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The rapid advancement of artificial intelligence in domains such as natural language processing has catalyzed AI
research across various fields. This study introduces a novel strategy, the AutoKeras-Knowledge Distillation (AK-
KD), which integrates knowledge distillation technology for joint optimization of large and small models in the
retrieval of surface temperature and emissivity using thermal infrared remote sensing. The approach addresses
the challenges of limited accuracy in surface temperature retrieval by employing a high-performance large
model developed through AutoKeras as the teacher model, which subsequently enhances a less accurate small
model through knowledge distillation. The resultant student model is interactively integrated with the large
model to further improve specificity and generalization capabilities. Theoretical derivations and practical appli-
cations validate that the AK-KD strategy significantly enhances the accuracy of temperature and emissivity re-
trieval. For instance, a large model trained with simulated ASTER data achieved a Pearson Correlation
Coefficient (PCC) of 0.999 and a Mean Absolute Error (MAE) of 0.348 K in surface temperature retrieval. In prac-
tical applications, this model demonstrated a PCC of 0.967 and anMAE of 0.685 K. Although the large model ex-
hibits high average accuracy, its precision in complex terrains is comparatively lower. To ameliorate this, the large
model, serving as a teacher, enhances the small model's local accuracy. Specifically, in surface temperature re-
trieval, the small model's PCC improved from an average of 0.978 to 0.979, and the MAE decreased from
1.065 K to 0.724 K. In emissivity retrieval, the PCC rose from an average of 0.827 to 0.898, and the MAE reduced
from 0.0076 to 0.0054. This research not only provides robust technological support for further development of
thermal infrared remote sensing in temperature and emissivity retrieval but also offers important references and
key technological insights for the universal model construction of other geophysical parameter retrievals.
© 2025 The Authors. Publishing services by Elsevier B.V. on behalf of KeAi Communications Co., Ltd. This is an open

access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

With the rapid development of artificial intelligence technologies,
emerging methods such as Automated Machine Learning (AutoML)
(He et al., 2021), large-scale models (Naveed et al., 2023), and knowl-
edge distillation techniques (Gou et al., 2021) are propelling new trends
across interdisciplinary research. These innovations not only meet the
urgent needs of various industries for efficient and reliable solutions
but also play a critical role in building universal models. Particularly in
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the field of agricultural meteorological remote sensing parameter re-
trieval, the integration of traditional algorithms and artificial intelli-
gence has opened new research perspectives and application
prospects (Cao et al., 2023; Mei et al., 2023), showcasing superior per-
formance compared to conventional methods (Yuan et al., 2020).

Current thermal infrared remote sensing technology still has room
for further optimization in the retrieval of surface temperature and
emissivity. By leveraging the latest AI technologies, new methods can
be developed to enhance the accuracy of parameter retrieval. As tech-
nology advances and research deepens, this interdisciplinary integra-
tion is expected to drive the development of surface temperature and
emissivity retrieval techniques, providing more precise data support
for studies on agricultural meteorological disasters, crop growth, and
yield assessments among other related fields (Moisa et al., 2022).
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Traditional methods for surface temperature retrieval include the
single-window, split-window, andmulti-band algorithms that combine
day and night observation data. Each of these methods has distinct fea-
tures and has demonstrated significant value in practical applications
(Wang et al., 2015). While these techniques generally provide reliable
results in most scenarios, they still have limitations under specific envi-
ronmental conditions. The single-window algorithm relies on the accu-
racy of prior knowledge of surface classification and atmospheric
parameters during the retrieval process (Yu et al., 2014). The split-
window algorithm estimates surface emissivity and atmospheric
water vapor content based on surface type, effectively eliminating
most atmospheric effects; however, its effectiveness depends on accu-
rate parameter estimations (Frey et al., 2017). The multi-band algo-
rithm, which assumes constant emissivity between day and night,
requires adjustments in dynamically changing surface environments
and is also influenced by observation angles (Wang et al., 2021a). Al-
though these traditional algorithms perform well under various condi-
tions, their limitations underscore the necessity and urgency of
developingmore precise and adaptable retrievalmethods. To overcome
these limitations of traditional remote sensing retrieval algorithms, an
increasing number of studies are exploring the use of deep learning
and other AI technologies for more accurate retrieval of remote sensing
parameters such as surface temperature and emissivity (Mao et al.,
2008; Yuan et al., 2020).

Deep learning (DL), as an advanced multilayer learning framework,
has shown considerable potential in addressing complex nonlinear re-
mote sensing inversion problems (Li et al., 2022; Mao et al., 2011). By
learning intricate patterns and integrating various data types, deep
learning not only deepens our understanding of the relationships
among variables in remote sensing data but also significantly enhances
the accuracy of surface temperature and emissivity retrievals through
precise model training (Carter and Liang, 2019; Joshi et al., 2006; Mas
and Flores, 2008). For instance, the use of Convolutional Neural Net-
works (CNNs) to retrieve Land Surface Temperature (LST) from Ad-
vanced Microwave Scanning Radiometer 2 (AMSR2) data has
demonstrated deep learning's capability to handle the impacts of clouds
and rainfall on synchronous ground observations (Tan et al., 2019).
Studies on passive microwave satellite retrieval of LST also highlight
the advantages of artificial intelligence in remote sensing technology,
especially in complex surface environments like deserts (Duan et al.,
2020; Li et al., 2023a). Deep learning algorithms exhibit robust capabil-
ities in handling complex interactions of surface parameters. For exam-
ple, a study using backpropagation neural networks to retrieve LST from
Landsat 8 OLI/TIRS images has proven the superiority of neural net-
works in enhancing the precision of surface temperature retrievals
(Zhang et al., 2021). Moreover, deep learning, by integrating physical
models, statistical models, and expert knowledge, offers novel methods
for multi-parameter inversion (Wang et al., 2021b). These methods not
only extend the scope of artificial intelligence in handling complex pa-
rameter estimation problems but also optimize computational pro-
cesses to enhance their physical interpretability, providing new
paradigms for the remote sensing field (Wang et al., 2024). Further re-
search has focused on reconstructing LST satellite datasets, predicting
daily surface temperatures from time-series data, and fusing multi-
source data to estimate sub-pixel surface temperatures (Jia et al.,
2021; Wu et al., 2019; Yang et al., 2009). However, despite these signif-
icant technological breakthroughs based on traditional methods, these
AI algorithms often fail to adequately consider the diversity of land
cover, seasonal variations, and the specificities of different datasets, lim-
iting their generalizability and application accuracy (Mao et al., 2023).
Moreover, data-driven remote sensing inversion often relies on compu-
tationally intensive iterative processes to select neural network archi-
tectures in traditional exhaustive methods, limiting model scalability
and complexity and resulting in high development cycles and computa-
tional resource consumption.
408
With the development of emerging artificial intelligence technolo-
gies like large models, knowledge distillation, and automated machine
learning, traditional methods need to integrate these new technologies'
advantages to enhance the accuracy and adaptability of remote sensing
parameter inversion in complex data scenarios. This study leverages
cutting-edge AI technologies to address the challenges posed by the
complexity and nonlinear characteristics of the Earth system, solving
the problem of limited accuracy in small model inversions due to the
high complexity of data caused by diverse land covers. A new strategy
called AutoKeras-Knowledge Distillation (AK-KD) integrates knowl-
edge distillation technology for joint optimization of large and small
models, establishing amethodological paradigmwhere largemodels fa-
cilitate the inversion of small models. Initially, the optimal neural net-
work architecture for dataset inversion is obtained and trained using
AutoKeras. Subsequently, a trained high-precision, generalizable large
model serves as a teacher model, with a locally constrained small
model as a student model. Pre-distillation using statistical indices ver-
ifies the best distillationweights, followed by formal knowledge distilla-
tion, where deep knowledge from the large model is transferred to the
small model, enhancing its inversion accuracy in areaswith limited pre-
cision and more closely approximating the actual physical characteris-
tics. Finally, a high-accuracy parameter inversion model specific to
certain areas is realized, and the student model is interactively inte-
grated into the large model to form a high-quality joint optimization
model, further enhancing the model's specificity and generalization
capabilities.

2. Methodology

This study presents the AK-KD strategy, which combines physical
and statistical methods as the theoretical foundation for remote sensing
parameter inversion and integrates the following advanced artificial in-
telligence technologies to enhance both theoretical and practical appli-
cation performance. Large models, utilizing massive training
parameters and deep neural networks, exhibit significant potential in
handling complex and high-dimensional data, crucial for improving
the accuracy and adaptability of surface temperature and emissivity pa-
rameter inversion (Ananthaswamy, 2023). Knowledge distillation, an
efficientmodel optimization strategy, focuses on extracting essential in-
formation and feature expressions from complex teacher models and
transferring them to student models to optimize performance and
achieve superior outcomes (Gou et al., 2021; Lin et al., 2021). The appli-
cation of knowledge distillation in deep linear classifiers has been theo-
retically validated, revealing mechanisms by which student networks
rapidly converge to generalization boundaries through distillation, elu-
cidating the nature of student network learning and its convergence
speed (Phuong and Lampert, 2019). Notably, knowledge distillation of-
fers significant advantages over traditional model training methods
(Wang and Yoon, 2021). By employing a knowledge distillation strat-
egy, the teacher model demonstrates global generalization capabilities,
effectively addressing the challenges faced by the student model in
complex data scenarios, especially under topographically complex con-
ditions. This approach enables small models to emulate the behavior of
largemodels, excluding anomalous data in the inversion process, reduc-
ing background noise, improving feature extraction, and enhancing
model generalizability, thereby elevating the performance of small
models in specific application scenarios (Kelenyi et al., 2024), and at
times surpassing that of large models (Furlanello et al., 2018).
AutoKeras, an AutoML tool, generates models that can be conveniently
exported as Kerasmodels and deployed across various production envi-
ronments within the TensorFlow ecosystem, achieving automation in
model architecture selection and hyperparameter tuning, thereby effec-
tively shortening the model development cycle and reducing computa-
tional resource consumption (Jin et al., 2023). By minimizing manual
intervention and optimizing model structure, AutoKeras provides an
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efficient and flexible solution suitable for data-driven remote sensing
parameter inversion (Jin et al., 2019).

As shown in Fig. 1, the key technologies of this strategy comprise five
parts: The first part involves physical logic reasoning (Fig. 1A), which
uses physical inversion algorithms to derive the logical relationships be-
tween output and input parameters, thus identifying the band parame-
ters for input nodes. This, built on generalized statistical methods based
on physical approaches, provides theoretical support for large model
training to handle high-dimensional, diverse sample data; the second
part employs the automatic machine learning tool AutoKeras to opti-
mize the model structure (Fig. 1B), effectively selecting the most
Fig. 1. Detailed flowchart o
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suitable neural network architecture for specific datasets using the
data-driven characteristics of remote sensing parameter inversion; the
third part is knowledge distillation (Fig. 1C), where the optimal neural
network architecture is selected on preprocessed data for model train-
ing, and a high-accuracy large model serves as a teacher model to en-
hance a smaller model, thereby boosting its performance; the fourth
part details the knowledge transfer process (Fig. 1D), explaining how
the knowledge from the teacher model is transferred to the student
model, optimized through a weighted fusion; the fifth part is validation
(Fig. 1E), which involves a comprehensive verification of the AK-KD
strategy's effectiveness, including theoretical validation, cross-
f the AK-KD strategy.
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validation, and ground validation to ensure the reliability and efficacy of
the proposed strategy. Further details of each part will be elaborately
discussed below.

2.1. Theoretical derivation of parameter inversion

In addressing problems using deep learning, it is essential first to
undertake physical logic reasoning to provide a sound basis for utiliz-
ing deep learning optimally. Physical logic derivations construct
physical methodologies, upon which generalized statistical methods
are developed. These physical and statistical methods representa-
tively deconstruct into the foundational training and testing data
for deep learning, thereby facilitating the coupling of deep learning
with physical and statistical methodologies (as shown in Fig. 1A).
For detailed theoretical derivations on how deep learning couples
with physical and statistical methods, refer to references (Mao
et al., 2007; Mao et al., 2024).

Initially, physicalmethods provide the necessary theoretical founda-
tion for practical applications. The interdependencies among geophysi-
cal parameters determine that inversion algorithms must satisfy three
conditions: first, the inversion model must be physically meaningful;
second, the inversion equations should be mathematically solvable in
theory; third, the inversion must be highly accurate to meet the de-
mands of practical applications. In the process of surface temperature
inversion, this is based on the surface thermal radiation and the trans-
mission of ground thermal radiation through the atmosphere to the re-
mote sensing satellite (Mao et al., 2024). The Radiative Transfer
Equation (RTE) plays an indispensable role in this process, providing a
theoretical framework for the propagation of surface thermal radiation
through the atmosphere, crucial for accurate analysis and simulation
of this complex physical process. The RTE is expressed as follows:

Bλ Tλ 1 − τλ θ 1 1 − ελ τλ θ Bλ Ta Bλ Ts τλ θ ελ 1

The Planck function is defined as:

Bλ T
2hc2

λ5

1
e hc λkT −1

2

, Bλ Tλ )In the RTE represents satellite radiation, τλ θ atmospheric
transmissivity, Tssurface temperature, Ta near-surface air temperature,
and ελ surface emissivity. In the Planck function, λ represents
wavelength, e is the Euler's number, 2.71828, c is the speed of light,

3 ), h is Planck's constant, 6.63 × 10–34 , and k is the

Boltzmann constant, 1.38 . In this set
are unknowns, thus theoretically requiring at least four TIR bands to es-
tablish four RTE equations to invert LST and LSE. Physical equation sets
need simplification due to each term containing a Planck function,
thereby introducing errors. To significantly enhance parameter
inversion accuracy, employing deep learning for optimization calcula-
tions can effectively eliminate atmospheric interference from remote
sensing data.

108(m∙s − 1 (J∙s)
, τλ θ Ts, Ta, ελ,10 − 23(J∙K − 1)

Next, generalized statistical methods based on physical methodolo-
gies are constructed to gathermore samples frommulti-source data, en-
hancing the model's practicality and inversion accuracy. Bubeck and
Sellke mathematically demonstrated that increasing the number of pa-
rameters in a model enhances robustness and thus generalizability
(Bubeck and Sellke, 2023). In the realm of data fitting, introducing
more data volume and expanding equation dimensions are key strate-
gies to enhancemodel fitting accuracy. In terms of data dimensions, in-
corporating more feature variables enriches the model's foundational
information. Specifically, by applying least squares to minimize the

total error squar 2 (wh yi is the predicted
value, yiis the model's predicted value), model parameters are opti-
mized, enhancing fitting accuracy. Regression analysis further expands

ed S ∑n
i 1 yi − yi ere
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this framework by solving β XTX
−1

XTy (wh X is the design
matrix he response vector), thus expanding observation sample di-
mensions and allowing precise model parameter adjustments within
the framework of minimizing error squared. Regarding sample size,
based on the Law of Large Numbers, as the sample size nnn approaches

infinity, the sample mean converges in probability

to the population mean μ The increase in sample
size causes themodel's sample mean to gradually approach the popula-
tion mean, further enhancing the model's generalizability. According to
the Central Limit Theorem, as the sample size increases, the distribution
of the sample mean approaches a normal distribution,

n Xn − μ ∖
d

0,σ2 . This approximation to a normal distribution
provides a foundation for using statistical methods (such as hypothesis
testing and confidence intervals) to enhance model reliability in
assessing and predicting unknown data, significantly improving the
model's generalizability. Through this integration of physical and statis-
tical methods, maintaining an appropriate balance between model
complexity and data volume provides a solid theoretical foundation
for model training in the AK-KD algorithm.

ere
, y t

Xn 1 n ∑n
i 1Xi

, P Xn − μ ϵ 0.

2.2. Automated machine learning strategy

Under the framework of joint model optimization, the selection of
automated parameter search techniques directly influences the bal-
ance betweenmodel performance and computational efficiency. Cur-
rent optimization strategies in academia can be categorized into two
types: heuristic parameter tuning based on swarm intelligence (such
as the Spider Monkey Optimization algorithm, SMO), and architec-
ture search based on probabilistic surrogates (such as Bayesian
Optimization-driven Neural Architecture Search). For instance, the
Bi-LSTM fusion model employs the SMO algorithm, which simulates
swarm collaboration mechanisms to globally optimize low-
dimensional continuous spaces, significantly enhancing the robust-
ness of bus passenger flow prediction (Balasubramani and
Natarajan, 2024). However, in complex scenarios requiring explora-
tion of high-dimensional discrete spaces (such as combinations of
neural network layers and connection methods), Bayesian-driven
NAS is more suitable for handling joint discrete optimization of struc-
tures and hyperparameters. Addressing this issue, this study selects
the AutoKeras framework, which utilizes Bayesian Optimization's
probabilistic surrogate model to guide Neural Architecture Search
(NAS) directionally. By dynamically evaluating the posterior distribu-
tion of candidate network structures, it rapidly identifies the optimal
model architecture. As an implementation of AutoML, AutoKeras fo-
cuses on automatically identifying themost suitablemodel structures
and hyperparameters through Neural Architecture Search (NAS),
thereby optimizing the performance of deep learning models. Its
core advantage lies in the dual constraint mechanism coupling Bayes-
ian Optimization with Gaussian Processes. Specifically, Bayesian Op-
timization drives Neural Architecture Search to identify key
structural features, while Gaussian Processes control the degree of
network deformation through probabilistic modeling, ensuring effi-
cient convergence within the predefined search space (Jin et al.,
2019).

The problem of neural structure search can be described as follows:
Given a neural structure search space , divide input data D into training
data and validation data and evaluate the efficiency of neural net-
work architectures using a cost function. The objective is to find an op-
timal neural netwo that achieves the best performance on
dataset D. Therefore, the search seeks to find the optimal neural net-
work f and its learning parameters that satisfy:

Dt Dv,

rk f ∈

θ

f min
f∈

Cost f θ Dv 3
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solute error), and θ represents the learning parameters of f. The search
space SSS covers all neural network architectures by progressively
adjusting the initial architecture and is specifically described as:

θ min
θ

f θ , Dt 4

here, Cost is an evaluation metric (such as correlation coefficient or ab-

n, ui,ϕi, pi
n
i 1 5

where n is the number of layers in the neural network, the numberui is
of units in layer is the activation function for layer i, an i is the
dropout probability for layer i, ranging from [0,1]. Under the guidance
of Bayesian optimization, the system searches within spa for the
best architecture.

i, ϕi d p

ce

In the AK-KD strategy, data collected from the ASTER satellite are
first preprocessed, then fed into the AutoKeras system. AutoKeras em-
ploys a Bayesian optimization-based neural architecture search (NAS)
to determine the optimal neural network structure suited to the data,
which is then used for formal training, as detailed in part B of Fig. 1.
Within AutoKeras, a basic search space, FCN, is definedwith parameters
including: the number of neural layers henumber of neu-
rons per laye with a search step of 16, activation
function and dropout ra 5
with a search step of 0.1.The schematic diagram of its neural network
is shown in Fig. 2:

n ∈ N∩ 3, 9 , t
r ui ∈ N∩ 32, 1024

s ϕi ∈ ReLU, Tanh, Sigmoid , tio pi ∈ 0, 0

After data input, the initial stage involves pre-training the model
with a lower number of epochs to validate the effectiveness of each
searched neural network architecture. During the search process, net-
work deformation is controlled through Gaussian processes and Bayes-
ian optimizers, allowing the system to efficiently explore the predefined
search space. The neural network kernel function based on edit distance
is defined as:

κ fa, fb e−ρ2 d fa ,fb 6

where represents the edit distance between two neural net-d fa, fb
works, and ρ is a mapping function. The kernel function, by evaluating
the similarity between different neural network architectures, guides
the network transformation during the search. After a set number of
searches, the system automatically terminates the search and outputs
the optimal neural network architecture. Finally, the optimal architec-
ture is used for formal training to achieve the best performance model.

2.3. Theoretical derivation of knowledge distillation networks

In the realm of deep learning, a model's scale, complexity, and per-
formance typically serve as pivotal metrics for evaluating its practical
utility. Knowledge distillation addresses the intricate balance between
Fig. 2. Schematic of the neural network training model for Autokeras.
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model complexity and performance by constructing a “teacher-student”
transfer framework (Wang and Yoon, 2021). This technique not only
extracts deep knowledge from complexmodels but also transcends tra-
ditional training's reliance on annotated data, enabling lightweight
models to inherit the decision-making logic of their teacher counter-
parts. However, in cross-domain scenarios, conventional methods
constrained by the homogeneous domain assumption (identical distri-
butions for source and target domains) often result in failed static fea-
ture alignment, severely limiting knowledge transfer efficiency. To
address this, Tang et al. (2023) proposed a dynamic distribution align-
ment paradigm: the KD3 algorithm innovates a hybrid distribution con-
trastive learning mechanism, integrating perturbed sample generation
and dynamic instance weighting strategies to establish a more robust
knowledge calibration system. The subsequently developed the 4Ds
framework employs Fourier frequency domain decoupling to disentan-
gle domain-invariant phase components (global semantics) from
domain-specific amplitude features (local styles), achieving dynamic
domain adaptation through residual adapters (Tang et al., 2024).
Knowledge distillation technology effectively balances model perfor-
mance and complexity in cross-domain scenarios by dynamically opti-
mizing domain adaptation strategies and contrastive learning
mechanisms, thereby reducing reliance on homogeneous data distribu-
tions. Furthermore, research highlights critical factors influencing distil-
lation success: dynamic data distribution alignment, bias-variance
trade-off optimization in distillation objectives, and the alignment of
feature extraction capabilities between student and teacher model.

In practical applications, response-based distillation strategies are
employed, focusing primarily on the neural responses of the teacher
model's last layer, aiming to directly learn the teachermodel's final pre-
dictions (Gou et al., 2021). Specifically, large models with strong gener-
alization capabilities and high accuracy serve as teachermodels, guiding
smaller models to learn and mimic the prediction behavior of large
models, ultimately resulting in efficient student models. Through this
method, small models use the large model's predictions as soft labels
to generate similar predictions for the same inputs, thereby emulating
the large model's behavior (Hinton et al., 2015). The distillation loss
for response-based knowledge transfer is expressed as:

LRes p zt, T , p zs, T p zt, T , p zs, T 7

where represents the evaluation los is the output of the smalls. zs
model, zt is the output of the large model, an is a factor controlling
the importance o In this research framework, Mean Squared Error
(MSE) is used as the specific implementation of the loss function L, cho-
sen for its favorable performance in convex optimization and nonlinear
regressionmodels. MSE is defined as the average squared difference be-
tween observed values y and predicted values y, where N is the number
of samples. Thismetric provides an effectiveway to quantifymodel pre-
diction accuracy. The precise expression of MSE is as follows:

d T
f zt.

MSE y, y
1
N
∑N

i 1 yi − yi
2 8

To construct a comprehensive and integrated optimization objec-
tive, a Global Optimization Criterion (GOC) is introduced on top of the
distillation loss to calculate knowledge distillation training, as shown
in the following equation. This criterion is a weighted sum that merges
two key metrics: Data Fidelity ( and Model Consistency ( :D) M)

y, ys, yt,α α D y, ys 1 − α M yt, ys 9

here, the weight parameterα\alphaα is a tunable parameter between 0
and 1, used to balance the relative contributions of these twometrics in
the overall optimization objective. Data Fidelity focuses on minimizing
the difference between true outputs y and the student model's predic-
tions Model Consistency primarily aims tominimize the output differ-
ences between the large mod (yt) and the small odel (ys).

y.
el m
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D MSE y, y quantifies the difference between the small model's
output and the true labels, while uantifies the differ-
ence between the outputs of the small and largemodels. Thus, the small
model in training seeks to closely emulate the large model while also
closely aligning with the true labels.

M MSE yt, ys q

Knowledge distillation is also widely applied to achieve label
smoothing, evaluate teacher model accuracy, and determine the opti-
mal output layer structure (Gou et al., 2021), including enhancing the
entropy of labels during the data demonstration process to effectively
boost the model's prediction capabilities (Bagherinezhad et al., 2018).
Therefore, under the framework of knowledge distillation, further ex-
ploration has been conducted on applying knowledge transfer to the
concept of training data compression, termed dataset distillation. By in-
tegrating the critical knowledge of large datasets into smaller, more ef-
ficient student datasets with certain distillation weights, the aim is to
alleviate the burden of deep model training. In the knowledge distilla-
tion process for small models, particularly in the application to surface
temperature datasets, adjustments via knowledge distillation weight
factors aremade to correct dataset distillationunder ideal clear-sky con-
ditions, bridging the gap between actual and predicted values (Li et al.,
2023b). This provides accurate empirical values for surface temperature
inversion under data complexity-limited conditions, ultimately forming
an efficient student model.

Specifically, during the knowledge distillation process, themost suit-
able knowledge distillation weights within the global optimization
strategy are first identified, as illustrated in Fig. 1C. The preliminary
phase adopts a pre-distillation approach, using the large model to pro-
vide preliminary guidance to the small model. During this process, di-
rect distillation of datasets is omitted, using PCC and MAE as key
evaluation indices to explore a weight range of 0.1 to 0.9, conducting a
series of pre-distillation experiments for small models' surface temper-
ature and emissivity (LST, LSE10–14) based on statistical tests to deter-
mine the optimal knowledge distillation weights. Subsequently, the
selected weights are applied in the formal distillation process, where
the large model optimizes the small model incrementally during each
iteration based on the knowledge distillation loss generated by the
global optimization strategy. Following this, dataset distillation for the
small model is performed using the determined knowledge distillation
weights to achieve high-quality dataset optimization reconstruction.
This method merges the soft targets of the large model with the hard
targets of the small model into composite labels. These labels not only
retain the original category information but also incorporate the large
model's understanding of the data's underlying structure, providing
the small model with a richer training target. Using these composite la-
bels, the training of the small model is no longer limited to pursuing
consistency with hard targets but approaches a more detailed and com-
prehensive objective, including recognizing and simulating the subtle
interrelations between categories revealed by the large model. This
comprehensive mechanism injects a more refined and comprehensive
supervisory signal into the training of the student model, promoting
improvements in model accuracy and generalization capability.

This strategy not only enables the small model to inherit the
decision-making capabilities of the large model but also significantly
enhances performance while maintaining low complexity and compu-
tational costs, even surpassing the large model. This process effectively
bridges the gap between model predictions and actual values, ensuring
high accuracy in inversion results, demonstrating the significant advan-
tages of knowledge distillation technology in enhancing data inversion
accuracy, ultimately forming an efficient student model, further ensur-
ing that the small model's surface temperature and emissivity inversion
results closely align with the physical characteristics' representations.

2.3.1. Selection of knowledge distillation weights
In the process of knowledge distillation, weight optimization is

one of the core issues, determining the intensity of knowledge
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transfer between the teacher and student models, and directly affect-
ing the student model's ability to assimilate the teacher model's
knowledge while retaining its own learning characteristics, as illus-
trated in Fig. 1D. Theoretically, seeking an ideal alpha value aims to
achieve the best balance between teacher guidance and student au-
tonomous learningwithout sacrificing the studentmodel's adaptabil-
ity while maximizing the guidance benefits obtained from the
teacher model. This process emphasizes the dynamic balance be-
tween the student model's self-exploration capabilities at lower
alpha values and the guiding role of the teacher model at higher
alpha values, with the key being to find an optimal alpha value to fa-
cilitate the effective integration of teacher guidance and student au-
tonomous exploration, thereby enhancing the student model's
performance on specific tasks.

Theoretically, after initial training completion, utilizing original data
for incremental learning of the model can continuously garner useful
knowledge, achieving further precision enhancements (Luo et al.,
2020). The selection of knowledge distillation weights leverages this
characteristic by considering only the original labels for student model
distillation, not extra knowledge distillation labels. Under such circum-
stances, when the knowledge distillation weight is zero, meaning no
guidance from the teacher model is introduced, it equates to incremen-
tal learning, and the student model's accuracy improves. However,
when the weight is one, implying total reliance on the teacher model,
it deviates from the incremental learning of the original dataset, causing
accuracy to decline due to training loss deviations from the original la-
bels (Mittal et al., 2021). Hence, seeking a dynamic balance point
where both the teacher model's contribution and the student model's
contribution act together is crucial, followed by using this weight to
officially optimize the student model under the knowledge distillation
labels.

Within this framework, the independent sample t-test is utilized to
compare the mean differences between two independent sample
groups (i.e., original accuracy and adjusted weight accuracy). The goal
is to find the weight with the lowest t-value, i.e., the dynamic balance
point of knowledge distillation contribution. The formula for calculating
the t-statistic is as follows:

t
x1 − μ

s1
n1

10

where epresents the samplemean of improved accuracy, the ac-x1 r μ is
curacy before improvement s the sample standard deviation of im-
proved accuracy, an n is the sample size. To further analyze the
contributions of different weights to the final model accuracy enhance-
ment, the relative utility of weights is quantified through the statistical
t, and the evaluation function is designed as:
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d
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To deepen the understanding of the distribution of the t-statistic
under given degrees of freedom, the probability density function
(PDF) of the t-distribution is introduced as follows:
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here represents degrees of freedom, and Γ is the gamma function,, v
used to extend the concept of factorial in this context. Further, the cu-
mulative distribution function (CDF) of the t-distribution provides the
probability of observing a specific t-value or more extreme values:
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Combining the t-statistic and its degrees of freedom, and determin-
ing p-values through the CDF of the t-distribution, which represents the
probability of observing the calculated statistic (or a more extreme
case) under the assumption that the null hypothesis is true. For a two-
tailed test, the formula for calculating the p-value is:

p 2 1 − F t 14

In summary, this section, through an in-depth analysis of the knowl-
edge distillation weight selection mechanism, establishes a theoretical
basis for effective knowledge transfer between large and small models.
By precisely adjustingweight parameters, this study aims to balance the
relationship between large model guidance and small model self-
learning, thereby achieving an optimal learning pathway for the student
model.

3. Data and study area

3.1. Large model dataset

In this study, data from the Advanced Spaceborne Thermal Emission
and Reflection Radiometer (ASTER) were utilized, characterized by its
high spatial resolution and multispectral capabilities, allowing for a
more detailed depiction of surface features. We selected high-quality
summer ASTER data covering the primary land surface types in China
to ensure the dataset's comprehensiveness and representativeness. A
diversified strategy was adopted, collecting approximately 9.6 million
samples across 27 scenes, which provided a solid foundation for build-
ing a large model with high generalization ability and ensured balanced
performance across various types of data. To guarantee data quality, all
samples underwent stringent quality control and preprocessing. Com-
bining MODIS data, ground observation data, and assimilation data,
ASTER data consistent with high-reliability data were carefully selected
to ensure accuracy. We ensured the model's generalization capability
and accuracy by pre-training evaluations of each preprocessed scene,
selecting datasets with high inversion precision for inclusion in the
large model training repository.

3.2. Small model data

During the selection phase for the largemodel data in this study, two
scenes were specifically chosen due to their complex terrain, which
caused low inversion accuracy. Complex terrain is a relative concept.
In our context, it typically refers to areas with intricate topography
and significant variations in surface types, such asmountainous regions
or urban environments. From the visible imagery, it is evident that these
areas feature diverse surface types and significant topographical varia-
tions, making them key cases for optimizing the small model. These
areas' data are limited by the inherent complexity andnonlinear charac-
teristics of the Earth system, directly affecting the small model's inver-
sion accuracy. These specific scenarios provide a suitable environment
for utilizing knowledge distillation technology to analyze and enhance
the performance of the small model. Through this process, the study
aims to explore the adaptability and optimization methods of the
small model under conditions of data complexity and limited accuracy,
laying the groundwork for subsequent model evaluation and applica-
tion research.

3.3. Auxiliary data

3.3.1. MODIS data
In this study, MODIS surface temperature data were used as a key

auxiliary dataset for cross-validation to ensure the reliability and preci-
sion of themodel inversion results. Specifically, MODIS surface temper-
ature data corresponding to the spatial and temporal points of the two
small models were carefully selected as the benchmark for cross-
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validation. This selection aimed to evaluate and optimize model perfor-
mance, ensuring its accuracy and robustness across different temporal
and spatial scales.

3.3.2. Ground data
This study utilized ground data to validate the accuracy of models

trained on the ASTER dataset. Within the two target study areas, areas
with flat terrain and homogeneous surface types were selected to col-
lect a series of high-quality ground observation data. Given the broader
availability of surface temperature data compared to emissivity, this
study focused on comparing the surface temperature data inverted by
the optimized student model with ground measurement values to ver-
ify the effectiveness of the proposedmethods. The alignment of ground
data with ASTER satellite observations in space and time ensured the
rigor and accuracy of the validation process.

4. Results and discussion

The computational resources utilized in our experiments are as fol-
lows: The operating system employed was Ubuntu 22.04 LTS, with a
deep learning framework version of 2.17.0. The Python programming
language version used was 3.10.13. For central processing, we utilized
an Intel(R) Xeon(R) Platinum 8474C CPU, complemented by 80GB of
RAM.Graphics processingwashandled by anRTX4090DGPU, equipped
with 24GB of dedicated memory.

4.1. Theoretical accuracy analysis and validation

4.1.1. Automated machine learning network optimization
During the process of remote sensing inversion using deep learning,

the selection of neural network architectures often relies on exhaustive
trial-and-error methods, and the configuration of neurons between
layers lacksflexibility. In response, this study adopted theAutoKeras au-
tomated network search framework, conducting 30 iterative searches
within a predefined search space to explore optimal network architec-
tures. The Pearson Correlation Coefficient (PCC) and Mean Absolute
Error (MAE) were used as performance metrics for the models. MAE
was chosen because it intuitively reflects the average deviation between
predicted values and true values, serving as a commonly used tool to
measure prediction accuracy. PCC was used to assess the linear correla-
tion between predicted values and actual values, aiding in revealing the
correlation strength betweenmodel outputs and real data, thus provid-
ing a deeper assessment of the model's explanatory power. By integrat-
ing these two metrics, the model's absolute error could be evaluated,
and the correlation level between model predictions and actual out-
comes assessed, allowing for a comprehensive evaluation of model per-
formance. Specifically, the search for the optimal neural network
architecture was conducted using large model surface temperature in-
version data, demonstrating AutoKeras's search efficiency and configu-
ration flexibility through eight neural network architecture searches
across 30 epochs. The results include the number of layer neurons, acti-
vation function (act. func.) and other model configuration information,
with specific results shown in Table 1.

Analysis of the results indicated that the third attempt, which in-
cluded a neural network architecture with seven hidden layers (32,
32, 720, 32, 32, 752, 32), achieved higher accuracy in largemodel LST in-
version, and thus this architecture was chosen for large model LST in-
version tasks. Given the data-driven nature of the inversion model,
AutoKeras will be used in subsequent inversion tasks to derive the
best neural network architecture for more targeted training, aiming to
achieve optimal accuracy.

4.1.2. Input band selection and validation
Through the physical logic analysis discussed in Section 2.1, to con-

struct a closed system of equations, the number of equations must be
at least equal to the number of unknowns; thus, for ASTER data, at



Table 1
Optimal neural network architecture search for large model LST inversion using AutoKeras.
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least four thermal infrared bands are necessary to construct the system.
This implies that in a deep learning neural network, the number of input
nodes should at least correspond to four thermal infrared bands. To val-
idate this theory, this study considered all possible band combinations
from single to multiple bands, initially using ASTER simulated datasets
with a surface temperature step of 4, selecting all possible combinations
of the five brightness temperature bands BT10 ∼ 14 for input. Models
were trained and surface temperature inversion experiments
Table 2
Relationship between input band combinations and model accurac
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conducted using AutoKeras neural network searches. MAE and PCC
were used as evaluation metrics to explore the relationship between
input band combinations and model accuracy. A comprehensive analy-
sis of band combinations (BC) not only helps reduce overall model er-
rors and enhances prediction accuracy but is also a key step in
establishing an effective model. Detailed experimental results are seen
in Table 2, clearly illustrating the specific impacts of different combina-
tions on model accuracy.
y.
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In-depth analysis of surface temperature inversion validated the
theoretical expectations that increasing band combinations significantly
enhances model performance. Firstly, PCC analysis indicated that per-
formance improvement is not solely dependent on an increase in the
number of bands. For example, in 1 BCE, band 14 exhibited the best
PCC at 0.966, in 2 BCE, bands 11–13 (PCC 0.981), and in 3 BCE, bands
12–13-14 (PCC 0.991) showed higher PCCs, even surpassing some
four and five-band combinations, although their MAEs were less satis-
factory. This highlights the critical role of information complementarity
of selected bands on model accuracy. Secondly, MAE analysis showed
that multi-band combinations further optimized performance, particu-
larly the 10–12–13-14 combination with a PCC of 0.996 and MAE of
0.774. The exemplary performance of the five-band combination
10–11–12-13-14 with a PCC of 0.968 and MAE of 0.478 emphasized
the importance of integrating multi-band information for precision im-
provement, thus substantially supporting the initial theoretical analysis.
Considering both PCC and MAE, preliminary selections were made for
4 10–12 BCE–13-14 and 5 10–11 BCE–12-13-14 band combinations.

To validate the Law of Large Numbers and explore the impact of
sample size onmodel performance, sample data was increased and sur-
face temperature steps reduced to 1, selecting the more effective band
combinations (4 10–12 BCE–13-14, 5 10–11 BCE–12-13-14) from
Table 2 as experimental subjects. To further assess the impact of sample
volumeon inversion accuracy, these resultswere comparedwith the in-
version accuracy of simulation data at a step of 4, with detailed results
shown in Table 3:

The analysis showed that by reducing the step to expand sample vol-
ume, the accuracy of the surface temperature inversion model signifi-
cantly improved. When the step decreased from 4 to 1 and sample
data increased fourfold, the inversion accuracy PCC for the four-band
combination 10–12–13-14 improved from 0.996 to 0.997, and MAE de-
creased from 0.774 K to 0.609 K. The five-band combination 10–11–12-
13-14 saw its PCC increase from 0.968 to 0.999, andMAE decrease from
0.478 K to 0.348 K, serving as a simulated validation for large model
training under the AK-KD strategy. This trend confirmed that increasing
sample volume under certain data quality conditions contributes to
enhancing model accuracy.

4.2. Dataset model training and analysis

Based on the data and study area introduction, the largemodel refers
to a high-accuracy model trained using the large model dataset. The
small model refers tomodels trained on smallmodel datawith accuracy
lower than the large model, and the student model refers to small
models optimized using knowledge distillation.

4.2.1. Large model training and analysis
In this study, neural network architectures determined byAutoKeras

were used to train selected largemodel datasets, aiming to precisely in-
vert Land Surface Temperature (LST) and emissivity for brightness tem-
perature bands (BT10, BT11, BT12, BT13, BT14). This process led to the
construction of independent inversion models for each target, produc-
ing scatter plots and accuracy displays (as shown in Fig. 3) to visually
demonstrate model performance, where the color bands on the right
indicate relative point density.

Specifically, the obtained inversion models performed as follows:
the LST model had a Pearson Correlation Coefficient (PCC) of 0.967
Table 3
Relationship between sample data and model accuracy

415
4.2.2. Small model training and analysis
In this study, neural network architectures selected by AutoKeras

were used for surface temperature and emissivity inversion analysis
on two small model cases. Scatter plots and accuracy displays for
small models 1 and 2 are shown in Figs. 4 and 5, respectively. These
small model datasets originated from datasets with limited inversion
accuracy due to complex data, constrained by the inherent complexity
and nonlinear characteristics of the Earth system. Compared to the
high-quality large dataset models, small models 1 and 2 showed perfor-
mance gaps in key performance indicators PCC and MAE, especially ev-
ident in specific bands such as LSE13 and LSE14. This comparison
highlights the impact of data quality and volume on inversion accuracy
and also emphasizes the potential of knowledge distillation technology
in enhancing the performance of small models, providing new insights
for model applications in complex environments.

4.2.3. Large model analysis on small model data
This section delves into the analysis of large model inversion on

small model data. Large model data, based on a composite of multiple
partitioned data, reflects the overall accuracy of global partition data,
approximating the average inversion accuracy of partition models.
However, for small models trained on certain precision-limited parti-
tion data, their inversion accuracy falls below the global average,
i.e., below the large model's accuracy. Although the large model can in-
tegrate global data, capture more complex nonlinear features, and min-
imize global errors, the accuracy limitations of specific partition data
may prevent ideal accuracy in these partitions' inversion results. To ver-
ify this, the LST & LSE of two precision-limited small models were
inverted using the large model, with scatter plots and displays shown
in Figs. 6 and 7.

The large model achieved a PCC of 0.967 and MAE of 0.691 K in LST
inversion. In contrast, small model 1 had a PCC of 0.970 and MAE of
1.099; small model 2 had a PCC of 0.948 and MAE of 1.029. When
using the large model to invert small model data, the results for small
model 1 showed an MAE of 1.529 and PCC of 0.966; for small model 2,
an MAE of 1.091 and PCC of 0.943. These results indicate that, although
the large model has higher global inversion accuracy, its performance
on precision-limited small model data generally has lower PCC than
the small models' own inversion results. For MAE, the accuracy is also
below that of the small models' own results, particularly the large
model's inversion of small model 1 data showed a significantly higher
MAE. Results for LSE10 ∼ 14R also displayed similar trends, where the
large model's global accuracy exceeded the small models' own data in-
version accuracy, which in turnwas higher than the largemodel's accu-
racy on small model data. These findings confirm that despite the large
model's high global accuracy, its inversion accuracy remains suboptimal

and a Mean Absolute Error (MAE) of 0.691 K, indicating good correla-
tion and reasonable error levels; the emissivity models for bands
LSE10 to LSE14 had PCCs of 0.932, 0.948, 0.950, 0.844, and 0.782 respec-
tively, with similarly low MAEs ranging from 0.007 to 0.001. These re-
sults support the use of the large model as a teacher model, with its
multi-input features and large data volume contributing to model accu-
racy, also validating the effectiveness of the chosen neural network ar-
chitecture and revealing performance differences between the band
inversionmodels. This progress lays a solid foundation for using knowl-
edge distillation technology to enhance the accuracy of small models.
.
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Fig. 3. Large model LST & LSE inversion scatter plot and accuracy display.
when facing datawith limited precision. Therefore, it is necessary to use
knowledge distillation technology, utilizing the largemodel as a teacher
model to guide the small model through dataset distillation, ultimately
forming an efficient student model to enhance and potentially match
the large model's global inversion accuracy.
Fig. 4. Small model 1 LST & LSE inversio
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4.3. Application and analysis of knowledge distillation

As analyzed in Section 4.2, the small models exhibit limited accuracy
due to constrained data. Despite the large model being trained with
high-precision datasets, its application for inverting data from the
n scatter plot and accuracy display.
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Fig. 5. Small model 2 LST & LSE inversion scatter plot and accuracy display.
small model datasets did not yield satisfactory accuracy. Therefore, it is
necessary to employ knowledge distillation techniques to transfer
knowledge from the large model to the small models, thereby optimiz-
ing the small models under the guidance of a high-precisionmodelwith
generalizability.
Fig. 6. Large model on small model 1 data LST & LS
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4.3.1. Knowledge distillation weight design and analysis
To guide the formulation of an effective distillation strategy, this

study adopted a rigorous statistical method-the independent sample
t-test. This method aims to assess the statistical significance of perfor-
mance improvements under different weight configurations. For this
E inversion scatter plot and accuracy display.
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Fig. 7. Large model on small model 2 data LST & LSE inversion scatter plot and accuracy display.
purpose, 30 sets of knowledge distillation experiments were conducted
without involving dataset distillation, thus collecting a series of data on
model accuracy in its original state and after adjusting weights.

By meticulously applying the aforementioned statistical framework,
this study conducted an in-depth analysis of data from 30 experiments
under different weight configurations to evaluate the specific impact of
weight adjustments on model performance. The following table
(Table 4) summarizes the statistical analysis results of knowledge distil-
lation for small model 1 surface temperature inversion, showing t-
values and p-values calculated based on PCC and MAE for different
weights.

By analyzing the t-statistics and p-values of PCC andMAE under dif-
ferent alphas, the relative changes in contributions from the teacher and
studentmodels can be observed. As alpha increases, the t-statistic grad-
ually decreases, its absolute valuefirst decreases then increases, indicat-
ing that as alpha increases, the studentmodel's contribution diminishes,
and the teacher model's contribution increases. All p-values under dif-
ferent alphas are significant, confirming the reliability of the statistical
results.
Table 4
Statistical results of teacher and student contributions based on PCC andMAEunder differ-
ent weights.

PCC MAE

Alpha t-statistic p-value t-statistic p-value

0.1 102.426 1.13E-38 66.68 2.73E-33
0.2 26.752 5.45E-22 4.674 6.28E-05
0.3 5.353 9.51E-06 −15.62 1.18E-15
0.4 −3.323 2.42E-03 −29.069 5.33E-23
0.5 −14.262 1.23E-14 −39.13 1.19E-26
0.6 −32.6 2.11E-24 −77.486 3.59E-35
0.7 −51.128 5.67E-30 −79.88 1.49E-35
0.8 −63.371 1.18E-32 −176.301 1.68E-45
0.9 −111.902 8.74E-40 −133.027 5.86E-42
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To precisely define the optimalweight in the knowledge distillation
process, 30 rounds of differentiated weight distillation experiments
were carried out on six different inversion results of LST and LSE10 to
LSE14 for small models 1 and 2. To further analyze the contribution
of different weights to model accuracy enhancement, the evaluation
function was used to quantify the relative utility
of weights through the statistical t and further normalize data to plot
the corresponding radar chart (Fig. 8), where θ represents the weights
at different dimensions, indicating the relative contributions of
weights.

f t 1 ln t e

Analysis of the radar charts reveals the relative contributions of
different inversion results at each weight to improvements in MAE
and PCC indicators. Observations show that for improving MAE,
the optimal weights for optimizing small models 1 and 2 are pri-
marily concentrated at 0.2 and 0.3. For the PCC indicator, the best
weights extend to 0.2, 0.3, and 0.4. As weights deviate from the op-
timum, their contribution to performance enhancement decreases;
specifically, the further the deviation from the optimum, the weaker
the positive impact on performance. Finally, box plots (Fig. 9) of dif-
ferent inversion results' optimal weights are drawn to further ana-
lyze the findings.

In the box plot analysis, themedian for small model 1 is at 0.35, with
the interquartile range spanning from 0.275 to 0.5. For small model 2,
the median is at 0.3, with the interquartile range from 0.2 to 0.425.
The interquartile range represents the central 50 % clustering area of
the data, providing a basis for assessing the data's central tendency
and dispersion. With weight 0.3 occupying a central position in both
models and also at the lower edge of the interquartile range in small
model 1, the study identifies 0.3 as the optimal weight for enhancing
small models in the knowledge distillation process, reflecting data's
central tendency while maintaining consistency across models. This
weight not only ensures that small models receive effective guidance
from the teacher model but also maintains their own learning momen-
tum as student models, achieving optimal knowledge distillation
effects.
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Fig. 8. Radar charts of relative contributions to model accuracy enhancement through knowledge distillation under different weights.
4.3.2. Student model optimization analysis
Based on prior statistical test analyses, a key distillationweight of 0.3

was selected to maintain precision enhancement while using the large
model as the teacher model. This approach guided two small models
through dataset distillation to reconstruct the inversion target dataset,
bridging the gap between actual values and predictions, and producing
an accurate approximation of real inversion target values, thus forming
an efficient studentmodel. Subsequently, scatter plots and accuracy dis-
plays of the optimized student models 1 and 2 after knowledge distilla-
tion are presented (Figs. 10 and 11).

A bar chart (Fig. 12) compares changes in various inversion indices
before and after knowledge distillation.

Performance analysis of the optimized student models 1 and 2
shows notable improvements across all inversion indices. Specifi-
cally, in key LST bands, student model 1's PCC improved from 0.970
to 0.984; MAE decreased from 1.099 K to 0.731 K. Student model 2's
Fig. 9. Box plots of optimal weights for different inversion results.
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PCC increased from 0.948 to 0.973; MAE reduced from 1.029 K to
0.716 K. These results highlight the significant effects of knowledge
distillation in enhancing model accuracy and reducing prediction er-
rors. In emissivity bands LSE10 to LSE14, both improved models also
showed significant performance enhancements, with student model
1's average PCC increasing from 0.859 to 0.917, and average MAE de-
creasing from 0.0064 to 0.0044. Student model 2's average PCC im-
proved from 0.796 to 0.879, and average MAE reduced from 0.0088
to 0.0064. The Taylor diagram for model accuracy improvement is
shown in Fig. 13, with a zoom in on the overlapping data points in
the figure.

In Fig. 13, the model inversion results have been standardized such
that the observation data point (Observed Values, OBS) maintains a
standard deviation (SD) of 1, enabling normalized comparison of
model performance against ground truth. In this representation, the dis-
tance between a scatter point and theOBS reference on the x-axis quan-
tifies the root mean square error (RMSE) - closer proximity to the OBS
point indicates higher model accuracy. The radial distance from the or-
igin represents SD, while the angular coordinate corresponds to the
Pearson correlation coefficient (PCC) indicated by the graduated arcs.
The diagram illustrates: LMI (Large Model Inversion) accuracy; SMI_1
and SMI_2 representing Small Model Inversion variants; LMIS_1 and
LMIS_2 denoting large model performance when processing small
model datasets; and KSMI_1/KSMI_2 showing knowledge-distilled
small model capabilities. Although the large model demonstrates supe-
rior PCC compared to baseline small models, its compromised RMSE
performance in cross-model inversion scenarios reveals inherent data
compatibility limitations. Conversely, knowledge-distilled small models
exhibit optimized balance - achieving comparable PCC while
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Fig. 10. Student model 1 LST & LSE inversion scatter plot and accuracy display.
demonstrating RMSE metrics that approach or occasionally surpass
those of the large model architecture.

The analysis demonstrates that the knowledge distillation strategy
effectively enhanced the precision of small models in surface tempera-
ture and emissivity inversion, particularly showing substantial potential
Fig. 11. Student model 2 LST & LSE invers
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when dealing with complex data and limited resources. This provides
important support for enhancing the robustness and reliability of
models in practical applications. The optimized student models were
then integrated interactively into the large model to form a high-
quality jointly optimized model. In the joint optimization model,
ion scatter plot and accuracy display.
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Fig. 12. Bar chart comparing inversion accuracy before and after knowledge distillation.
models adapted to the data's source regions were selected, further en-
hancing the model's specificity and generalization capability.

4.4. Cross-validation and ground validation

4.4.1. Cross-validation
Cross-validation is valuable in identifying spatial differences be-

tween products and inversion values, especially considering variations
in spatial resolution and temporal sequences across different satellite
datasets. Compared to emissivity, surface temperature data ismore rep-
resentative. This study selected MODIS surface temperature datasets
corresponding to two small model areas for detailed cross-validation
of the small models and their optimized student models. The analysis
included four sets of comparative images (Figs. 14 and 15), covering
surface temperature maps, model prediction scatter plots, and predic-
tion error distribution maps to comprehensively assess model
performance.

Cross-validation revealed that student model 1's surface tempera-
ture inversion MAE decreased from 2.416 K to 1.730 K and PCC in-
creased from 0.832 to 0.912 after knowledge distillation; student
model 2's LST inversion MAE decreased from 2.345 K to 1.666 K and
PCC improved from 0.777 to 0.893, demonstrating the effectiveness of
the knowledge distillation optimization strategy in enhancing predic-
tion accuracy. Detailed observation of the error distribution maps
showed a reduction in error range and a significant increase in zero-
error frequency, indicating a marked enhancement in the consistency
between model predictions and actual observations.

Additionally, by comparing MODIS temperature distribution maps
with predicted temperature distribution maps, the optimized models
not only aligned overall with MODIS surface temperature distributions
but also displayed richer detail features using ASTER's high resolution.
This analysis highlights the practical value of the knowledge distillation
421
strategy in finely tuning surface temperature inversion models to con-
vey teacher knowledge.

4.4.2. Ground data validation
Compared to emissivity, surface temperature data from ground is

more readily available. Therefore, this study primarily focuses on vali-
dating the effectiveness of our proposed method by comparing
satellite-inferred surface temperatures with ground measurement
data. The accuracy of ground-based measurements directly impacts
data collection, and to eliminate interference through strict quality con-
trol, the study selected representative and highly precise clear-sky, flat
terrain measurement data. Considering the complexity of ground vali-
dation, robust statistics required an appropriate outlier removal strat-
egy. For this purpose, we adopted the new 3-sigma criterion proposed
(Sobrino et al., 2016), which is based on theoretical uncertainties re-
lated to the algorithm. Specifically, outliers were removed using a
threshold of three times the theoretical precision to eliminate anoma-
lies between the inverted and ground-measured surface temperatures.
Subsequent ground validations were conducted for small models 1
and 2, and studentmodels 1 and 2, with their scatter plots and accuracy
displays shown in Fig. 16.

Optimization through the knowledge distillation strategy signifi-
cantly enhanced the performance of student model 1 in ground data
validation, with its Pearson Correlation Coefficient (PCC) increasing
from 0.963 to 0.986 and Mean Absolute Error (MAE) decreasing from
1.953 K to 1.315 K. Similarly, student model 2 showed improvements
post-optimization, with its PCC rising from 0.940 to 0.970 and MAE re-
ducing from 1.988 K to 1.414 K. Although the accuracy in ground data
validation was slightly lower than the validation results based on
ASTER satellite data, considering the real physical conditions repre-
sented by the ground data, such as local terrain variations, vegetation
cover, and the thermal properties of ground materials, the results of
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Fig. 13. Taylor diagram for model accuracy comparison.
ground validation to some extent confirm the reliability and practical
value of our proposedmethod. This further substantiates the robustness
and efficacy of the knowledge distillation strategywhen facing complex
real-world physical conditions.

5. Conclusion and future prospects

This study aimed to address the challenges posed by the complexity
and nonlinear characteristics of Earth systems on the accuracy of local
model inversion. By integrating cutting-edge artificial intelligence tech-
nologies—automated machine learning, large-scale models, and knowl-
edge distillation—we significantly enhanced the local inversion
performance of thermal infrared remote sensing parameters (LST &
422
LSE) and developed a jointly optimizedmodel for precise global remote
sensing parameter inversion.

Theoretical analyses confirmed the applicability of knowledge distil-
lation in remote sensing parameter inversion. Combining physical and
statistical methods, we elucidated the fundamental principles of deep
learning in model training and explored the effectiveness of automated
network architecture and hyperparameter configuration using
AutoKeras. These findings provided a solid theoretical foundation for
the AK-KD strategy, enhanced the physical interpretability of the
model, and significantly improved remote sensing inversion accuracy.
A large model trained using ASTER simulated data (selecting bands 10
to 14,with an LST step size of 1) exhibited excellent performance in sur-
face temperature inversion, achieving a Pearson Correlation Coefficient
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Fig. 14.Model 1 surface temperature map, cross-validation scatter plot, prediction error distribution map.

Fig. 15.Model 2 surface temperature map, cross-validation scatter plot, prediction error distribution map.
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Fig. 16. Ground validation scatter plots.
(PCC) of 0.999 and a Mean Absolute Error (MAE) of 0.348 K. In practical
applications, this model achieved a PCC of 0.967 and MAE of 0.685 K in
surface temperature inversion. By using this large model as a teacher
model to optimize small models, the inversion accuracy for LST and
bands LSE10 to LSE14was significantly enhanced. Specifically, in surface
temperature inversion, the small model's average PCC increased from
0.978 to 0.979; averageMAE decreased from1.065 K to 0.724K. In emis-
sivity inversion, the average PCC rose from 0.827 to 0.898; averageMAE
reduced from 0.0076 to 0.0054. Cross-validation and ground validation
results reinforced the reliability of these outcomes and demonstrated
the potential of knowledge distillation technology in enhancing local
inversion accuracy.

In future research endeavors, we intend to amalgamate large and
small model architectures trained on both high and low-resolution
data, employing knowledge distillation techniques to engender light-
weight student models that embody both extensive coverage and re-
fined inversion capabilities. Furthermore, we aim to further integrate
intelligence optimization with interactive dynamic fusion technology
(Balasubramani and Natarajan, 2024), in conjunctionwith the temporal
attention mechanism to capture the nonlinear dynamic characteristics
of multi-temporal remote sensing data, thereby training a large teacher
model. Concurrently, we will construct an adaptive joint optimization
model based on data sources and regional characteristics. The integra-
tion of such technologies holds the promise of enhancing the model's
adaptability to environmental complexities and propelling the inver-
sion of remote sensing parameters towards greater intelligence and
cross-scenario versatility.
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