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Abstract: Accurate retrieval of Land Surface Temperature (LST) from satellite thermal infrared data remains
challenging due to the reliance of physical models on real-time atmospheric profiles and the difficulty in character-
izing surface emissivity over heterogeneous landscapes. To address these limitations, this study proposes SE-Re-
sUNet, a deep learning framework for Landsat 9 thermal infrared images. To overcome the scarcity of large-scale
in-situ measurements for training, we construct a high-quality synthetic dataset by coupling the MODTRAN 5 ra-
diative transfer model with ERAS atmospheric reanalysis data. The network adopts a U-Net encoder-decoder
structure with a modified ResNet50 backbone to capture multi-scale features. Squeeze-and-Excitation (SE) atten-
tion modules are embedded in the residual blocks and physical prior knowledge is directly added to the input ten-
sor. By integrating skip connections and an adaptive calibration mechanism for thermal signals under physical con-
straints, our method achieves precise pixel-by-pixel temperature reconstruction. Experiments show that SE-ResU-
Net effectively mitigates the overfitting problem linked to spatial autocorrelation. The model shows strong robust-
ness against simulated noise and complicated terrain variability. Evaluations on multiple datasets show that it
achieves a Root Mean Square Error (RMSE) of around 0.7 K and a Mean Absolute Error (MAE) of 0.5 K.
These results confirm the effectiveness of SE-ResUNet as a high-precision, end-to-end solution for LST retrieval
without real-time external atmospheric inputs at the inference stage.
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Introduction

LST is a key variable in determining terrestrial ener-
gy and water exchanges, and is a widely used parameter
for monitoring the global climate, modeling hydrology,
and evaluating ecosystems' . In the context of human-
induced changes, LST further supports Urban Heat Is-
land effects and evaluate the severity of agricultural
droughts, driving the demand for thermal data with high
spatiotemporal resolution**.

The Landsat satellite series provides one of the big-
gest datasets of medium-to-high-resolution thermal infra-
red data in remote sensing”r' In 2021, Landsat 9 was
launched, ensuring observational continuity through the
Operational Land Imager-2 and the Thermal Infrared Sen-
sor-2. Compared with TIRS-1, TIRS-2 offers improved
radiometric accuracy, reduced stray light contamination,
and higher signal-to-noise ratios””. These improvements
help build a solid methodological framework for precise
LST retrieval from Landsat data'”’.

Retrieving LST from Top-of-Atmosphere (TOA) ra-

Received date: 2026-04-25, 75 B #7:2026-04-25,

diance is still an ill-posed and non-linear problem, even
with advances in remote sensing instruments'™. The con-
ventional physics-based approaches to retrieve LST from
radiance data include the Split-Window Algorithm
(SWA) and the Single-Channel Algorithm (SCA) , both
of which are derived from the Radiative Transfer Equa-
tion (RTE). A major limitation of physics-based ap-
proaches is the reliance on atmospheric parameters that
are rarely available at pixel-level accuracy®. Conven-
tional machine learning methods do not use complex
physical models to derive LST. In many cases, they work
at pixel level, thereby failing to incorporate the contextu-
al and textural information needed for generalization
among different landscapes'”.

To overcome these challenges, Deep Convolutional
Neural Networks (DCNNs) have emerged as an alterna-
tive in quantitative remote sensing. Unlike shallow statis-
tical models, DCNNs can approximate complex non-lin-
ear radiative transfer processes while preserving spatial
structure'"". This capability helps build robust LST re-
trieval that minimizes explicit dependence on external at-

Foundation items: Supported by Intelligent Preprocessing Technology for Spaceborne Remote Sensing Spectral Data (B02006C021035), the Hangzhou Insti-

tute for Advanced Study, UCAS, China.

Biography: PAN Huangfuyu (1999-), male, ZheJiang, master. Research area involves remote sensing image processing and artificial intelligence. E-mail:

panhuangfuyu23@mails. ucas. ac. cn.
" Corresponding author : E-mail : hongyichen@ucas. ac. cn



2 EANP/ RS AP ST =K 4

XX &

mospheric parameters.

In this paper, we propose SE-ResUNet, a deep
learning model that incorporates physical constraints.
The network learns an end-to-end non-linear mapping be-
tween a multi-source input tensor (multispectral reflec-
tance, thermal radiance and physical priors) and pixel-
wise LST. We further incorporate the SE attention mech-
anism that dynamically adjusts channel weights while
suppressing atmospheric noise'”. The integration of
high-level semantic and low-level spatial features enables
robust, high-precision LST retrieval without dependence
on real-time atmospheric data at the inference stage.

1 Related Works

1.1 Traditional Physical Retrieval Algorithms

The retrieval of LST from Landsat data has long re-
lied on physical principles, especially the Radiative
Transfer Equation (RTE) and Planck’s Law of blackbody
radiation. Variations in the physical formulation of atmo-
spheric correction and the treatment of downwelling/up-
welling radiances have given rise to three principal algo-
rithms for Landsat-based LST retrieval: the direct RTE
method, the SCA, and the SWA.

The Direct RTE utilizes a physically rigorous ap-
proach to retrieve LST. It requires precise synchronous
atmospheric profiles to estimate transmittance, upwelling
and downwelling radiance'”. Barsi et al. developed a
web-based Atmospheric Correction Tool that combines
NCEP global re-analysis data (including atmospheric pa-
rameters) with MODTRAN RTE codes to correct thermal
imagery data*"". The accuracy of this method is directly
correlated to the accuracy of the external atmospheric pro-
file data (i. e. , water vapour, air temperature) used to
generate the LST estimation (i. e. , RTE). As a result,
the direct RTE method is limited by the availability of ac-
curate atmospheric profiles synchronized with the satel-
lite overpass.

For sensors that only have one thermal channel, the
SCA provides a more practical methodology for retrieving
LST. This algorithm either employs empirical approxima-
tions or linearizes the Planck function and therefore re-
duces the radiative transfer process to one band to derive
LST from that band. Qin et al. linearize the Planck func-
tion and parameterize, which linearizes the Planck func-
tion and parameterizes atmospheric transmittance and
mean effective temperature'®. Another example of a
SCA method is the single-channel approach to retrieve
LST based upon Water Vapour Content (WVC) without
the requirement of completing the RTE simulation pro-
posed by Jiménez-Mufioz and Sobrino''”. Similar to the
Direct RTE approach, the accuracy of the SCA is depen-
dent upon the accuracy of the near-surface meteorological
data, which makes the SCA approach susceptible to error
due to inaccuracies in atmospheric parameterization.

The SWA exploits the differential atmospheric ab-
sorption between two adjacent thermal bands to correct
for water vapour effects without real-time radiosonde da-
ta. The generalized formulation of the SWA by Wan and
Dozier serves as the basis for standard MODIS prod-

[9,18]

ucts"'™. The SWA typically utilizes the refined coeffi-
cients of Jiménez-Mufioz et al. *" and Du et al. "™ for LSE
estimation. Although this method is theoretically sound,
it still requires land surface emissivity as input to resolve
the ill-posed inversion problem.

A common limitation of these physical approaches is
their reliance on external data, such as water vapor con-
tent and land surface emissivity. Obtaining such data at
the spatial and temporal resolution of the satellite re-
mains difficult. Input parameter uncertainties propagate
through the retrieval chain, limiting algorithm perfor-
mance across diverse land covers and seasons.

1.2 Artificial Intelligence—Driven Retrieval Algo-
rithms

Machine learning offers a data-driven alternative to
physics-based LST retrieval. Traditional machine learn-
ing algorithms such as Random Forest (RF) "™, Support
Vector Regression (SVR)"™", and Cubist models'** have
been applied to simulate complex relationships between
remole sensing data and LST estimates. For example,
Hutengs et al. ™' demonstrated the efficacy of RF in
downscaling LST by effectively handling high-dimension-
al covariates. SVR handles noisy data through kernel
mapping, which is useful when training samples are
scarce”™. However, these methods are pixel-based and
ignore spatial context. This limits their performance in
heterogeneous landscapes where thermal continuity be-
tween pixels is low.

Recently, neural networks, with their universal ap-
proximation capability, have been applied as data-driven
alternatives to physical radiative transfer models. Early
research by Mao et al. utilized NNs to separate tempera-
ture and emissivity from ASTER data, effectively demon-
strating the potential of NNs in solving non-linear radia-
tive transfer problems ™. Shen et al. proposed a deep
NN-based LST retrieval algorithm for Gaofen-5B, demon-
strating that deep learning models can achieve robust per-
formance without explicit atmospheric priors by learning
interference patterns directly from data. “*. However,
prevailing NN-based approaches for LST retrieval, such
as shallow Multi-Layer Perceptrons and basic CNNs, are
fundamentally constrained by their limited receptive
fields. By processing pixels in isolation or within con-
fined local windows, these architectures fail to capture
the long-range spatial dependencies essential for resolv-
ing complex thermal boundaries.

Combining residual networks with channel attention
mechanisms offers a potential solution, as the residual
structure supports deeper feature extraction while chan-
nel attention selectively emphasizes informative spectral

bands.
2 Methods

2.1 Theoretical Reasoning

The input bands are selected based on their physical
roles in land-atmosphere radiative transfer. The split-
window technique uses the differential absorption be-
tween Band 10 and Band 11 to correct for atmospheric ef-
fects. Since it is difficult to measure surface emissivity
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directly, we include OLI-2 bands (visible to SWIR) as
proxy inputs for surface properties. These bands encode
land-cover type and moisture conditions that correlate
with emissivity.

Traditional SWA is derived from the linearization of
the RTE. The TOA radiance L, observed by sensor band i

is expressed as:
(1)

L =7.B(T)+ LI +7,(1 - 55)L% >

where 7, is atmospheric transmittance, ¢, is surface emis-
sivity, B,(T,) is the Planck function for surface tempera-
ture T, and L] , L' represent upwelling and downwelling
atmospheric radiance, respectively'"'.

To calculate T, standard SW algorithms simplify
Eq. (1) into a linear combination of brightness tempera-

tures (T,, T,,)

To=co+eTy+e,(Tyy=Ty)+e; (T = Ty) (2)

This formulation has two drawbacks: (1) the coeffi-
cients c, are fixed or depend on external water vapor esti-
mates, and (2) it requires accurate emissivity, which is
difficult to obtain dynamically"®.

For deep learning methods, the inverse problem was
redefined as a non-linear mapping function in which the
neural network approximated the inverse physics without
explicitly parameterizing & or atmospheric profiles.

T, = F9(LTIRS7R(N,17X(LU;\: ). (3)

Here, L represents thermal radiance, and R,
denotes optical reflectance. Unlike the linear approxima-
tion in Eq. (2), the deep learning model F,(parameter-
ized by weights 6) learns emissivity corrections from the
optical bands and uses the spatial context of thermal
bands to resolve atmospheric heterogeneity. This end-to-
end formulation avoids the error propagation of stepwise
physical inversions.

2.2 Data Preparation and Simulation Pipeline
2.2.1 Study Area and Representative Land Cov-
ers

To evaluate the model generalization, we selected
experimental regions covering five major land cover
types. Details are given in Table 1.

2.2.2 Data Sources and Preprocessing Pipeline

Primary satellite data were obtained from the Land-

sat 9 mission via the USGS official portal. We utilized
both Level-1 (L1) products for raw radiometric calibra-
tion and Level-2 (L2) products for surface reflectance
validation. The preprocessing workflow shown in Figure
1 follows a rigorous protocol to transform raw Digital
Numbers (DN) into structured input tensors :

1. Radiometric Calibration: Gain and bias coeffi-
cients from the metadata are applied to convert DN to at-
sensor radiance (L,) and TOA reflectance.

2. Geometric Correction and Resampling: The 100
m TIRS bands are resampled to 30 m using bilinear inter-
polation to match the OLI-2 spatial resolution. All data
are reprojected to the Universal Transverse Mercator coor-
dinate system.

3. Cloud Masking: Using the QA bands, we mask
pixels contaminated by cloud or cloud shadow, ensuring
that only clear-sky pixels for model input.

2.2.3 Physics—Informed Dataset Construction via
MODTRAN 5

Given the scarcity of large-scale, pixel-aligned
ground truth LST data, we used the MODTRAN 5 radia-
tive transfer model to generate synthetic training samples
through forward simulation, calculating atmospheric
transmittance (), upwelling radiance (L]), and down-
welling radiance (L!) at a spectral resolution of
0.2 cm™. This dataset contains approximately 40, 000
"Atmosphere-Surface-Sensor" coupled samples.

We use specific atmospheric profile from the ERAS
reanalysis dataset rather than standard atmospheric pro-
files. ERAS provides high spatio-temporal resolution
(0.25 x 0.25, hourly). We applied stratified random
sampling across various climate zones (tropical, temper-
ate, frigid) and seasons to extract profiles that reflect re-
al-world atmospheric variability.

These specific profiles include vertical distributions
of temperature, humidity, and pressure, covering a wide
range of Column Water Vapor (CWV) from 0. 5 to 6. 0 g/
em’, which is crucial for capturing non-linear atmospher-
ic attenuation.

To ensure diverse surface and atmospheric condi-
tions, we implemented the following strategies :

1. Surface Emissivity: As shown in Figure 2, we

Landsat 9 OLI-2/TIRS-2 Raw Image
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Table 1 Overview of the validation dataset for heterogeneous complex land surfaces
x1 SRMEEZMMREIFBIRERR
Surface Range of ~ Sample
Sample Description of Radiation
type Temperature Capacity

High vegetation coverage, high and stable emissivity (£~0. 98). The spectral character-

Forest

285 K-305

istics are significantly affected by chlorophyll, and the thermal texture changes with veg- K 2272

etation density.

Extremely high emissivity (£=0.99), large thermal inertia, and small temperature dif-

Built—up

Area

Snow and

High reflectivity, low surface temperature. Water vapor content is usually low, atmo-

Frozen

Water
Bod ference between day and night. Strong near—infrared absorption facilitates spectral sepa- K 2245
ody
ration from other surfaces.

278 K-295

Low emissivity and extremely heterogeneous (concrete, asphalt mixed). There is a sig- 295 K-325

2236

nificant urban heat island effect, with broken thermal texture and serious mixed pixels.

250 K-273
1104

spheric transmission is high, but it is also susceptible to thin cloud disturbances.

Ground

=]
-
-

=N

The emissivity of soil fluctuates greatly, which is related to soil moisture and surface

Desert . roughness, and the surface temperature rises rapidly during the day and the thermal ra- K 2267

290 K-330

diation signal is strong.

utilized the ASTER Spectral Library, extracting emissivi-
ty curves for diverse surfaces, including water, sand,
soil, vegetation, and urban man-made materials (con-
crete/asphalt ).

2. Thermodynamic State: Instead of a fixed value,
LST was simulated by adding a dynamic random perturba-
tion (AT ranging from -10 K to +20 K) to the bottom-lay-
er air temperature, accounting for both nocturnal cooling
and daytime solar heating.

3. Observation Geometry: We accounted for vary-
ing view angles by setting the View Zenith Angle (VZA)
from 0" to 7.5 for Landsat 9 (near-nadir) to simulate at-

mospheric path-length effects.

4. Sensor Integration: The high-resolution simulat-
ed radiation was integrated with the specific Spectral Re-
sponse Functions (SRF) of Landsat 9 TIRS-2 to ensure
the physical consistency of the simulated data with actual
satellite observations.

2.3 Proposed Method: SE—ResUNet Architecture

The SE-ResUNet model illustrated in Figure 3
learns a non-linear mapping from multi-source inputs to
pixel-wise LST, bypassing explicit atmospheric inver-

sion.



XX b Pan Huang-Fu-Yu et al:Landsat 9 Land Surface Temperature Retrieval Based on SE-ResUNet 5
S S — clouds) helps the model account for environmental neigh-
i ‘\“ I/ \ | meter borhood effects. (3) QA_PIXEL (quality assessment
‘ \ | | WA/ | WA e band) flags invalid pixels such as clouds and cloud shad-
‘ || V| S ] ows, enabling the network to learn to disregard contami-
: [ | | \ ] nated observations. (4) The Split-Window Difference
%M (Tpo — Tyy,) is included as a channel to serve as a direct
3 :‘ R ‘ \ £ proxy for atmospheric water vapor absorption.
E 2 w | I‘ 2 Encoder with Custom Bottleneck Inter-
. \| (M nals
b | E The encoder utilizes a modified ResNet50 back-
i |l bone™. FEach Custom Bottleneck Block consists of:
I (1)1 x 1 Convolution: Performs dimensionality reduc-
2 7! 6 8 10 12 14

Wavelenth /um

Figure 2 Surface emissivity curve of materials in the ASTER
Spectral Library
Pl 2 ASTERGIE R A ] A 56 244 1 £ 4]

1. 12 —Channel Input Tensor Design

The 12 input channels are grouped as follows: (1)
Spectral & Thermal (B2 - B7, B10 - B11) provide the
fundamental radiometric basis and land cover context.
(2) ST_EMIS (NDVI-derived emissivity) provides a
coarse physical baseline, while ST_CDIST (distance to

tion to minimize computational overhead. (2) 3 x 3 Con-
volution: Extracts spatial features and thermal gradients
in the reduced dimensional space. (3) SE modules recal-
ibrate channel dependencies allowing the network to em-
phasize informative channels and down-weight less rele-
vant ones.

3 Decoder and Progressive Reconstruc-
tion
The decoder follows a U-Net style symmetry to re-

store spatial resolution. Skip Connections concatenate
the encoder and decoder, fusing low-level spatial details

Custom Bottleneck Block Internals

Bands: SR_B2-7, QA, T_B10,
T_B11, CDIST, EMIS, SWD

Stem: Conv7x7 + BN +
ReLU + MaxPool

SE
Attentio

Output

6464
] 256¢ch

Stage 1 (3 Bottlenecks)
Dilated Conv

Stage 4 (3 Bottlenecks) + . .
SE Modules Skip Connection

Stage 3 (5 Bottlenecks) + SE
Modules

Stage 2 (4 Bottlenecks)
Dilated Conv

Skip Connection Skip Connection

Upsample &
Concat

Decoder (U-Net Style)

[ Upsample &

Upsample &
Concat
> 64*64 /
’ 256¢h 4
1

Figure 3 SE-ResUNet model overall architecture diagram
3 SE-ResUNet F A4 S A2 4 €]

Conv 3x3 -> 32ch
Conv 1x1 -> 1ch
+ LeakyRelLU

LST Map
256 x 256 x 1
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with high-level semantic features. Additionally, Leaky
ReL.U is used throughout the decoder to avoid dead neu-
rons ™%,

4. Output Layer and Physical Anchoring

The final layer uses a 1 X 1 convolution to produce
the LST map. To accelerate convergence and ensure
physical feasibility, we incorporate a global learnable bi-
as initialized at ~295 K.

2.4 Implementation and Evaluation Strategy

The model was implemented in PyTorch and trained
on an NVIDIA GeForce RTX 4090 GPU.

We evaluate the model at four levels:

(a) Homogeneous Terrain Benchmark : A desert on-
ly subset to test whether spatial autocorrelation inflates
accuracy in pixel-wise models.

(b) Heterogeneous Generalization Test: a dataset
composed only of various types of land cover (vegetated,
water, artificial, forest, and frozen soil) created to test
how well the model generalizes.

(¢) Radiometric Robustness Stress Test: Gaussian
noise (at levels of 0-30%) and stripe artifacts are added
to the test set to simulate sensor degradation and atmo-
spheric effects on the observations.

(d) Ablation study: key components (SE module,
skip connections, SWD channel, loss function) are re-
moved individually to measure their contributions. An
additional experiment disables ST_EMIS to check for da-
ta leakage.

A summary of the hyperparameters used throughout
the training process is indicated in Table 2. The input
image dimension is 256X256 pixels, with a total of 12 in-
put channels. The dataset was randomly split into train-
ing and validation data sets at an 8:2 ratio.

The performance of the model was assessed through
the RMSE, the MAE, and the Coefficient of Determina-
tion (R?) and the calculation methods for these measures
were specified below :

] n A
RMSE:/HZ_](%_%)Z, (4)

MAE = izi":l'y; -7, (5)

n
E(yi—ﬂ)z
2(% - 97)2’

R=1- (6)

Predicted LST (SE-ResUNet)
(a) Pt
S

(b)

S

True LST (Modtran Simulation)
P

Table 2 Detailed training hyperparameters
* 2 HRNGEESEE

Hyperparameter Value Description
Input Size 256X256X12 Height X Width x Channels
Batch Size 32 Adjusted based on GPU memory
Epochs 150 Maximum number of epochs
Optimizer Adam B,=0.9, B,=0.999
Initial Learning Rate 1x10™ Decays with factor 0. 5°
Weight Decay 1x107° L2 regularization term
Dropout Rate 0.3 Applied in deep encoder layers
Bias Init 295.0 Initial output temperature baseline

where v, is the ground truth value of LST from the simula-
tion or in-situ measurement, ¥, is the predicted LST, and
n is the total number of valid samples. RMSE and MAE
measure the retrieval accuracy, while R* indicates the co-
efficient of determination.

3 Results And Discussion

3.1 Retrieval Performance To assess the perfor-
mance of the proposed model under challenging radiomet-
ric conditions, we conducted a comparative study fo-
cused on the desert regions of Xinjiang, China, primari-
ly within the Tarim Basin and the Taklamakan Desert.

These arid landscapes have extreme surface temper-
atures and highly variable spectral emissivity, which
challenge conventional retrieval methods. Figure 4 com-
pares the MODTRAN ground truth, SE-ResUNet predic-
tions, and the official Landsat 9 ST_B10 product. The
SE-ResUNet predictions closely match the ground truth
and preserve fine-scale thermal patterns. By contrast,
the standard ST_B10 product shows noticeable deviations
in certain sub-regions. The difference arises because the
official product relies on external emissivity priors which
could potentially introduce biases across heterogeneous
barren surfaces.

To quantify these differences, we compare scatter
density plots, difference histograms, and 2-D spatial re-
sidual maps in Figure 5 and Figure 6.

Figure 5 shows two sub-regions (rows) : predicted
LST (left), MODTRAN ground truth (middle), and offi-
cial ST_B10 (right). SE-ResUNet is spatially consistent

Reference LST (Landsat9 ST_B10)
(c) Al

S

*

Figure 4 Global comparison of Predicted LST, MODTRAN simulation results, and ST B10 data. : (a) SE-ResUNet inference results; (b)

MODTRAN simulation result; (¢) Landsat 9 ST_B10 thermodynamic map

¥4 SE-ResUNet #EHI 45 5 MODTRAN B S5 L (ST _B10 4l i1 22 Jr % LU 8] : (a) SE-ResUNet #fE 45 5 5 (h) MODTRAN BEHI45 5 5

(¢) Landsat 9 ST_B10#4 /1 &
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Predicted LST (SE-ResUNet)
(Model Output)

Predicted LST (SE-ResUNet)
(Model Output)

True LST (Modtran Simulation)
(Ground Truth)

True LST (Modtran Simulation)
(Ground Truth)

Reference LST (Landsat9 ST_B10)
(External Reference)

)%

Reference LST (Landsat9 ST_B10)
(External Reference)
o ]

N
&
Temperature (Kelvin)

Figure 5 Local comparison of SE-ResUNet retrieval results, MODTRAN simulation results, and ST B10 data: (a) SE-ResUNet infer-
ence results of subdomain 1; (b) MODTRAN simulation result of subdomain 1; (¢) Landsat 9 ST_B10 thermodynamic map of subdomain 1; (d) SE-ResU-
Net Inference Results of subdomain 2; (¢) MODTRAN simulation result of subdomain 2; (f) Landsat 9 ST_B10 thermodynamic map of subdomain2

K5  SE-ResUNet#fEFE4E 5 MODTRAN BL4EL 45 5 (ST B10 4 19 Jey 3 % LU 1]« (a) 735k 1 #9 SE-ResUNet #fEBEZS 5 (1) 73K 1 /9 MO-
DRTANAELIZE R s () F38 1 1) Landsat 9 ST_B10 #4324 8] 5 (d) T4 2 (1 SE-ResUNet 4fEFRE5 R ; (e) 45 2 (1 MODRTAN ASHEIZ5 5 5 (£) 74 2 /1) Land-

sat 9 ST_B10# )2 &l

with ST_B10 but numerically closer to the MODTRAN
truth.

The scatter plots in Figure 6 (a) show R’of 0. 83 -
0. 99 between SE-ResUnet and ST_B10. The high-densi-
ty point clusters are closely aligned with the 1:1 diagonal
line, validating the macro-scale accuracy of the proposed
model. However, a systematic offset is present across
the temperature range, a trend further corroborated by
the difference histogram in Figure 6 (b). The histogram
exhibits a near-normal distribution predominantly situat-
ed within the negative domain, indicating the presence of
a systematic discrepancy between the two datasets under
specific environmental conditions. The spatial residual
maps in Figure 6(c) reveal that the bias is spatially struc-
tured between the SE-ResUNet predictions and the offi-
cial values, with a systematic bias reaching -1. 91 K. In
regions characterized by sharp emissivity gradients—
such as dune peripheries and the interfaces between bare
rock and sandy terrain—pronounced red or blue clusters
(representing AT > 1.5 K) are evident. The primary
driver of this spatial non-stationarity error is the official
algorithm’ s heavy reliance on external emissivity priors.
In arid regions such as deserts, the ASTER GED emissiv-
ity data utilized in the official products often suffers from
insufficient spatio-temporal resolution or significant tem-
poral latency. Consequently, it fails to accurately cap-
ture micro-scale variations in surface composition, there-
by inducing characteristic "patch-like" temperature bias-
es. In contrast, SE-ResUNet learns surface properties
implicitly from multi-spectral inputs, reducing these
emissivity-related biases.

Figure 7 shows the comparison of ground truth and
predicted LST. The SE-ResUNet model has the best ac-
curacy with R’=0. 986, RMSE=0. 55 K and MAE=0. 37
K. Both metrics are well below the 1 K benchmark for
satellite LST retrieval.

3.2 Comparative Analysis and Robustness Evalua-

tion

We evaluate the model at three levels: (i) an evalu-
ation on homogeneous terrain to assess potential overfit-
ting, (ii) a generalization experiment on complex and di-
verse terrains, and (iii) a robustness test with simulated
sensor noise and atmospheric disturbance. For compari-
son, five established regression methods were also em-
ployed to retrieve LST: Linear Regression (LR) , RF,
LightGBM, Multi-Layer Perceptron (MLP) and the tradi-
tional U-Net.

3.2.1 Multiple surface generalization tests

The initial training and assessment were conducted
solely on a homogeneous desert dataset characterized by
smooth spectral and thermal gradients. As shown in Fig-
ure 9, tree-based machine learning models, particularly
RF, exhibited abnormally low error metrics (MAE =
0.05 K) , apparently outperforming SE-ResUNet
(MAE =0.37 K).

An MAE of ~0. 05 K is physically unrealistic for sat-
ellite LST retrieval. Standard sensor noise (NEAT) for
Landsat 9 is approximately 0. 1-0. 2 K, and uncertainties
in atmospheric correction and surface emissivity typically
limit the theoretical accuracy to 0. 5-1. 0 K. An MAE of
0.05 K suggests that the model is not "retrieving" LST
based on physics, but rather "replicating" the labels
through statistical memorization.

To test whether this reflects genuine learning or
overfitting to the homogeneous training domain, we ex-
panded the evaluation to complex, heterogeneous scenar-
ios. All models were retrained on a diverse dataset en-
compassing vegetation, water bodies, built-up areas, for-
ests, and frozen soil. As shown in Figure 9, the results
diverge while SE-ResUNet maintained high stability, the
performance degradation of MLP was particularly pro-
nounced and the accuracy of RF and LightGBM deterio-
rated markedly.

We analyzed spatial surface temperature (LST)
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Figure 6 Quantitative discrepancy analysis between SE-ResUNet retrieval results and the official Landsat 9 Level-2 standard products:
(a) Scatter plot of the two subdomains; (b) Difference histogram of the two subdomains; (¢) Visual difference map of the two subdomains
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Figure 7 The scatter density plot and difference histogram between the predicted LST and the ground truth:

Net; (b) Difference histogram of SE-ResUNet
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maps and evaluated the models” ability to resolve com-
plex topographical features and land-cover boundaries.
As shown in Figure 10, the sequential presentation in-
cludes:

(a) Linear Regression: As a baseline, LR fails to
capture spatial variability. The output is significantly
blurred, losing high-frequency textures and failing to re-
flect the temperature fluctuations associated with terrain
relief.

(b) and (c¢) Traditional Machine Learning (RF &
LightGBM) : While these models capture the macroscop-
ic temperature distribution, they exhibit noticeable
"speckle" noise at the pixel level. As isolated pixel-wise
regressors, they lack spatial context, leading to discon-
tinuous temperature gradients at terrain transitions that
appear statistically fitted rather than physically consis-

1e6 difference histogram

(b)
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(a) Scatter plot of SE-ResU-
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tent.

(d) and (e) CNN-based Models (Basic U-Net &
SE-ResUNet) : These models leverage regional receptive
fields to perceive spatial textures. The SE-ResUNet per-
forms resolves thermal contrasts between sunny and
shady slopes and reproduce smooth, physically consis-
tent gradients.

(f) Deep MLP: As a point-to-point non-linear re-
gressor, the MLP yields the least competitive perfor-
mance metrics among the deep learning candidates and
even lags behind the ensemble tree models. Without spa-
tial context, the MLP relies on single-pixel spectra and is
sensitive to sensor artifacts.

(g) Ground Truth Reference: The baseline refer-
ence map.

The high accuracy of tree-based models on the ho-
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