: 4.06 °C, MAE:
3.09 °C, SSIM: 0.83, PSNR: 22.22, MAPE: 9.32%), and outperforming LightGBM, XGBoost,
ResDensNet, and ResDensNet-Attention. These results demonstrate the KAN’s superior
ability to extract fine-scale temperature patterns (e.g., edges and boundaries) from Iy,
significantly improving LSTyr. This advancement can enhance UHI analysis, local climate
monitoring, and LST modeling, providing a scalable solution for urban heat mitigation
and broader environmental applications. To improve scalability and generalizability, KAN
models benefit from training on a more diverse set of UAV thermal imagery, covering
different seasons, land use types, and regions. Despite this, the proposed approach is
effective in areas with limited UAV data availability.

Keywords: super-resolution; LST; planet; UAVs; KANs

1. Introduction

Land Surface Temperature (LST), derived from thermal infrared sensors, is crucial
for a wide range of environmental applications, including wildfire monitoring, forest
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management, hydrological analysis, climate change assessment, agriculture, urban heat
island (UHI) studies, and the planning of heat-resilient urban areas [1-5]. Among these
applications, urban heat management is particularly critical due to its focus on mitigating,
adapting to, and regulating increasing temperatures in cities [5]. As climate change and
rapid urbanization continue to elevate urban heat levels [6], the integration of LST data
into urban planning becomes increasingly vital. This integration aids in pinpointing
hotspots and high-risk areas, facilitating the development of effective cooling strategies.
To enhance this process, the Local Climate Zone (LCZ) framework offers a standardized
method for classifying urban areas based on their thermal characteristics. However, any
misapplication of this framework can lead to the mismanagement of high-risk regions,
thereby undermining its effectiveness [5].

To effectively improve heat resilience in urban settings, it is essential to focus on
accurate LST mapping, prioritize cooling interventions, and leverage naturally cooler
urban zones [7-10]. Factors such as sensor type, cloud cover, land use, solar elevation, wind
speed, and surface emissivity can all influence the accuracy of LST measurements [7,9].
Addressing these variables ensures more reliable data, thereby supporting the development
of sustainable and heat-adaptive urban environments [7].

Space-borne remote sensing (RS), equipped with advanced thermal sensors, serves
as a primary technology for generating LST data [2,11]. Space-borne RS sensors, such as
MODIS, Sentinel-3, and the Landsat series, provide comprehensive, large-scale coverage
that is ideal for extensive environmental monitoring. These sensors operate from orbit,
offering the advantage of capturing data over vast geographical regions in a consistent and
systematic manner.

To extract LST from satellite imagery, various methods such as single-channel, split-
window, and multi-angle approaches have been developed [12,13]. Despite these advances,
satellite-derived LST data still face challenges in capturing fine-scale temperature variations,
especially in complex urban environments.

Super-resolution (SR) techniques have emerged as promising solutions to improve the
spatial, spectral, and temporal resolution of satellite-derived LST data [14]. By integrating
high-resolution datasets, SR methods enhance the accuracy and detail of LST images,
thereby providing more reliable data for urban heat management efforts.

SR methods can be classified into two primary categories: traditional and deep learn-
ing (DL)-based approaches. Traditional techniques, including Fast Fourier Transform (FFT),
Principal Component Analysis (PCA), and pansharpening, offer simple and computation-
ally efficient means to enhance image resolution [15-19]. However, they often fall short
in precision and adaptability compared to DL-based methods, which excel due to their
ability to learn complex patterns from large datasets, making them particularly effective in
dynamic urban settings [16].

DL-based SR methods, such as Generative Adversarial Networks (GANSs), Super-
Resolution Convolutional Neural Networks (SRCNN), Blind Image Super-Resolution,
Deeply Recursive Convolutional Networks (DRCN), and Efficient Sub-Pixel Convolutional
Networks (ESPCN), have garnered significant attention for their capacity to transfer spatial
details from high-resolution images using sub-pixel estimation, achieving remarkable
accuracy [20-25]. These approaches effectively generalize to larger scales and reconstruct
intricate details, rendering them highly effective for enhancing LST images. Nonetheless,
they also encounter challenges, including high computational demands, the necessity for
extensive training datasets, and substantial resource requirements. Recent advances in
neural network architectures are helping to mitigate these challenges, making DL-based SR
methods increasingly practical and accessible for various applications [16].
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Recent studies have demonstrated the transformative potential of SR techniques in
improving the accuracy of LST maps. These studies often use high-resolution space-borne
LST data as a reference to refine coarse-resolution LST data. For example, Daniels et al.
(2023) used Landsat-derived LST and an attention-enhanced convolutional neural network
(CNN) to generate MODIS-equivalent LSTs with a spatial resolution of 30 m [26]. Chen
et al. (2024) introduced the Cross-Scale Diffusion model, which enhances LST resolution in
two steps: the PreNet network increases spatial resolution, and the Cross-Scale Reference
Image Attention Mechanism (CSRIAM) reduces noise in the enhanced LST [27]. Similarly,
Nguyen et al. (2022) developed the Multi-Residual U-Net (MRU-Net), a DL model that
significantly improves spatial accuracy by generating MODIS LSTs with 250 m spatial
resolution from 1 km data [28].

In addition to these models, others, such as the Super-Resolution Generative Adver-
sarial Network (SRGAN) and Very Deep Super-Resolution (VDSR), have been applied to
enhance the spatial resolution of satellite imagery, demonstrating the versatility of SR tech-
niques in various domains, including sea surface temperature (SST) and LST [29,30]. Yin
et al. (2021) developed the Spatiotemporal Temperature Fusion Network (STTEN), which
combines temporal and spatial data from MODIS and Landsat to generate high-resolution
LSTs, improving both spatial and temporal accuracy [31]. Furthermore, recent advances
have introduced transformer-based models that combine transformer and residual blocks
to generate high-resolution SST, showcasing the effectiveness of SR techniques in handling
diverse datasets [32]. Other models such as FSRCNN and Deep Compendium Models
(DCMs) have also been explored to further improve SST and LST resolution [33,34].

Space-borne RS data, while providing comprehensive spatial coverage, are often
hindered by factors such as atmospheric interference, variations in surface emissivity, and
topographic effects, which can significantly compromise data accuracy and resolution [35].
These limitations pose substantial challenges for applications requiring high-precision LST
mapping, particularly in heterogeneous landscapes where fine-scale thermal variations are
critical. In contrast, Unmanned Aerial Vehicles (UAVs) offer high-resolution, localized data
acquisition, making them particularly useful for site-specific analyses [36]. This capability
is especially advantageous for capturing fine-scale temperature variations in urban and
heterogeneous landscapes, where microclimatic conditions vary significantly. Nevertheless,
the relatively limited spatial coverage of UAVs compared to satellite-based observations
restricts their effectiveness in large-scale LST monitoring, and these valuable data are rarely
utilized in the literature for LST data production.

In addition to the limitations of data sources, most existing DL models used for
super-resolution tasks, such as Convolutional Neural Networks CNNs and GANs, demand
extensive computational resources and high-performance hardware. Their reliance on large-
scale training datasets and intensive processing power makes them impractical for many
real-world applications, particularly in scenarios with limited computational infrastructure.
These challenges highlight a critical need for alternative approaches that can enhance LST
resolution efficiently while minimizing computational costs.

To address these challenges, our study introduces an innovative approach leveraging
the Kolmogorov—Arnold network (KAN) [37] to generate Super-Resolution LST (LSTSR)
from Landsat-8, enhanced by high-resolution PlanetScope images (IHR) and UAV-derived
thermal imagery (THR). Unlike traditional deep learning (DL) models, KANs combine the
strengths of splines and Multi-Layer Perceptrons (MLPs) [37], enabling them to approx-
imate complex functions with significantly lower computational demands and minimal
training data requirements [11]. This computational efficiency and adaptability make
KANS particularly well-suited for generating LSTSR, which can provide a scalable solution
for large-scale applications where computational resources are limited. By integrating
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multi-source, high-resolution datasets, our approach can not only overcome the limitations
of existing methods but also enriches the spatial database, enabling more accurate thermal
mapping and enhancing environmental monitoring capabilities. In our proposed frame-
work, the KAN model processes a six-channel composite image comprising red, green, blue,
and NIR bands alongside NDVI derived from high-resolution PlanetScope imagery, as well
as LST from Landsat-8. The model outputs a downsampled 3 m LST map, refined using
single-band thermal data acquired from a DJI Mavic 3 thermal (T) drone. This integration
of multi-source data allows the model to capture fine-scale thermal variations that would
otherwise be missed in coarse-resolution satellite imagery. The resulting high-resolution
LST maps provide unprecedented detail, enabling a more precise analysis of localized
environmental phenomena, such as microclimates within urban areas or variations in crop
health across agricultural fields.

The study is organized as follows: Section 2 covers the study area, datasets, methodol-
ogy, and evaluation metrics. Section 3 presents the experimental results. Section 4 offers a
discussion to contextualize the results, and Section 5 concludes the study.

2. Materials and Methods
2.1. Study Area

Our study focuses on three villages in Germany: Konigshain, Oberfischbach, and
Mittelfischbach. These locations were selected based on both scientific and regulatory
considerations, particularly altitude limitations for UAV operations.

Konigshain, located in the state of Saxony near the city of Gorlitz, was selected as
the test site to evaluate model performance. Oberfischbach and Mittelfischbach, located
in Rhineland-Palatinate and geographically close to each other, served as training sites
for model development. This division allows for a rigorous assessment of the model’s
generalization capabilities across different geographic regions. These areas were among
the few where UAV flights could be legally conducted within the permitted altitude limits,
ensuring compliance with regulatory guidelines while enabling high-resolution thermal
data acquisition. Figure 1 provides a visual representation of the study areas.
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Figure 1. Google satellite image of the study area. (a) Training Site: Oberfischbach—Mittelfischbach,
designated for model development. (b) Test Site: Konigshain, utilized for performance evaluation.
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2.2. Dataset

The dataset for this study includes data collected from three primary sources: the DJI
Mavic 3T (manufactured by DJI, headquartered in Shenzhen, Guangdong, China) drone
thermal images, Landsat-8, and Planet imagery, all collected between July and September
2024, as can be seen in Tables 1 and 2.

Table 1. Features extracted from multisource datasets.

Data Source Type Name Resolution (m) Simbol

DJI Mavic 3T drone Thermal (High Resolution) Temperature 0.23 Tur

Landsat-8 Thermal (Low Resolution) LST 30 LSTR
Surface Reflectance Blue, Green, Red, and NIR
PlanetScope 3 Inr
Spectral Index NDVI
Table 2. Meteorological conditions during each drone flight.

D&::Iigsﬁ\tl_;)nd (Plarzgiope) Site Air Temperature (°C) Humidity (%)  Air Pressure (hPa)
2024/07/29 2024/07/29 Oberfischbach 23 59.66 977.23
2024/08/17 2024/08/14 Konigshain 27 66.75 979
2024/09/07 2024/09/07 Oberfischbach 21.32 83 966
2024/09/07 2024/09/07 Mittelfischbach 22.66 75.33 967.7

- 2024/10/23 Mainz - - -

The DJI Mavic 3T drones are equipped with state-of-the-art thermal and RGB cameras
to capture high-resolution visual and thermal data in real time. The DJI Mavic 3T features a
mechanical shutter, a 56 x zoom camera, and an RTK module for centimeter-level precision,
improving both mapping accuracy and operational efficiency (see Table 3 for more detail).
Ideal for applications such as microclimate monitoring and precision agriculture, these
drones provide precise temperature analysis in day and night conditions.

PlanetScope satellite imagery provides the highest spatial resolution among several
satellite sensors, including Sentinel, Landsat, and MADIS, with a resolution of 3 to 5 m
(resampled to 3 m). The collected data are pre-processed by ground stations and the MODIS
sensor to remove atmospheric effects, allowing the use of ready-made products, including
several types of basemaps for analysis [38]. These basemaps are divided into two types:
Global and Select Basemaps (https:/ /www.planet.com/products/basemap/, accessed on
24 July 2024).

Global basemaps cover the entire Earth’s surface, with special attention given to
minimizing distortion in the polar regions. In contrast, Select Basemaps are created upon
request for specific regions and can be produced at weekly, monthly, or seasonal intervals.
Both types of basemaps include Visual Basemaps and Surface Reflectance Basemaps. Visual
basemaps undergo atmospheric and color correction to improve image quality, while
surface reflectance basemaps correct for atmospheric interference (https:/ /www.planet.
com/products/basemap/).
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Table 3. Detailed specifications of DJI Mavic 3T adopted from (https:/ /www.hammermissions.com/
post/dji-mavic-3t-cameras-explained, accessed on 2 March 2023 and https:/ /enterprise.dji.com/de/
mavic-3-enterprise/specs, accessed on 24 July 2024).

Items Camera Configuration Detailed Specifications
. Weight: 920 g
S Max. Flight Time: 45 min
Y Max. Speed: 21 m/s
Operating Temperature:
DJI Mavic 3T —10 to 40 °C

Camera configuration

Sensor: Uncooled VOx
Microbolometer

Resolution: 640 x 512 pixels
Spectral Range: 8-14 pm
Accuracy: 2 °C

Field of View (FOV): 61°
Focal Length: 40 mm

Sensor: 1/2-inch CMOS
Resolution: 4000 x 3000 pixels
Field of View (FOV): 15°

Focal Length: 162 mm

Sensor: 1/2-inch CMOS
Resolution: 8000 x 6000 pixels
Field of View (FOV): 84°

Focal Length: 24 mm

L

Sample RG

Wide Camera

B image

PlanetScope images are not publicly available but are available through subscrip-
tion plans for academic institutions and research teams. These plans include the Basic
Subscription for students and faculty, the Research Subscription for academic teams,
and the Campus Subscription for campus-wide access. Depending on the subscrip-
tion, users can download up to 100 million square kilometers of imagery per year, in-
cluding both global and archived high-resolution SkySat data. This ensures that re-
searchers have access to high-quality satellite data while benefiting from academic discounts
(https:/ /www.planet.com/industries/education-and-research/, accessed on 24 July 2024).

Equipped with OLI and TIRS sensors, Landsat 8 provides 30 m resolution multispectral
imagery with global coverage every 16 days. Its reliable and consistent coverage mean that
Landsat 8 is widely used in agriculture, natural resource management, and environmental
monitoring [39].

Processing of Thermal Drone Images for Temperature Retrieval

Drone-captured thermal images provide a basic thermal view of an area but do not
directly yield absolute temperature data in TIFF format. To convert these raw images from
a DJI Mavic 3T into absolute temperatures, a script using DJI Thermal SDK in R has been
developed (available at https://github.com/DanGeospatial /dji_m3t_rpeg_to_tif, accessed
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on 29 January 2024 and https:/ /www.dji.com/downloads/softwares/dji-thermal-sdk,
accessed on 7 July 2024).

To ensure accurate conversion, it is crucial to calibrate parameters like emissivity,
humidity, camera-to-target distance, and surface reflectance. The process begins with
extracting metadata from the images using the exifr tool. The raw images are then calibrated
using DJI Thermal SDK, converting them to absolute temperature values in Celsius in TIFF
format. Finally, metadata including camera model and geographic location are added to
the TIFF files. This detailed process creates data ready for use in geographic software like
Agisoft Metashape (v2.0.1), enabling the production of thermal orthophotos with precise
temperature values.

2.3. Methodology

The proposed method for super-resolution LST (LSTsgr) in Germany involves a multi-
step process, as fully illustrated in Figure 2.

Planet Landsat-8 \ w

Retrieve LSTy g using
Planck's algorithm

RGBur-NIRyr-NDVIgR Thermal »g

}

Training of Trainig Site
Proposed Models (Jul-Sept)

(KANs)

Trained KANs

!

Validation P Test Site
(RMSE-MAPE-MAE-SSIM-PSNR) | (Aug)

!

LSTsg

Figure 2. Workflow of the proposed methodology for LSTsgr using Kolmogorov—Arnold networks.

First, Tyr images were collected using the DJI Mavic 3 Thermal drone. These images,
with a spatial resolution of 23 cm, were acquired in July, August, and September 2024
to coincide with Landsat-8 satellite passes over the study area. This synchronization
between drone and satellite data ensures that the images were acquired under similar
environmental conditions. Simultaneously, Iyr images were collected from the Planet
satellite. These Igr were used to transfer spatial information from the optical images to
the LSTir. The transfer was performed either simultaneously with the drone data or
with a time difference of one or two days to minimize significant changes in vegetation
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cover during the observation period. The Tyr images were first calibrated using the DJI
Thermal SDK. A thermal ortho-photo was then generated using Agisoft software (v2.0.1).
Additionally, LST1 r images were extracted from Landsat-8 using the Planck algorithm [40].
Spectral bands and the Normalized Difference Vegetation Index (NDVI) were extracted
from the Iyr images, and for accurate alignment, all features were resampled to a resolution
of 3 m using the nearest neighbor method. An affine transformation was applied to ensure
accurate geographic positioning. Finally, the KAN model was trained using data from
training sites and tested on a test site to assess its accuracy and effectiveness in generating
LSTgr. A detailed exposition of the KAN model and comparison models is provided in
Sections 2.3.1 and 2.3.2.

2.3.1. Kolmogorov—-Arnold Network Architecture

To improve the resolution of LST, we propose the Kolmogorov—-Arnold network
(KAN) model, introduced by Liu [37]. The KAN, a dynamic deep learning architecture,
addresses the limitations of traditional neural networks, particularly MLPs [41]. Unlike
MLPs, which rely on fixed activation functions, the KAN model utilizes parameterized
spline-based functions, eliminating dependence on fixed linear weights. This design
significantly enhances the model’s flexibility and ability to capture precise boundaries and
edges, resulting in improved performance and accuracy.

The KAN model employs a fully connected architecture, similar to MLPs, with nodes
aggregating input features (see Figure 3). By integrating the advantages of splines and
MLPs, the network achieves a robust capacity for learning at various depths, from shallow
to deep layers, thus yielding significant results [37].

LSTeg

O

Red Green Blue NDVI

Figure 3. Proposed KAN architecture.

The KAN is based on the Cauchy-Kolmogorov theory, which states that any complex
multivariate function can be decomposed into a combination of univariate functions and
linear or nonlinear composites [42]. Leveraging this principle, the KAN combines the
expressiveness of splines for univariate functions with the robust learning capabilities
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of deep networks for complex compositions. This hybrid approach enables the precise
handling of high-dimensional inputs.
For example, in this model, the multivariate function LST sy is defined as follows:

241 I
LSTsg = f(x1) = f(Brea, Bgreen, Boiues Buirs Buavis LSTLR) = Y ¥m( Y, Ymn(xn)) (1)
m=1 n=1

where B,., Bgreen, Bpiues Bnirs Budvi, and LST| g represent the input variables, [ is the number
of variables, ¥, is the learnable nonlinear functions responsible for processing and com-
bining outputs of the univariate functions ¥, », and ¥y, , is the parameterized spline-based
univariate functions.

The input variables B,.4, Bgreen, Bytues Buirs Budoisand LST R are passed directly to
the univariate functions ¢, ,. These functions process the input values to produce
intermediate outputs:

zmrn:zpm/n(xn),me{1,...,M},n€{l,...,l} (2)

where z;, , represents the processed output of each univariate function. Splines are essential
for capturing complex data features with high precision.

The outputs zy, , of the univariate functions are summed for each m to form an initial
linear combination:

1
s" = 2 Zm,n 3)
n=1

The linear combinations s” are passed through the learnable nonlinear functions ¥,
which extract complex features from the input:

y" = "Fm(s") )

Finally, the outputs of all ¥, functions are combined to reconstruct the LSTgg:

M
LSTsr = ) y" (5)

m=1

Network parameters are initialized using Xavier initialization, while spline functions
are initially set to approximate near-linear behavior. Training is performed using opti-
mization algorithms such as LBFGS or Adam, ensuring faster convergence compared to
traditional MLP methods. Fine-tuning the spline functions allows the model to capture
intricate details in the data. Unlike MLPs that require additional nodes for higher accu-
racy, the KAN achieves superior performance with fewer parameters due to its learnable
spline-based activation functions [37].

In addition, the KAN excels at handling complex data structures while mitigating
overfitting through adaptive nonlinear activation functions. Unlike MLPs, which operate as
black-box models, the KAN improves interpretability by allowing for direct examination of
the learned activation functions. The initial results show that the KAN outperforms MLPs
with fewer parameters, positioning it as a powerful tool for tasks like image processing
and solving high-dimensional problems [37].

2.3.2. Comparison Models

We compared the KAN architecture with various ML/DL methods, including Light-
GBM, XGBoost, ResDenseNet, and ResDenseNet-Attention (Figure 4). The ResDenseNet-
Attention architecture combines advanced DL components, including Dense Blocks, Iden-
tity Blocks, and the multi-head residual attention mechanism, to effectively extract and
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moved the attention block from the ResDenseNet attention architecture. In the following
text, the architecture of the ResDenseNet and its multi-head residual attention mechanism
will be explored in detail.
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Figure 4. Comparison of model architectures. (a) Identity Block, (b) Dense Block, (c), Multi-Head
Attention Block, (d) ResDenseNet-Attention, and (e) ResDenseNet.

ResDenseNet Architecture

The ResDenseNet architecture is a DL model that includes advanced components such
as Dense Blocks and Identity Blocks [47].

The Dense Block (Bp) incorporates several main processes to enhance feature extrac-
tion and prevent overfitting. These include skip connections, activation functions, batch
normalization, Lz—regularization, and dropout, as described in Equations (6)—(8):

Bp1 = D(ReLU(BN(L*(w.x +b))) (6)
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Bps = BN(L?(w.B; + b)) 7)
Bp = Bp1 + Bpo (8)

where x, w, b, L2, BN, ReLU, and D are the input, the weights of the dense layer, biases of
the dense layer, LZ—regularization, batch normalization, activation function, and dropout.
These blocks can robustly learn high-level features without overfitting the data.

The Identity Block (Bj) extracts high-level features from the input while preserving
critical information through shortcut connections (Equations (9)—(11)):

B; = D(ReLU(BN(L*(w.Bp +b)))) 9)
B; = ReLU(BN(L*(w.B; +b))) (10)
By =B;+Bp (11)

Multi-Head Residual Attention Block

A main innovation in the ResDenseNet architecture is the multi-head residual
attention block. This component captures intricate spatial and contextual relation-
ships within the data, enabling the model to focus on fine-grained details. The atten-
tion mechanism computes scaled dot-product attention for multiple heads in parallel
(Equations (12)—(15)) [43,46]:

Attention (Q.K.V) = Softmax (3{%) 14 (12)
MHA = Linear (concat(Heady, Head,)) (13)
MHRA = MHA + Output g, ponsNet (14)
LSTgr = Dense (MHRA) (15)

The query (Q), key (K), and value (V) projections are computed from the output of the
ResDenseNet (OgespenseNet) using learnable weight matrices W, W, and Wy. Specifically,

Q = OResDenseNet'WQ/ K= OResDenseNet'WK/ V= OResDenseNet'WV (16)

The dimensionality of the key (dk) is used to scale the dot-product attention scores,
ensuring stable gradients during the softmax operation. This scaling prevents the softmax
from becoming too sensitive to large input values, which could otherwise lead to numerical
instability [43,46].

The outputs of all attention heads are concatenated and passed through a linear
transformation layer to produce the final multi-head attention output. This mechanism
enables the model to simultaneously focus on multiple spatial relationships within the data,
effectively capturing fine-grained details and improving the overall accuracy of the LSTgR.

By integrating these components, ResDenseNet achieves highly accurate LSTsg, mak-
ing it a powerful tool for precision applications in environmental monitoring, agriculture,
and UHL

LightGBM

The LightGBM model is a fast, memory-efficient decision tree algorithm that uses
histogram-based techniques to bin continuous features, reducing training time and mem-
ory use [48]. Unlike traditional level-wise tree expansion, it adopts a leaf-wise growth
strategy, prioritizing splits that minimize loss, leading to faster convergence and more
accurate predictions. For further details, visit the official LightGBM documentation
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(https:/ /lightgbm.readthedocs.io/, accessed on 4 May 2017) and original LightGBM pa-
per [48].

XGBoost

XGBoost is a fast and powerful gradient-boosted decision tree algorithm known for
its efficiency and accuracy [49]. It leverages techniques such as tunable learning rates,
stochastic gradient boosting, and L1/L2 regularization to control complexity and prevent
overfitting. With features like missing data handling, parallel tree construction, and incre-
mental training, it optimizes both speed and scalability. Tree pruning removes insignificant
nodes to enhance model efficiency, while built-in cross-validation ensures optimal boosting
iterations for superior predictive performance. Additionally, its ability to handle large
datasets and compatibility with distributed computing frameworks make it a preferred
choice for various machine learning applications, including classification, regression, and
ranking tasks. For more details, refer to the original XGBoost paper [49] and documentation:
https:/ /xgboost.readthedocs.io/, accessed on 21 July 2024.

2.3.3. Model Training and Experimental Setup

All experiments were performed using a Python (v3.11) script in Google Colaboratory
(Colab) with GPU acceleration and 334 GB of RAM to optimize computational efficiency.
The proposed model used six features derived from PlanetScope and Landsat-8 images
as the input. Data from the villages of Oberfischbach and Mittelfischbach were used for
training and evaluation. To ensure a balanced separation of training and validation samples,
30% of the training data were used for validation by sorting the ground truth data and
extracting validation samples at fixed intervals. In addition, the Kénigshain region was
used as a test dataset. The dataset consisted of 229,729 training pixels, 98,456 validation
pixels, and 190,554 test pixels. To improve LST resolution, the Mainz dataset was used
for SRy st modeling, excluding UAV data. Training was performed using Mean Squared
Error (MSE) as the loss function and with the Adam optimizer for efficient convergence.
To improve model accuracy and prevent overfitting, the model’s hyperparameters were
optimized by grid search. These hyperparameters included a learning rate of 0.05, which
controls the step size of weight updates during training. Additionally, a dropout rate of
0.2 was used to prevent overfitting by randomly deactivating 20% of the neurons in each
training step. Furthermore, L? regularization was applied with a value of 0.001 to reduce
excessive weights and prevent model complexity. The number of neurons in the hidden
layers of the KAN model was set to 30, and the number of filters per block was set to 128 in
the ResDensNet model, which helps to improve feature extraction. The number of heads
in the multi-head attention mechanism was set to two, allowing the model to focus on
different parts of the input data simultaneously. The XGBoost and LightGBM models used
100 and 120 estimators (decision trees), respectively. These parameters helped to optimize
the training process and improve the prediction accuracy of the model.

2.4. Evaluation Metrics

The performance of the proposed DL model and other comparative models in this
study was evaluated using several metrics such as Root Mean Squared Error (RMSE), Mean
Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Peak Signal to Noise
Ratio (PSNR), Structural Similarity Index Measure (SSIM), and coefficient of determination
(R?), which can be calculated using the following equations in Table 4.


https://lightgbm.readthedocs.io/
https://xgboost.readthedocs.io/

Remote Sens. 2025, 17,1410 13 of 29
Table 4. Evaluation metrics for LST Super-Resolution performance.
Metric Formula Description Ref
N (Vs — Vi) : .
RMSE LSTsr _ JTur Measures error magnitude, penalizing large errors. [50]
i=1 N
1 ; ; Measures the average absolute difference between predicted [51]
MAE Nig Yister = YTig and actual values, indicating model accuracy.
— Calculates the relative error as a percentage, allowing eas
MAPE l g‘l yLSTSR yTHR ; ‘ P g g y [51]
N & —yi comparison of models across different data scales.
= ThRr
maxy, —1 Evaluates image prediction quality, with higher values )
PSNR 20 logyg (—gatée—) indicating better quality. 521
SSIM (2pistgg HTyr +C1 ) (2018165 TiR +C2) Assesses perceived image quality, considering luminance, [50]
( 1”2 _ V%HR+C1 o2 sTe _H,%HRJrcz contrast, and texture.
N i i 2 o g . .
R Lty Uistg V) Measures how well predictions match observations; closer to 1 [46]

TN ~Ymean) means better fit.

Where N is the number of test samples, y%HR and yiSTSR represent the observed thermal values and generated
LSTsg values for the test samples, respectively, maxt,, indicates the max of the observed thermal data, Yuean
indicates the average of the observed thermal data, i sT, and ity indicate the mean intensity of LSTsg generated
and observed thermal values, 0151, Ty indicates covariance between LSTsg generated and observed thermal
values, }I%STSR and y%HR are variances of LSTsg generated and observed thermal values, and C;, and C, are small
constants to stabilize the formula, avoiding division by zero.

3. Result

The performance of the KAN model for the super-resolution of LST was evaluated in
comparison with other traditional ML /DL methods, such as LightGBM, XGBoost, ResDen-
sNet, and ResDensNet-Attention. The comparative results of the methods are shown in
Table 5 for the evaluation metrics.

Table 5. Comparison of performance between the KAN and other models for super-resolution of LST
at the test site.

Model RMSE (°C) MAE (°C)  MAPE (%) PSNR SSIM R?

LightGBM 6.17 5.36 16.68 1858 076  —0.48
XGBOOST 5.45 472 14.79 1966 070  —0.15
ResDensNet 6.42 5.80 18.41 1818 078  —0.62
iii?;?jfet' 474 4.08 12.72 2087  0.81 0.12
KAN 4.06 3.09 9.32 222 083 0.35

As shown in Table 5, the performance of the proposed model compared with other
methods for generating LSTgR at the test site shows significant differences, highlighting
the superior performance of the KAN model. In the experiments conducted for August,
models such as ResDensNet, XGBoost, and LightGBM achieved RMSE values between
5.45 and 6.42, MAE values between 4.72 and 5.80, SSIM values between 0.70 and 0.78,
MAPE values between 14.79 and 18.41, and PSNR values between 18.18 and 19.66. In
contrast, advanced DL models showed significantly better performance. Among them,
the KAN model was found to be the best, with an RMSE of 4.06, MAE of 3.09, MAPE of
9.32, SSIM of 0.83, and PSNR of 22.22. The ResDensNet-Attention model ranked second
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with an RMSE of 4.74, MAE of 4.08, MAPE of 12.72, SSIM of 0.81, and PSNR of 20.87.
The KAN model showed significant improvements over the other models on metrics. It
reduced the RMSE by about 14.34%, MAE by 24.26%, and MAPE by 26.73% compared to the
previous best model (ResDensNet-Attention), while increasing PSNR by 6.47% and SSIM
by 2.47%. In addition, compared to traditional models such as LightGBM and XGBoost, it
reduced the RMSE by approximately 34.21% and 25.50%, and the MAPE by 44.15% and
36.98%, respectively. These results clearly confirm the superiority of the KAN model in
capturing complex patterns in LSTsg. In addition, the KAN model achieved an R? value
of 0.35, demonstrating its exceptional ability to explain and predict LSTgg variations with
high accuracy. In contrast, the other models showed weaker performance in this respect.
Specifically, LightGBM achieved an R? of —0.48 and XGBoost showed an R? of —0.15, both
indicating their inability to effectively capture the underlying patterns in the LSTgr data.
The ResDensNet-Attention model performed slightly better with an R? of 0.12 but still fell
short of the KAN model. Not only did the KAN model outperform the other methods in
terms of critical performance metrics such as RMSE, MAE, MAPE, PSNR, and SSIM, it
also had a significantly higher R?, highlighting its superior ability to model the complex
relationships and trends essential in the LSTgR.

3.1. Evaluation of KAN Model Performance Using PlanetScope and Landsat-8 Imagery Combinations

To investigate the effect of different combinations of input features on the performance
of the KAN model in generating LSTsR, a comprehensive evaluation was performed using
multi-source satellite data from PlanetScope and Landsat-8 (Table 6). The results showed
that the simultaneous use of spectral bands (RGB and NIR), vegetation index (NDVI), and
LST resulted in the highest reconstruction accuracy. Specifically, the RMSE decreased from
5.93 (RGB only) to 4.00, an improvement of 32.6%. Similarly, MAE and MAPE were reduced
by 36.4% and 34.7%, respectively, while SSIM improved by 1.2%. In addition, the PSNR
increased from 18.92 to 22.22, representing a 17.4% improvement in signal-to-noise ratio.
These results clearly demonstrate the critical role of integrating complementary and multi-
source inputs to improve model accuracy, reduce errors, and enhance the reconstruction of
thermal surface patterns. Thus, the effective combination of surface reflectance, thermal,
and vegetation features can be considered a key strategy for improving the performance of
DL models in super-resolution LST.

Table 6. Assessment of KAN model accuracy using combined PlanetScope and Landsat-8 imagery.

Planet Landsat-8 Evaluation Metrics
RGB NIR NDVI LST RMSE (°C) MAE (°Q) MAPE (%) PSNR SSIM

v 5.93 4.86 14.27 18.92 0.82
v v 4.92 3.96 12.18 20.55 0.82
v v v 4.56 3.67 11.58 21.21 0.82
v v v v 4.06 3.09 9.32 22.22 0.83

v v v 5.43 4.40 13.32 19.69 0.80
v v 4.81 3.89 11.52 20.73 0.82

3.2. Visual Comparison

To visually evaluate the performance of the models, Figure 5 shows the reconstruction
of the LSTgR by different models compared to the reference data (Tyr). In this analysis,
the accuracy of the proposed and baseline models was evaluated using Tyr as reference
data. As shown in Figure 5, advanced models such as ResDensNet-Attention and KAN
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successfully reconstruct the thermal structure with more detail and show better agreement
with the reference data. Among them, KAN shows the best performance, particularly
in preserving thermal boundaries, distinguishing between hot and cold regions, and
accurately capturing fine-scale thermal variations. In contrast, traditional models such as
LightGBM and XGBoost are less accurate in simulating thermal details, producing outputs
that appear overly smoothed and lack subtle thermal variations. This weakness highlights
the limitations of traditional approaches in reconstructing complex thermal patterns and
effectively capturing temperature dynamics.

From a visual accuracy perspective, both KAN and ResDensNet-Attention clearly
outperform the other models. Not only do they reconstruct thermal variations with greater
clarity, but they also simulate thermal structures with greater precision. These results
highlight the superiority of DL-based models over traditional methods and confirm that
KAN and ResDensNet-Attention are more suitable for advanced applications requiring
high accuracy in the analysis of thermal patterns.
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Remote Sens. 2025, 17, 1410 16 of 29

(e)

Figure 5. Cont.



Remote Sens. 2025, 17, 1410

17 of 29

(f)

(8

15

Figure 5. Comparison of generated LSTsg maps using (a) LightGBM, (b) XGBoost, (c) ResDensNet,
(d) ResDensNet-Attention, and (e) KAN with (f) Tygr and (g) LSTyR.

3.3. Histogram and Distribution Analysis

Figure 6 shows histograms illustrating the distribution of LST for both the proposed
and baseline models, including LightGBM, XGBoost, ResDensNet, ResDensNet-Attention,
and KAN, compared to Tyr and LSTy g observations. The histogram of Tyr (blue) serves
as a more accurate and reliable reference for evaluating model performance. Traditional
models, such as LightGBM and XGBoost, have limitations in capturing the true temperature
distribution, as indicated by the lower overlap of their output histograms (red) with the Tyg
and LSTy R (green). In contrast, the advanced models such as ResDensNet and ResDensNet-
Attention show improved reconstruction accuracy, with better agreement with the Tyg.
Of all the models, the KAN provides the most accurate results, effectively reconstructing
both the peaks and the overall temperature distribution. Its histogram shows the highest
degree of similarity to Tyg, reflecting strong consistency and the precise capture of finer
temperature variations and complex thermal patterns. Overall, the KAN outperforms all
other models in terms of reconstruction accuracy and agreement, with the Tyr confirming
its robustness and effectiveness in modeling LSTgg distributions.
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Figure 6. Comparison of generated LSTgg histograms using different models, Tyr (UAV), and
LSTyr (LST).

3.4. Error Map Evaluation

Figure 7 shows the LSTgR error maps generated by different models compared to the
Thyr at the test site. These maps clearly show the spatial distribution of the reconstruction
errors over the area. The results show that models based on advanced DL architectures
exhibit more optimized and uniform error distributions compared to traditional ML models,
highlighting the superior performance of DL models in LSTgR tasks.

;é}‘Agii’i » i S B f"‘ N - 0

Figure 7. Comparison of error maps between generated LSTgg using different models and Tyg,
(a) LSTyR (b) LightGBM, (c¢) XGBoost, (d) ResDensNet, (e) ResDensNet-Attention, and (f) KAN.

Among the evaluated models, the KAN approach stands out by providing the most
accurate and clearest error map. It effectively reduces errors and shows a higher degree of
alignment with the Tyg.

In particular, most of the errors are concentrated in areas with buildings and man-
made structures, which tend to have high temperatures. The high reflectivity, sur-
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face heterogeneity, and thermal complexity in these regions make accurate temperature
reconstruction difficult.

This pattern indicates that despite the thermal complexity of urban and rural areas, the
KAN model performs exceptionally well in reducing errors and providing more accurate
temperature reconstructions. Thus, the KAN outperforms other models in temperature
reconstruction, making it a strong choice for advanced LST pattern reconstruction applications.

3.5. Profile Comparisons

Figure 8 shows two comparative profiles of the generated LSTsr over the diagonal
and anti-diagonal pixels, used to evaluate the performance of the different models. The
LSTr profile shows smoother temperature variations with less variability and limited
detail, while the Tyr profile shows greater variability and finer detail. LSTsg generated by
DL models such as KAN, ResDensNet, and ResDensNet-Attention are more similar to Tyg,
while traditional models such as XGBoost and LightGBM show less effective performance.
Generally, the KAN model stands out as the most accurate, providing predictions that are
better aligned with the Tyr.
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Figure 8. Comparison of the generated LSTSR using different models with THR and LSTLR over the
diagonal (red line) and anti-diagonal (blue line) pixels.
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3.6. Generating the LSTsg Using Different Models in Mainz, Germany

In this study, for further analysis, the trained KAN model was applied to PlanetScope
and Landsat-8 imagery to generate the LSTsg map for the city of Mainz, in the state of
Rhineland-Palatinate, Germany, on 23 October 2024 (Figure 9). As shown in Figure 10, the
proposed and comparison models were used to generate LSTsg maps using LST data from
Landsat-8 and PlanetScope imagery.
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Figure 9. PlanetScope image of Mainz city on 23 October 2024.
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Figure 10. LSTsg generation in Mainz, Germany, on 23 October 2024, using different models.
(a) LSTyR (b) LightGBM, (c) XGBoost, (d) ResDensNet, (e) ResDensNet-Attention, and (f) KAN.
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Each model demonstrated different levels of accuracy in temperature reconstruction,
highlighting the strengths and weaknesses of the different methods. The LSTir map
derived from Landsat-8 imagery had low spatial resolution and limited detail. In this
map, various surface features appeared uniform, making it difficult to distinguish between
urban, agricultural, and natural areas. While this map provided an overall view of LST, it
was unable to show subtle temperature differences between regions.

In contrast, ML models such as LightGBM and XGBoost have a better ability to extract
features and generate more accurate temperature maps. However, these models often
introduce significant noise due to their reliance on high-level extracted features. This
results in spatial inconsistencies and unrealistic temperature differences, making the maps
generated less reliable. While these models can simulate general temperature patterns,
they may generate unrealistic estimates in some areas due to overfitting or insufficient
feature generalization.

DL models, such as ResDensNet and ResDensNet-Attention, offer higher accuracy
in reconstructing structural details and provide better spatial resolution. However, these
models typically overestimate LST, resulting in overstated temperature differences between
regions. This can lead to errors in environmental and urban analyses. The ResDensNet-
Attention model, which uses an attention mechanism, increases the resolution of tempera-
ture transitions but still suffers from overfitting, resulting in lower accuracy for accurate
temperature mapping.

Of all the models evaluated, KAN provides the best balance between spatial resolution
and temperature estimation accuracy. Unlike other models, KAN is able to reconstruct
temperature variations realistically and reliably. This model preserves high-resolution detail
and prevents overfitting, resulting in a more natural representation of thermal patterns.

Key advantages of the KAN model include its ability to accurately reconstruct features
such as water bodies, roads, and agricultural areas with minimal noise. It offers high spatial
resolution and provides more realistic temperature estimates than other models. In addition,
KAN can distinguish temperature differences without creating exaggerated contrasts and
retains structural details for a natural and reliable representation of temperature variations.

These results highlight KAN’s superior performance in producing highly accurate
LSTsr maps with spatial consistency and stability. Given these advantages, KAN has
become a highly effective tool for urban climate studies, agricultural monitoring, and envi-
ronmental research, providing reliable insights for various Earth observation applications.

Comparing LSTsg Using Different Models to LST Landsat-8

Due to the limited availability of high-resolution LST reference data for the study area
(city of Mainz), direct evaluation of LSTsg accuracy against high-resolution reference data
was not possible. Therefore, the Landsat-8 derived LST map was used as a reference to
compare model performance. According to previous studies, the RMSE difference between
LST derived from UAV thermal imagery and Landsat-8 LST is reported to be 5 °C [53]. This
predicted discrepancy was also observed in our results, confirming the validity of the KAN
model output, which shows that its LSTsg temperature is approximately 5 °C higher than
the Landsat-8 LST [53].

As shown in Table 7, the KAN model achieved the lowest RMSE (5.75) and MAE (4.98)
values among all models, with the highest correlation coefficient (0.55) with the Landsat-8
data. These values indicate a closer agreement with the LST; g compared to other models.
In contrast, the ResDensNet and ResDensNet-Attention models had higher error values
(RMSE of 17.46 and 15.95, respectively) and lower correlation coefficients (0.25 and 0.23),
while they may generate sharper visual outputs.
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Table 7. Performance comparison of LSTsg generated using different models based on
Landsat-8 imagery.

Model RMSE (°C) MAE (°O) Correlation
LightGBM 6.21 5.66 0.27
XGBoost 7.87 6.79 0.08
ResDensNet 17.46 16.10 0.25
ResDensNet-Attention 15.95 14.72 0.23
KAN 5.75 4.98 0.55

In addition, Table 8 shows that the mean, median, and standard deviation (Std) of
the KAN model’s LSTsr output are more consistent with LST g, given the predicted 5 °C
difference. For example, while the Landsat-8 mean temperature is 19.32 °C, the KAN
model estimates a mean temperature of 24.28 °C with a Std of 3.48, compared to much
higher values produced by ResDensNet-Attention (mean = 32.93 °C, Std = 5.57). Therefore,
although the output of the KAN model may appear visually smoother, statistical evaluation
clearly shows that this model provides more accurate and reliable temperature estimates
within the available data framework.

Table 8. Comparative analysis of statistical metrics for LSTgr generated by different models.

Model Mean (°C) Median (°C) Std
Landsat-8 19.32 19.37 1.69
LightGBM 24.92 24.45 2.60

XGBoost 25.63 25.75 4.54
ResDensNet 30.72 35.20 13.57
ResDensNet-Attention 32.93 36.26 8.57
KAN 24.28 24.54 3.48

4. Discussion
4.1. LST and Its Importance

Accurate LST data at finer spatial scales are essential for several applications, partic-
ularly in UHI studies, agriculture, and climate change research. Urbanization amplifies
UHI effects due to reduced green spaces, making LST maps crucial for identifying hotspots
and informing interventions like green roofs and cool pavements [54]. In agriculture,
accurate LST data optimize crop management, help monitor crop performance, and assess
crop stress, thus improving irrigation practices and water resource use [55]. In addition,
LST is essential for studying the effects of global warming, monitoring climate change,
and understanding the relationship between land use patterns and temperature [56-59].
Research has shown a negative correlation between temperature and vegetation cover,
and a positive correlation between temperature and built-up areas or bare soil, providing
valuable insights for sustainable urban planning and climate change mitigation [58,59].

4.2. Challenges in LST Data Accuracy

While LST data are essential, several challenges affect their accuracy. The type of
land use land cover (LULC) has a significant impact on the accuracy of generated LST
maps. LULC such as bare land, agricultural areas, and forests have different emissivity
properties that can introduce errors when estimating LST at finer scales [60]. Factors such
as albedo, optical properties, and atmospheric conditions such as cloud cover, aerosols,
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humidity, and meteorological factors (e.g., wind, precipitation) can contribute to errors
ranging from 0.2 °C to 0.7 °C [9]. These errors are particularly pronounced in mountainous
or snow-covered regions, further complicating temperature estimation. In addition, surface
emissivity, which can introduce errors in the range of 0.2 °C to 0.4 °C, is a significant
source of uncertainty in LST data [9]. A comprehensive understanding and analysis of
these factors, along with incorporating diverse land use and land cover (LULC) types and
considering various regions and seasons in the training data, can significantly enhance the
generation of high-resolution LST data.

4.3. Technological Impact on LST Accuracy

The significant difference in thermal image quality between drones and satellite-based
platforms such as Landsat 8 further highlights the importance of high spatial resolution.
Drone-based thermal imagery provides more detailed, higher-resolution data, allowing for
better temperature measurements due to superior sensor accuracy and sensitivity. Drones
operate at lower altitudes and capture images under favorable atmospheric conditions,
reducing the impact of clouds and other weather factors that can affect satellite imagery. In
contrast, Landsat 8 provides broader coverage at a lower spatial resolution (30 m), which
results in a loss of detail. As a result, drone-derived LST data tend to be more accurate, as
evidenced by studies showing a higher coefficient of determination (R?) between drone LST
data and field measurements (0.89) compared to Landsat 8 (0.70) [61]. Higher resolution
data, especially from drones, enable more accurate and localized temperature mapping,
which is critical for urban planners looking to identify areas vulnerable to heat stress, or
farmers looking to optimize irrigation practices. The enhanced detail allows for more
tailored interventions and more effective policy strategies.

4.4. Downscaling LST Data

Several key factors are instrumental in the success of the LST downscaling process,
with model selection and input data quality being the most critical. In this study, the KAN
model demonstrates significant superiority over alternative methods, such as LightGBM
and XGBoost, due to its exceptional capability to simulate complex temperature patterns
and accurately reconstruct spatial details. By leveraging parametric splines, the KAN
model effectively captures thermal structures, ensuring the preservation of temperature’s
physical properties at finer scales.

One of the primary challenges in LST downscaling is the loss of spatial accuracy,
particularly in the thermal data. The KAN model effectively mitigates this issue, offering
robust performance in reconstructing edges and boundaries between distinct regions. Also,
the model excels in aligning thermal data with surface features, such as vegetation, built-up
areas, and water bodies, thus maintaining a physically consistent relationship between
these elements.

Another critical factor is the quality of input data. Although Landsat 8 satellite im-
agery provides extensive coverage, its 30 m spatial resolution is insufficient for capturing
fine-scale thermal variations. Thus, integrating higher-resolution imagery, such as Plan-
etScope data and thermal imagery captured by drones equipped with thermal sensors,
significantly enhances the downscaling process’s accuracy. Drone-based data, with its
superior resolution and ability to capture imagery under various atmospheric conditions,
is particularly beneficial in regions affected by cloud cover or complex topography, thus
improving model precision.

Incorporating drone data as reference data during the model training phase allows
for a more accurate simulation of temperature variations, thus reducing potential errors.
Finally, this integrated approach not only enhances the accuracy of the downscaled thermal
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data but also facilitates a more detailed analysis of surface temperature patterns at finer
scales, particularly in complex environments.

4.5. Limitation

The limitations of this study stem from several important factors that affect both the
accuracy and generalizability of the results. First, the data used in this study were collected
from a very narrow geographic area, focusing primarily on rural regions and a limited
number of villages in Germany. This geographic limitation limits the scope of the analysis,
making it difficult to generalize the results to broader or more diverse regions.

In addition, the model used for LSTsr generation was trained using thermal data col-
lected only during the warm season, and since negative temperatures were not observed in
these data, the model was unable to make accurate predictions for temperatures below zero.
Specifically, on 13 January 2025, when the LST in Mainz was between —3 and +5 degrees
Celsius, the model was unable to correctly estimate the temperature values (see Figure 11).
This was due to the lack of training data from colder seasons and negative temperatures,
which reduces the model’s ability to accurately predict these specific conditions.
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Figure 11. LSTgsR generation in Mainz, Germany, on 13 January 2025, using the KAN model trained
in the summer.

To improve both the accuracy and generalizability of the model, it is essential to collect
training data across a broader range of geographic and temporal conditions. Specifically,
data should be collected in different months and seasons, from both urban and rural areas,
and in different environments such as mountainous and non-mountainous regions. Such a
comprehensive dataset would greatly enhance the model’s ability to account for different
environmental factors and improve its predictive performance in different contexts.

Therefore, for more accurate and reliable results, future research should focus on
expanding the data collection to include different regions, seasonal variations, and environ-
mental contexts. This would help to strengthen the robustness of the model and ensure its
applicability to a wider range of scenarios.

5. Conclusions

In this study, the KAN model was proposed to improve the spatial resolution of
Landsat-8 LST maps using PlanetScope RS data. The model was trained on data from
the villages of Oberfischbach and Mittelfischbach in Germany during July and September,
and its ability to generalize to unseen data was tested in the village of Konigshain. The
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results show that the KAN model outperformed traditional ML /DL models. Specifically,
the model achieved a PSNR of 22.22 and a SSIM of 0.83 in the test area, demonstrating
its ability to transfer knowledge to areas with different geographical characteristics. The
model’s performance in improving the spatial resolution of LST maps highlights its ability
to extract spatial detail and edges from PlanetScope optical imagery and transfer these
features to LST1r maps. These results not only confirm the potential of the KAN model
to improve LST resolution but also open new possibilities for the development of more
advanced methods in RS data analysis. Given its ability to extract spatial detail, these
results can be directly applied to the monitoring and management of the UHI. As a major
environmental challenge, UHI requires accurate analysis with LSTygr. By providing LSTsp,
the KAN model can play a crucial role in identifying and mitigating the effects of this
phenomenon. Therefore, this study provides valuable insights for applications related to
environmental monitoring, land resource management, and mitigation of UHI impacts.
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