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Abstract: The thermal infrared remote sensing parameters exhibit interdependent and mutually 
constrained relationships, which conventional methods fail to fully exploit for improving the overall 
retrieval accuracy across different parameters. To address this challenge, this study proposes an 
artificial intelligence-based method for jointly retrieving land surface temperature (LST), emissivity 
(LSE), and atmospheric water vapor content (WVC) from thermal infrared remote sensing data, 
achieving an organic integration of physical mechanism-based and statistical approaches. The model 
is initially applied to retrieve LST and LSE, which are then utilized as prior knowledge for cross-
iterative WVC retrieval. The simulation validation results demonstrate that the four-band 
combination scheme for LST retrieval achieved optimal theoretical accuracy, with a mean absolute 
error (MAE) of 0.51 K and root mean square error (RMSE) of 0.69 K. The retrieval RMSE values 
for both LSE31 and LSE32 remained below 0.01. Incorporating LST and LSE information with the 
four thermal infrared bands further enhanced WVC retrieval stability, yielding an MAE of 0.05 
g/cm² and RMSE of 0.08 g/cm². Finally, cross-validation and ground-based verification using the 
optimal band combination confirmed the overall reliability of the retrieval results. The retrieval 
errors for all parameters were reduced during nighttime due to decreased solar irradiation 
interference. Overall, the proposed joint retrieval method improved both accuracy and stability for 
all parameters, overcoming the limitations of conventional techniques and enhancing overall 
retrieval performance. 
Keywords: Artificial intelligence; land surface temperature; emissivity; atmospheric water vapor; 
deep learning 
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1. Introduction 

Land surface temperature (LST) and land surface emissivity (LSE) as well as atmospheric water 
vapor content (WVC) are key parameters for the study of the earth's energy balance and water cycle, 
which have a profound impact on agricultural production, climate change and water resources 
management (Moisa et al.,2022; Mikhaylov et al., 2020; Anderson et al.,2003; Raynolds et al., 2008). 
The different parameters are interrelated, with LST directly reflecting the surface's ability to absorb 
solar energy and its thermal response to the environment, while LSE determines the efficiency with 
which the surface emits thermal radiation into the atmosphere (Wan et al., 2004; Snyder et al., 1998). 
Additionally, WVC in the atmosphere not only affects the transmission of solar radiation but also 
can influence the measurement of LST and LSE (Padmanabhan et al., 2009), because WVC can 
absorb and re-radiate the thermal energy emitted by the surface. Accurately retrieving these 
variables has long been a significant challenge in agriculture. Precise measurement of these 
parameters is essential for informed agricultural decision-making, crop yield optimization, and 
effective resource management. However, traditional algorithms often struggle due to the 
complexity of the models and the uncertainty of input data. With the rapid advancement of AI, it is 
increasingly being integrated into agriculture (Akkem et al., 2023). AI-based algorithms can process 
large volumes of complex data, automatically identifying patterns and correlations, which allows 
for more accurate and real-time parameter estimation. By leveraging these advanced technologies, 
we can enhance the accuracy of joint retrievals for LST, LSE, and WVC. 

In recent decades, many scholars have conducted in-depth research on the retrieval of individual 
parameters, and have developed various quantitative retrieval algorithms based on thermal infrared 
(TIR) remote sensing data, aiming for higher accuracy (Seguin et al., 1999). In the field of LST 
retrieval using TIR remote sensing, algorithms based on different band configurations are generally 
categorized into single-channel, split-window, and multi-channel approaches. The single-channel 
method estimates LST by formulating a radiative transfer equation using data from one thermal 
infrared channel within the atmospheric window, with known LSE, WVC, and atmospheric mean 
radiative temperature as prior knowledge. The most representative is the single-window algorithm 
proposed by Qin et al. (2001a) for TM6. The input parameters for the algorithm include brightness 
temperatures (BTs), along with known atmospheric transmittance, surface emissivity, and mean 
atmospheric temperature as prior knowledge. Jiménez-Muñoz and Sobrino (2003) proposed a 
generalized single-channel algorithm for calculating LST under known LSE and WVC conditions. 
Cristobal et al. (2009) further improved this method by incorporating near-surface air temperature 
(NSAT) into the generalized single-channel algorithm, enhancing the accuracy of atmospheric 
parameter estimation. While these methods improve the accuracy of LST retrieval in single-channel 
algorithms to some extent, they also require multiple prior parameters, which increases the 
complexity of the algorithm. The split-window algorithm establishes a radiative transfer equation 
to retrieve LST by utilizing the differences between two TIR bands. This method requires careful 
consideration of the effects of emissivity and atmospheric conditions (McMillin and Larry, 1975; 
Price, 1984; Becker and Li, 1990). For instance, Qin et al. (2001b) derived a Split-Window (SW) 
algorithm for retrieving LST from Advanced Very High-Resolution Radiometer (AVHRR) data. 
This algorithm primarily focuses on atmospheric transmittance and LSE, facilitating the broader 
application of the SW algorithm to other thermal infrared datasets. Wan and Dozier (1996) proposed 
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a general split window algorithm (GSW) by constructing a lookup table of the coefficients of the 
local split window algorithm considering the influence of three factors: LSE, water vapor content 
and observation skylight Angle. Wan (2014) added a quadratic term on the basis of GSW algorithm 
to improve the retrieval accuracy of LST on bare land surface types. 

The multi-channel algorithm primarily uses a combination of at least three TIR bands to establish 
a set of radiative transfer equations, simultaneously retrieving LST and LSE. Such as the 
Temperature and Emissivity Separation (TES) algorithm mainly uses radiance brightness 
temperatures (BTs) obtained from different spectral channels to decouple and simultaneously 
estimate these two parameters. The TES algorithm, proposed by Gillespie et al. (1998), has been 
successfully applied to ASTER imagery. Nie et al. (2021) validated the applicability of the TES 
algorithm to different sensor data by retrieving LST and LSE from nighttime mid-infrared and 
thermal infrared Sentinel-3 images. The physics-based day/night algorithm improves the accuracy 
of retrievals by combining daytime and nighttime radiance observations and using a physical model 
to retrieve temperature and emissivity (Wan and Li, 1997, 2008). The stepwise retrieval method 
uses a step-by-step optimization approach to gradually correct inaccuracies in LSE, thereby 
enhancing the accuracy of LST retrievals (Lan et al., 2021; Yin et al., 2020). Furthermore, with the 
advancement of AI technology, Mao et al. (2007) proposed an algorithm that utilizes a combined 
radiative transfer model and neural network algorithm to simultaneously retrieve LST and LSE, 
which further improves the retrieval accuracy compared to other methods. 

There are two representative algorithms for retrieving WVC based on thermal infrared remote 
sensing, the first is the traditional multi-band infrared statistical regression method. The basic 
process involves selecting BTs from multiple infrared bands as independent variables, using an 
atmospheric radiative transfer model to simulate radiance values under different water vapor content, 
and establishing a regression model through statistical regression analysis. Seemann et al. (2003) 
developed an operational method for retrieving atmospheric temperature, water vapor, and ozone 
using MODIS infrared radiance data, demonstrating the practical effectiveness of the multi-band 
infrared data regression method. Tu and Lu (2020) studied the relative importance of water vapor 
and air temperature in the interannual variability of seasonal precipitation by comparing physical 
and statistical methods. The second method is the split-window approach, which is achieved by 
constructing a fitted relationship or empirical equation between water vapor content (WVC) and 
atmospheric transmittance or the ratio of transmittances. Dalu (1986) first proposed the atmospheric 
water vapor split-window algorithm, establishing a linear relationship between WVC and the 
difference in BTs from AVHRR thermal infrared channels. Sobrino et al. (1999) proposed the Split-
Window Covariance-Variance Ratio (SWCVR) algorithm and used AVHRR data to calculate WVC 
over the Iberian Peninsula, achieving an accuracy of 0.5 g/cm². In addition, various neural networks 
have been applied in recent years to model the complex nonlinear relationships of WVC (Huang et 
al., 2021; Toporov et al., 2020; Zhang and Yao, 2021). These advancements have significantly 
enhanced the accuracy and efficiency of WVC retrieval, demonstrating their robust potential and 
adaptability. 

In summary, despite significant advancements in the retrieval of individual parameters, these 
methods are limited by their failure to fully exploit the potential information among multiple 
parameters, thereby affecting the overall accuracy of the retrievals. In recent years, the rapid 
development of deep learning technology with the ability to fit complex functions and self-learning 
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has shown great potential in accurately approximating complex nonlinear relationships in remote 
sensing retrieval, which can deeply mine and utilize the interrelations between parameters (Li et al., 
2022；Mao et al., 2011; Mao et al., 2023a). Therefore, to further improve the retrieval accuracy of 
thermal infrared LST, LSE, and WVC, we propose a multi-parameter joint retrieval method 
framework based on AI. Firstly, the physical retrieval method is constructed by deducing the 
physical radiation transfer equation. Then a generalized statistical method is constructed based on 
the physical method. Then, the deep learning training and testing database is constructed by the 
representative solutions of physical methods and statistical methods to complete the deep learning 
coupling. LST and LSE are retrieved by AI, and then they are used as the prior knowledge of WVC 
retrieval. Finally, cross-iteration is performed until the highest accuracy is achieved. 

2.Methodology 

To fully utilize the potential information among LST, LSE, and WVC, and to overcome the ill-
posed problems present in traditional methods, we employ AI techniques to explore the hidden 
patterns and interrelationships among the parameters coupled in the thermal radiative transfer 
equation, thereby improving the overall accuracy of parameter retrieval. This study utilizes deep 
learning to couple physical and statistical methods for the joint retrieval of LST, LSE, and WVC 
from thermal infrared remote sensing data. The framework of the retrieval method is illustrated in 
Fig. 1. In terms of physical methods, we perform physical logical reasoning on the retrieval 
mechanism of the main parameters based on the radiative transfer equation, analyzing the 
relationships between BT and LST, LSE, and WVC. This involves determining the causal 
relationships between input and output parameters in the deep learning process, ensuring that the 
equations between input and output parameters can be theoretically solved (Mao et al., 2023b). The 
forward model MODTRAN is then used to simulate the representative solution of the physical 
method. Based on this, we further establish generalized statistical methods to use multi-source data 
to obtain reliable representative solutions of statistical methods as a supplement to the solutions of 
physical methods, this is because the simulated data only represent clean pixels, while most images 
contain mixed pixels. The solution set of physical and statistical methods constitutes the training 
and testing database of deep learning, which enables deep learning to couple physical and statistical 
methods.  

During the retrieval process, it is essential to systematically evaluate the impact of different band 
combinations on the accuracy of LST, LSE, and WVC retrieval to identify the most effective 
combination. This process utilizes large-scale remote sensing datasets and leverages artificial 
intelligence techniques, including deep learning neural networks (DL-NN). Deep learning models 
are capable of extracting key features of LST and LSE from complex data. The retrieved LST and 
LSE are subsequently used as prior knowledge for WVC retrieval. A cross-iteration strategy is 
employed to optimize the computation of WVC, reducing uncertainties in the retrieval process and 
improving accuracy. Through cross-iteration, our model can progressively refine the retrieved WVC 
values, bringing them closer to the actual conditions. Finally, to validate the effectiveness of this 
method, we compared the retrieved parameters with various data products, including in-situ ground 
measurements and high-precision MODIS LST products. Artificial intelligence technology, 
particularly the use of deep learning to couple traditional physical understanding with modern 
statistical analysis, continually optimizes computations to approach the optimal solution, thus 
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providing more accurate and stable outputs for the joint retrieval of thermal infrared remote sensing 
parameters. 

 

Fig. 1. Deep learning retrieval algorithm framework coupled with physical-statistical methods  

3. Methods and Materials 

3.1 Physical logic reasoning 

The joint retrieval algorithm for LST, LSE, and WVC is based on a radiative transfer (RT) process. 
As illustrated in Fig.2, the RT process simulates the path of thermal radiation emitted from the 
surface as it travels through the atmosphere and is ultimately detected by satellite sensors. This 
process accounts for how both surface characteristics and atmospheric conditions influence the 
radiation signal transmitted from the surface to the satellite. Thermal radiation emitted from the 
surface is influenced by various factors as it passes through the atmosphere to reach satellite sensors. 
These factors primarily include surface type (e.g. soil, vegetation, water, and rocks), soil moisture, 
LST, WVC, and near-surface air temperature (NSAT) (Wan and Li, 1997). Consequently, the 
radiance detected by satellites at the top of the atmosphere is typically a combined result of LSE, 
LST, and atmospheric radiation. The radiative process comprises three main components: the 
surface-emitted radiation that reaches the sensor after atmospheric absorption, the upward 
atmospheric radiation, and the downward atmospheric radiation reflected by the surface. In cloud-
free, clear-sky conditions with local thermal equilibrium, the radiance observed by the sensor at a 
given angle can be expressed by Eq. (1). 
 ( ) ( ) ( ) (1 ) ( ) ( ) ( )i i i i s i i i i iB T B T R Rε τ θ ε τ θ θ θ↓ ↑= + − +  (1) 
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Where sT  is the LST, and iT is the BT (K) in channel i , ( )iτ θ is the atmospheric transmittance in 
channel i  at an observation angle θ  (zenith angle from nadir), iε  is the LSE, ( )i iB T  is the thermal 
radiance received by the sensor in band i  ( 2 1 1W m sr mµ− − −⋅ ), ( )iR θ↓ and ( )iR θ↑  are the downward 
and upward atmospheric thermal radiance in band i  , respectively. The radiance emitted by the 
surface and the atmospheric downward radiance reflected by the surface are attenuated by 
atmospheric absorption as they travel to the sensor. 

 
Fig. 2. Atmospheric radiative transfer process  

For a blackbody, the energy absorbed is equal to the energy emitted, and the emissivity is 1. Its 
radiance is directly related to temperature and wavelength, which can be expressed using the Planck 
function, as shown in Eq. (2). 
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the speed of light, with a value of ( )8 13 10 m s−× ⋅  , h   is the Planck constant, with a value of 

( )346.63 10 J s−× ⋅  , and k   is the Boltzmann constant, with a value of ( )23 11.38 10 J K− −× ⋅  . 
Assuming the sensor measures the thermal radiance of a specific band i  , the radiance can be 
converted to brightness temperature using Planck's law, as shown in Eq. (3). 
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According to Franc and Cracknell (1994), upward and downward atmospheric radiation can be 
expressed as Eq. (4) and Eq. (5). 
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Where zT   is the atmospheric temperature at the height z  , Z   is the sensor height, θ   is the 
upward direction of atmospheric radiation, ( ), ,i z Zτ θ′  represents the upward atmospheric 
transmittance from the height z to the sensor, θ ′ represents the downward direction of atmospheric 
radiation, h   represents the atmospheric height, ( ), ,0i zτ θ′ ′  represents the descending atmospheric 
transmittance from height z to the surface. Qin et al. (2001b) used the mean value theorem to deal 
with the ascending and descending atmospheric radiation, so we got Eq. (6) and Eq. (7). 
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 ( ) (1 ( )) ( )i i i aR B Tθ τ θ↑ = −  (6) 

 ( ) (1 ( )) ( )i i i aR B Tθ τ θ↓ ↓= −  (7) 

In the equation, aT  represents the effective mean atmospheric temperature, and aT ↓   denotes the 
downward effective mean atmospheric temperature. ( )i aB T and ( )i aB T ↓  denote the effective mean 
atmospheric radiation in band i corresponding to aT and aT ↓ . Qin et al. (2001b) concluded through 
sensitivity analysis that replacing aT ↓   with aT   in the equation does not result in any significant 
impact on the calculation results. Therefore, the equation can be described as Eq. (8).  
 ( )( ) ( )( ) ( ) ( ) 1 (1 ) ( ) (1 ( )) ( )i i i i i s i i i i a i i aB T B T B T B Tε τ θ τ θ ε τ θ τ θ= + − − + −  (8) 

From this, it can be seen that each band’s radiative transfer equation contains four unknowns, if 
there are N bands, there will be 2N+2 unknowns (the transmittance and emissivity for each of the 
N bands, along with the LST and the mean atmospheric temperature), which is a typical pathological 
problem. So, we have to reduce the variables in the radiative transfer equation according to the 
correlation between the geophysical variables. 

LSE is an intrinsic physical property of ground objects, reflecting their ability to absorb and emit 
radiative energy. It is influenced by factors such as surface type, roughness, and water content, and 
its value varies depending on the wavelength and observation angle. If each type of ground is known, 
the LSE for each band can be determined. Thus, all unknown LSEs in different bands can be unified 
into a single unknown parameter (surface type) like Eq. (9). 
 ( _ )i F surface typeε =  (9) 

In addition, the atmospheric transmittance is mainly affected by the WVC and other gases ( g ), 
whose transmittance can be expressed as Eq. (10). 
 ( , )i F WVC gτ =  (10) 

The mean atmospheric temperature is closely related to the WVC and NSAT. However, current 
methods find it challenging to calculate accurately, as it is typically derived from the weighted 
average of water vapor content and temperature across different atmospheric layers. There is a 
strong linear relationship between the effective mean atmospheric temperature and near-surface air 
temperature, which can be expressed by Eq. (11). 
 a nT A BT= +  (11) 

Where nT  represents NSAT, A is a constant, and B  is a coefficient. Some researchers have found 
that within a certain geographical range, there is a strong linear relationship between the effective 
mean atmospheric temperature aT  and the satellite-derived brightness temperature iT . the effective 
mean atmospheric temperature. The expression can be depicted as Eq. (12) (Mao et al., 2007; Wang 
et al., 2021). 
 ' '

a iT A B T≈ +  (12) 

In the equation, A′ is a constant, B′ is a coefficient. These coefficients vary depending on the 
region and season. 

From the above derivation and analysis, it can be concluded that the radiative transfer equation 
can be simplified to four unknowns (WVC, LST, surface type, and effective mean atmospheric 
temperature). To obtain a unique solution to the equation without prior knowledge, at least four 
thermal infrared window bands are required to construct a system of equations (number of equations 
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≥ number of unknowns). Suppose deep learning is used to optimize the calculation method. In that 
case, the equation can be simplified to three unknowns (WVC, LST, and surface type) based on the 
linear relationship between effective mean atmospheric temperature and BTs. This means that at 
least three bands can construct the system of equations, though the accuracy might be affected.  

Overall, there is a strong constraint relationship between LST, LSE, WVC, NSAT, and BT. 
However, this constraint relationship cannot be strictly defined, which introduces uncertainties in 
the calculation process for traditional methods. By utilizing AI techniques for joint retrieval and 
cross-iteration, the retrieval accuracy can be improved. 

3.2 Generalized statistical methods 

Physical methods can obtain representative solutions through high-precision model simulation, 
but due to the limitations of forward modeling models in reality, physical models cannot simulate 
all cases, so we construct generalized statistical methods to make up for this defect. The 
representative solution of this generalized statistical method is mainly obtained through multi-
source data collection, which is inconsistent with the traditional statistical method. During data 
collection, the statistical and physical methods should align in terms of the position and number of 
bands used, while also satisfying the fundamental requirements of the physical method. To improve 
the method's applicability, prior knowledge such as LST and LSE must be incorporated for WVC 
retrieval, enhancing both the stability and accuracy of the process. According to the derivation of 
the above physical method, the statistical method needs at least four TIR bands to achieve high 
accuracy, and the statistical method can be depicted as Eq. (13). 
 ( )1

/ / n
ii

LST LSE WVC f T b
=

= +∑ ∏  (13) 

Where 𝑇𝑇𝑖𝑖 is the TIR band, 𝑓𝑓(𝑇𝑇𝑖𝑖) is the correlation generalization function, and 𝑏𝑏 b is the constant. 
To improve the accuracy and versatility of the retrieval, high-precision statistical sample data from 
multiple channels were collected. The collection of these data provides the basis for deep learning 
methods to couple generalized statistical methods. In this way, deep learning is used to achieve the 
retrieval goal in a data-driven way.  

3.3 Deep learning coupled physics and statistical methods 

Thermal infrared remote sensing parameters are retrieved by constructing a system of radiative 
transfer equations, which theoretically allows for a solution. However, the inclusion of the Planck 
equation complicates practical solutions. Leveraging the universal approximation capability of fully 
connected neural networks (FNNs) (Mao et al., 2008), we generated a dataset from physical and 
statistical methods, which was then randomly divided into training and testing sets at a ratio of 7:3. 
By integrating deep learning with physical and statistical methods, we effectively approximated the 
solution curves of the equations, thereby simplifying the inversion process and improving accuracy. 

FCNNs are a widely used feedforward neural network training algorithm. By combining multiple 
layers and nonlinear activation functions, FCNNs can leverage their nonlinear fitting capabilities to 
learn complex relationships between inputs and outputs (Hornik et al., 1989). Through training on 
large-scale data, FCNNs can identify important patterns and features in the data, automatically 
learning feature representations, thereby better understanding the mapping between inputs and 
outputs. Additionally, FCNNs employ end-to-end learning, optimizing the entire process from input 
to output. This end-to-end learning approach simplifies the modeling process, making neural 
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networks more flexible and adaptable to various retrieval challenges, while significantly enhancing 
the accuracy and speed of atmospheric remote sensing retrievals. As illustrated in Fig. 3, a typical 
FCNN comprises an input layer, an output layer, and multiple hidden layers (Jha et al., 2019). The 
number of neurons in each layer is determined by the initial parameter configuration. Activation 
functions are essential in neural networks, as they introduce nonlinearity, improve model robustness, 
and help mitigate the vanishing gradient problem. The weights and biases of each neuron are 
expressed in Eq. (14). 
 s wx σ= +  (14) 

 
Fig. 3. Deep learning neural network model 

There are various choices for nonlinear activation functions, each with specific advantages and 
suitable scenarios. Common and suitable activation functions can improve the performance and 
expressiveness of the model, such as the Sigmoid function Eq. (15). 

 ( ) ( )
1 1

1 1s wxf x
e e σ− − +

= =
+ +

 (15) 

The resulting activation functions as the input for subsequent neurons or as the network's output. 
A neuron's input can either be the original input x   of the entire network or the output from a 
preceding neuron. The performance of a neural network largely depends on its architecture and 
training data, requiring repeated experiments to optimize the number of hidden layers and nodes to 
improve retrieval accuracy. 

 
Fig. 4. Sigmoid function and its derivatives 

3.4 Materials 

3.4.1 Remote sensing data 
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MODIS (Moderate Resolution Imaging Spectroradiometer) is a hyperspectral radiometer 
onboard the Terra and Aqua satellites (Salomonson et al., 1989). It features 36 spectral bands 
covering the visible, near-infrared, shortwave infrared, and mid-infrared regions of the 
electromagnetic spectrum. The thermal infrared bands of MODIS exhibit high calibration accuracy 
and can be used to retrieve various meteorological and environmental parameters, including surface 
reflectance, temperature, atmospheric temperature, water vapor content, clouds, and aerosols. 

The study selected MODIS TIR bands 27/28/29/31/32 for simulation and analysis due to their 
spectral characteristics aligning with the inversion objectives. Band 27 (6.72 μm) is located within 
the strong water vapor absorption region, while bands 28 (7.33 μm) and 29 (8.55 μm) are near the 
edge of the water vapor absorption zone, making them suitable for retrieving LST and WVC. Bands 
31 (11.03 μm) and 32 (12.02 μm) lie within the atmospheric window, offering high accuracy and 
reliability for LST retrieval. LST, LSE, and WVC products from the MODIS sensor are well-
established and extensively validated (Frantz et al., 2019; Wang et al., 2020), making them a reliable 
source for simultaneous high-precision LST and LSE data. The spectral response functions of the 
MODIS bands are shown in Fig. 5. 

 
Fig. 5. MODIS band 27/28/29/31/32 spectral response function. 

This study utilized various MODIS products, including MYD11_L2 and MYD05, to support the 
retrieval and analysis of LST, LSE, and WVC. These products have been rigorously validated (Wan, 
2014; Gao et al., 2003) and offer high accuracy and global coverage, providing reliable data support 
for training deep learning models. In this study, we employed quality control (QC) data to filter 
high-quality pixels, minimizing the impact of cloud contamination. Data from August 2020 was 
collected as training data (363,800 sets) and test data (109,140 sets) for the neural network model. 
To further validate the model's generalization capability and reliability, independent MODIS data 
from August 2021 were used for validation analysis. 

3.4.2 Simulated data 

MODTRAN was utilized to generate high-precision simulated data, addressing the limitations in 
quantity and quality of actual measurements. Through MODTRAN simulations, we were able to 
precisely control input parameters, avoiding uncertainties inherent in real-world measurements, 
while ensuring consistency in key physical parameters such as spectral emissivity and water vapor 
content across different bands. This provided a reliable training foundation for the model. 
Specifically, the study focused on MODIS thermal infrared bands 27, 28, 29, 31, and 32, simulating 
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diverse surface characteristics by configuring various land cover types, atmospheric conditions, and 
observation geometries to comprehensively capture the diversity of real-world remote sensing 
scenarios. Additionally, different weather patterns were incorporated to further simulate complex 
atmospheric environments. Ultimately, the training data (126,800 sets) and test data (59,400 sets) in 
this simulation dataset not only cover a wide range of surface and atmospheric conditions, but also 
ensure intrinsic consistency between physical parameters, providing high-quality and diverse 
training samples for deep learning models. This significantly enhances the model's generalization 
capability and retrieval accuracy in practical applications. The specific parameter settings for 
MODTRAN are shown in Table 1. 

Table 1. MODTRAN set specific parameters 

Parameters Intervals Range 
LSE - 0.96~1.00 
LST 3K 281~323 

WVC 0.4g/cm2 0.2~3.4 
Observation Angle 3° 0~65° 

3.4.3 Ground observation data 

The Surface Radiation Budget Network (SURFRAD), established in 1993, aims to support 
climate research through accurate, continuous, and long-term measurements of the surface radiation 
budget across the United States (Ndossi and Avdan, 2016). As SURFRAD stations provide unique 
in-situ LST data in rural areas, many researchers have utilized these observations to validate 
satellite-based LST retrievals. The data is accessible via NOAA's official website 
(https://www.esrl.noaa.gov/gmd/grad/surfrad/). This study selects observational data from stations 
representing different land cover types.  

The ground-based observational data used for WVC retrieval in this study are the rigorously 
quality-controlled Level 2.0 data provided by Aerosol Robotic Network (AERONET) stations, 
obtained from the official website (https://aeronet.gsfc.nasa.gov/). AERONET stations are globally 
distributed and conduct continuous measurements using standardized sun photometers. However, 
since sun photometers operate only during daylight, this study focuses on validating WVC under 
daytime conditions using observations from these stations. 

Additionally, the acquired ground-based observational data undergo interpolation and rigorous 
quality control, including the removal of outliers and missing values, to ensure effective 
spatiotemporal consistency with satellite remote sensing products. 

3.4.4 ERA5  

ERA5-Land is generated by assimilating observational data into the Integrated Forecasting 
System of the European Centre for Medium-Range Weather Forecasts (ECMWF). It integrates 
satellite observations, ground-based measurements, and numerical models to produce high-quality 
reanalysis data, which has been validated across numerous research domains (Bai et al., 2021; Zhang 
et al., 2019). The data is publicly accessible through the Copernicus Climate Data Store (CDS) 
platform of ECMWF. This study utilizes the LST and WVC data from the hourly ERA5-Land 
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dataset as reference for calibration. Only when the accuracy of different product data is consistent 
is the data used for training and testing in deep learning models. 

3.5 Evaluation index 

To evaluate the accuracy of the constructed joint retrieval algorithm, a linear regression analysis 
is conducted between the true values and the retrieved parameter values. We selected four statistical 
values that reflect the true error situation of the retrieval results: Mean Absolute Error (MAE), Root 
Mean Square Error (RMSE), Bias, and the coefficient of determination (R²). 

MAE is a widely used statistical indicator for evaluating model efficiency. RMSE measures the 
deviation between the retrieved results and the true values. The coefficient of determination (R²) 
assesses the goodness of fit of the regression model. The calculation formulas are shown below, 
where 𝑥𝑥 represents the retrieved values, and 𝑦𝑦 represents the true values.  
 𝑀𝑀𝑀𝑀𝑀𝑀 = 1

𝑛𝑛
𝛴𝛴i=1𝑛𝑛 |𝑥𝑥𝑖𝑖 − 𝑦𝑦𝑖𝑖| （16） 

 𝑅𝑅𝑀𝑀𝑅𝑅𝑀𝑀 = 1
𝑛𝑛�𝛴𝛴i=1

𝑛𝑛 (𝑥𝑥𝑖𝑖 − y𝑖𝑖)2 （17） 

  𝑅𝑅2 = （
∑ (𝑥𝑥𝑖𝑖−𝑥𝑥)(𝑦𝑦𝑖𝑖−𝑦𝑦)𝑛𝑛
𝑖𝑖=1

�∑ (𝑥𝑥𝑖𝑖−𝑥𝑥)2𝑛𝑛
𝑖𝑖=1 �∑ (𝑦𝑦𝑖𝑖−𝑦𝑦)2𝑛𝑛

𝑖𝑖=1

）
2

  （18） 

4. Results and Validation 

4.1 Verification and analysis of theoretical accuracy 

4.1.1 LST and LSE 

Simulated data was used to assess and discuss the retrieval accuracy of LST, LSE, and WVC 
across various band combinations, and the theoretical accuracy was validated. For LST retrieval, 
three different band combinations were tested, with the results summarized in Table 2-Table 4. 
Table 2 presents the error statistics for LST retrieval using bands 29, 31, and 32. The highest 
retrieval accuracy was achieved with a network configuration of 7 hidden layers and 600 nodes per 
layer, resulting in an MAE of 1.15K and an RMSE of 1.55K. As shown in Table 3, using bands 28, 
29, 31, and 32 for LST retrieval achieved the highest accuracy with 8 hidden layers and 700 nodes 
per layer, resulting in an MAE of 0.51K and an RMSE of 0.69K. Incorporating band 28 significantly 
improved retrieval accuracy, reducing RMSE by 0.86K. Since band 28 is within the water vapor 
absorption range and is highly sensitive to WVC, it better corrects the influence of WVC on TIR 
bands, thereby enhancing LST retrieval accuracy. Table 4 summarizes the retrieval errors for the 
27-28-29-31-32 band combination. It can be seen from the table that the highest retrieval accuracy 
is achieved when the number of hidden layers is 6 and each layer has 800 hidden nodes (MAE=0.53 
K, RMSE=0.75 K). The experimental results demonstrate that the inclusion of water vapor 
absorption bands can indeed effectively enhance the retrieval accuracy of atmospheric water vapor 
content parameters. However, MODIS band 27, as a deep water vapor absorption channel, exhibits 
low surface transmittance and thus contributes limitedly to directly improving land surface 
temperature (LST) retrieval accuracy. Therefore, it can be concluded that water vapor channels with 
moderate absorption intensity are more conducive to enhancing LST retrieval accuracy than strong 
absorption channels. 
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Table 2. Band 29,31,32 combined retrieval LST error. 
Layer 

 
 
 

Node 

500 600 700 800 900 

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE 

6 1.17 1.61 1.18 1.58 1.17 1.57 1.16 1.57 1.17 1.58 

7 1.18 1.70 1.15 1.55 1.18 1.59 1.15 1.57 1.17 1.59 

8 1.18 1.62 1.19 1.60 1.18 1.59 1.20 1.65 1.23 1.69 

9 1.19 1.59 1.18 1.60 1.20 1.63 1.20 1.64 1.21 1.72 

10 1.20 1.61 1.17 1.71 1.21 1.64 1.21 1.64 1.22 1.63 

Table 3. Band 28,29,31,32 combined retrieval LST error. 
Layer 

 
 
 

Node 

500 600 700 800 900 

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE 

6 0.55 0.76 0.55 0.74 0.55 0.81 0.53 0.74 0.54 0.75 

7 0.54 0.72 0.52 0.73 0.56 0.76 0.53 0.75 0.55 0.78 

8 0.52 0.71 0.54 0.79 0.51 0.69 0.54 1.26 0.52 0.72 

9 0.56 0.75 0.57 0.93 0.53 1.37 0.54 0.78 0.52 0.71 

10 0.57 0.77 0.53 0.73 0.54 0.79 0.54 1.42 0.55 0.78 

Table 4. Band 27,28,29,31,32 combined retrieval LST error. 
Layer 

 
 
 

Node 

500 600 700 800 900 

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE 

6 0.75 1.68 0.55 1.15 0.69 1.68 0.53 0.75 0.90 3.69 

7 0.69 1.42 0.92 3.21 0.68 1.83 0.57 1.13 0.55 0.97 

8 0.63 1.43 0.76 2.07 0.71 2.51 0.71 1.68 0.70 2.34 

9 0.58 1.23 0.61 1.29 0.83 2.99 0.74 2.70 0.66 1.51 

10 0.82 2.08 0.57 1.20 0.55 1.04 0.84 2.83 0.64 1.51 

Additionally, we conducted a statistical comparison analysis of the top three datasets in terms of 
accuracy from Table 2-Table 4 (as shown in Fig. 6). Fig. 6(a)(b)(c) clearly demonstrates that 
including water vapor absorption bands significantly improves the accuracy of LST retrieval. 
Moreover, using a combination of four TIR bands results in a notable reduction in outliers and more 
stable retrieval results. In summary, to achieve a LST retrieval accuracy within 1 K, at least four 
TIR bands are required. This analysis validates the feasibility of our previous physical logic analysis. 
Additionally, while theoretical analysis suggests that multi-band combinations can improve retrieval 
accuracy, in practical applications, careful consideration of band selection and combination is 
necessary to avoid introducing excessive uncertainty and redundant information, ultimately 
enhancing the effectiveness of LST retrieval. 
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At the same time, we calculated the emission rates, focusing primarily on the emission rate errors for 
bands 31 and 32 in the 28,29,31,32 band combination. Data from Table 5-Table 6indicate that when 
using the four TIR bands, the retrieval errors for LSE31 and LSE32 are similar, with MAE below 0.01. 
This demonstrates that this band combination has high accuracy and stability in LSE retrieval. Fig. 6(d) 
shows the distribution histogram of LSE31 and LSE32 retrieval differences, most of which are 
concentrated near 0. Considering the impact on the accuracy of WVC retrieval, we chose the emissivity 
from bands 31 and 32 as inputs. We use the retrieved LST and LSE as prior knowledge for WVC retrieval, 
addressing the issue of insufficient WVC information in satellite data. 

Table 5. Band 28-29-31-32 combined retrieval LSE31 error. 
Layer 

 
 
 

Node 

500 600 700 800 900 

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE 

6 0.005 0.007 0.009 0.023 0.006 0.01 0.01 0.033 0.032 0.222 

7 0.006 0.007 0.007 0.036 0.008 0.03 0.007 0.019 0.01 0.049 

8 0.008 0.023 0.012 0.074 0.007 0.018 0.007 0.013 0.007 0.027 

9 0.008 0.018 0.008 0.017 0.008 0.020 0.008 0.018 0.008 0.02 

10 0.008 0.025 0.007 0.013 0.006 0.015 0.007 0.033 0.007 0.02 

Table 6. Band 28-29-31-32 combined retrieval LSE32 error. 
Layer 

 
 
 

Node 

500 600 700 800 900 

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE 

6 0.005 0.008 0.005 0.008 0.01 0.052 0.006 0.015 0.005 0.01 

7 0.005 0.006 0.01 0.1 0.004 0.005 0.006 0.019 0.006 0.03 

8 0.005 0.008 0.006 0.016 0.005 0.008 0.005 0.01 0.005 0.007 

9 0.007 0.035 0.005 0.006 0.006 0.019 0.005 0.012 0.005 0.009 

10 0.005 0.006 0.005 0.01 0.007 0.026 0.006 0.027 0.008 0.03 

 

  

(a) (b)
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Fig. 6. (a)(b)(c) The scatterplot of LST results is retrieved from different band combination 
simulation data. (d) Histogram of LSE retrieval difference. 

4.1.2 WVC 

For the retrieval of WVC, we used the retrieved LST and LSE as prior knowledge and employed 
a cross-iteration method to solve WVC. The results of DL retrieval with band combinations without 
prior knowledge are shown in Table 7-Table 8, while the errors for band combinations with prior 
knowledge are summarized in Table 9-Table 10. Comparing Table 7 and Table 9, it can be seen 
that for the 27, 28, 31, and 32 band combination, the highest retrieval accuracy is achieved with 6 
hidden layers and 500 nodes per layer, with MAE = 0.06 g/cm² and RMSE = 0.09 g/cm². After 
incorporating prior knowledge into the retrieval for these four TIR bands, the highest accuracy is 
achieved with 7 hidden layers and 900 nodes per layer, with MAE = 0.05 g/cm² and RMSE = 0.08 
g/cm², as shown in Table 9. The incorporation of prior knowledge resulted in only marginal 
reductions of 0.01 g/cm² in both MAE and RMSE. Comparing Table 8 and Table 10, it can be seen 
that the retrieval accuracy for WVC did not improve. Based on preliminary analysis, we found that 
the retrieval results for the four TIR band combination, whether or not incorporating prior 
knowledge, are similar to those for the five TIR band combination, with only marginal improvement 
in accuracy after adding prior knowledge. This is because the common bands in the combination, 
27 and 28, are water vapor absorption bands, which are less influenced by the ground. On the other 
hand, LST and LSE, used as prior knowledge, have inherent errors themselves, which may not 
significantly improve the accuracy when incorporated into WVC retrieval.  

Table 7. Band 27,28,31,32 combined retrieval WVC error. 
Layer 

 
 
 

Node 

500 600 700 800 900 

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE 

6 0.06 0.09 0.09 0.35 0.07 0.23 0.07 0.26 0.08 0.23 

7 0.10 0.37 0.06 0.22 0.07 0.23 0.08 0.28 0.07 0.24 

8 0.09 0.32 0.07 0.27 0.09 0.37 0.06 0.23 0.09 0.25 

9 0.07 0.32 0.08 0.33 0.07 0.31 0.08 0.33 0.06 0.24 

10 0.09 0.30 0.10 0.43 0.09 0.24 0.06 0.20 0.06 0.23 

 

(d)
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Table 8. Band 27,28,29,31,32 combined retrieval WVC error. 
Layer 

 
 
 

Node 

500 600 700 800 900 

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE 

6 0.13 0.31 0.12 0.36 0.10 0.24 0.11 0.33 0.09 0.23 

7 0.14 0.40 0.10 0.26 0.09 0.30 0.11 0.21 0.10 0.28 

8 0.07 0.09 0.17 0.45 0.15 0.38 0.09 0.26 0.09 0.22 

9 0.15 0.39 0.13 0.33 0.11 0.26 0.07 0.13 0.07 0.13 

10 0.14 0.30 0.09 0.29 0.10 0.21 0.10 0.30 0.09 0.29 

Table 9. Band 27,28,31,32+LST+LSE combined retrieval WVC error. 
Layer 

 
 
 

Node 

500 600 700 800 900 

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE 

6 0.13 0.29 0.10 0.24 0.08 0.24 0.07 0.18 0.06 0.17 

7 0.08 0.21 0.06 0.16 0.08 0.17 0.07 0.13 0.05 0.08 

8 0.12 0.19 0.10 0.17 0.07 0.18 0.06 0.08 0.08 0.22 

9 0.06 0.13 0.11 0.18 0.09 0.28 0.09 0.21 0.14 0.32 

10 0.12 0.20 0.07 0.14 0.09 0.25 0.07 0.15 0.08 0.22 

Table 10. Band 27,28,29,31,32+LST+LSE combined retrieval WVC error. 
Layer 

 
 
 

Node 

500 600 700 800 900 

MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE 

6 0.13 0.26 0.12 0.24 0.11 0.26 0.09 0.14 0.10 0.21 

7 0.11 0.17 0.11 0.16 0.15 0.29 0.13 0.29 0.08 0.12 

8 0.12 0.28 0.10 0.17 0.08 0.10 0.07 0.12 0.08 0.16 

9 0.13 0.25 0.08 0.13 0.08 0.12 0.08 0.12 0.07 0.19 

10 0.15 0.25 0.10 0.18 0.13 0.27 0.08 0.12 0.08 0.15 

Additionally, we conducted a statistical analysis of the four most accurate error sets from Table 
7-Table 10. Shown from Fig. 7 it is clear that the data points of the retrieval results fit well with the 
simulated data, with a linear regression slope close to 1. However, in the regions of lower and higher 
WVC, the retrieval errors increase significantly. This is primarily due to the smaller sample size at 
the beginning and end of the dataset., and the neural network model cannot fully learn the 
characteristics of these data, resulting in increased retrieval errors. Overall, the retrieval accuracy 
with prior knowledge is higher than that without prior knowledge. Therefore, when the TIR band 
combination for WVC retrieval includes enough bands that are sensitive to water vapor, it is not 
necessary to include LST and LSE as prior knowledge. Only when the band combination is 
insufficient, meaning the number of bands is less than or equal to three, should high-quality prior 
knowledge be added to improve the overall retrieval accuracy. 
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Fig. 7. The scatterplot of WVC results is retrieved from different band combination simulation data. 

4.2 Application Analysis and Validation 

The study area encompasses the southern region of North America (Fig. 8), spanning longitudes 
from 65°W to 125°W and latitudes from 10°N to 49°N. The entire region is situated in the northern 
part of the Western Hemisphere, bordered by the Atlantic Ocean to the east, the Pacific Ocean to the 
west, and the Gulf of Mexico and the Caribbean Sea to the south. It includes Mexico, the 
southwestern United States, and the Caribbean islands. The topography is highly diverse, 
characterized by varied landforms and a general west-high, east-low elevation trend. The climate 
ranges from arid deserts to humid mountainous zones. Vast plains, dominated by grasslands and 
croplands, support the region’s agricultural economy. This geomorphological diversity provides a 
unique platform for remote sensing and environmental studies, making the area an ideal location for 
investigating land surface processes, ecosystem responses, and the impacts of climate change.  

 

Fig. 8. Study area of southern North America. 
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4.2.1 Cross verification 

（1）LST and LSE 

Based on the above logical reasoning and theoretical accuracy verification analysis, it is evident 
that in LST retrieval, using four thermal infrared bands to form the radiative transfer equation system 
achieves the highest retrieval accuracy, with RMSE values all below 1 K. Therefore, we employed 
the multi-parameter joint retrieval method based on AI proposed in this paper to retrieve the LST in 
the southern region of North America from MODIS product image data. Two MODIS images were 
selected for the study to validate the application of the aforementioned method, with dates 
corresponding to daytime on August 2, 2021, and nighttime on August 3, 2021. The BTs of 
EOS/MODIS products with the best TIR bands is selected as the input parameter, and the output is 
the LST and LSE respectively. 

As shown in Fig. 9, the spatial distribution of LST retrieved by the proposed method generally 
aligns with that of the MODIS land surface temperature product, with white areas indicating 
invalid/missing values. Across the study region, LST exhibits a gradual increase from the northeast 
to the southwest, a pattern consistent with the spatial distribution of regional climate zones. 
According to 10, for daytime LST retrievals, the MAE and RMSE were 0.69 K and 1.49 K 
respectively, with a Bias of 0.002. Nighttime LST retrievals showed lower errors, with MAE and 
RMSE values of 0.43 K and 0.72 K respectively, and a Bias of -0.132. The results demonstrate that 
nighttime LST retrieval achieves higher accuracy than daytime retrieval when using artificial 
intelligence techniques, primarily due to reduced interference factors such as solar irradiation during 
nighttime. Furthermore, the differences between MODIS official LST products and our proposed 
method's retrievals predominantly fall within the range of -1 K to 1 K for both daytime and nighttime 
observations. Fig. 11 and Fig. 12 present comparative results between the LSE spatial distribution 
patterns retrieved in this study (Bands 31 and 32) and the official MODIS LSE products, 
demonstrating generally consistent spatial distribution characteristics. As shown in the error 
distribution maps (Fig. 13 and Fig. 14), the daytime LSE retrieval accuracy for Bands 31 and 32 
yielded MAEs of 0.004 and 0.003, respectively, with both RMSEs at 0.006. Nighttime retrievals for 
both bands showed identical MAEs of 0.004 and RMSEs of 0.005. Comparing Fig. 13 and Fig. 14, 
it can be seen that the retrieval results of LSE during both day and night maintain high precision 
and consistency. The difference between MODIS LSE products and retrieved LSE is mostly within 
-0.01 to 0.01, indicating the robustness of the joint retrieval method for both daytime and nighttime 
retrievals. It is noteworthy that, when comparing Fig. 10, Fig. 13, Fig. 14, we found that in the 
southwestern region of the study area, the LST and LSE retrieval results show significant errors. 
This is due to the fact that the selected data primarily focuses on the summer months, which results 
in insufficient range and diversity of training data, affecting the performance of the retrieval model 
under different climatic conditions. 

Nevertheless, the proposed retrieval algorithm demonstrates high consistency and reliability in 
LST and LSE retrievals. This AI-based joint retrieval approach enhances the accuracy of the 
retrieval results, showing clear advantages. For example, the next step could involve increasing the 
diversity of training data, including data from different seasons, climatic conditions, and surface 
types, as well as integrating multi-source remote sensing and ground observation data. This would 
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enhance the model’s generalization capability across various environments, improving its 
robustness and accuracy in practical applications. 

 

 
Fig. 9. (a)(c) MODIS LST product images (day and night). (b)(d) LST retrieved from MODIS 

bands 28,29, 31, 32 (day and night). 

 
Fig. 10. LST retrieval error analysis combination chart (day and night). 
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Fig. 11. (a)(c) MODIS LSE31 product images (day and night). (b)(d) LSE31 retrieved from 

MODIS bands (day and night). 

 

 
Fig. 12. (a)(c) MODIS LSE32 product images (day and night). (b)(d) LSE32 retrieved from 

MODIS bands (day and night). 
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Fig. 13. LSE31 retrieval error analysis combination chart (day and night) 

 
Fig. 14. LSE32 retrieval error analysis combination chart (day and night)  

（2） WVC 

Based on the theoretical accuracy analysis and validation of WVC, this study uses MODIS WVC 
product images from August 2, 2021 (day) and August 3, 2021 (night) to evaluate the proposed 
method. MODIS offers two types of WVC algorithms: a visible and near-infrared algorithm for 
daytime and a thermal infrared algorithm suitable for both day and night. This study utilizes the 
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thermal infrared WVC product images for both periods. The validation was conducted using the 
optimal band combination, with BT values, along with the retrieved LST and LSE as input 
parameters, and WVC as the output. 

Fig. 15(a)(c) show the spatial distribution of MODIS products using thermal infrared algorithms, 
while Fig. 15(b)(d) display the WVC (day and night) retrieved using the proposed method in this 
paper, with white areas indicating invalid values. The spatial distribution trends of the two are 
relatively consistent. The spatial distribution characteristics of differences between MODIS WVC 
products and our retrieved WVC are presented in Fig. 16. Under daytime conditions, the 
atmospheric water vapor content retrievals yielded MAE and RMSE values of 0.56 g/cm² and 0.93 
g/cm², respectively. Nighttime WVC retrievals demonstrated improved accuracy, with 
corresponding MAE and RMSE values of 0.47 g/cm² and 0.63 g/cm². Statistical results indicate that 
the differences between retrieved and reference WVC values are predominantly distributed within 
the range of -1 g/cm² to 1 g/cm² for both daytime and nighttime conditions. Notably, nighttime WVC 
differences show stronger concentration around 0 g/cm² compared to daytime retrievals. This 
improved nighttime consistency likely results from reduced thermal radiation effects on atmospheric 
water vapor during nighttime conditions, leading to more stable model performance and higher 
agreement with MODIS WVC products. Consequently, further model optimization and data 
processing may enhance the accuracy of daytime WVC retrievals. 

 

 
Fig. 15. (a)(c) MODIS WVC product images (day and night). (b)(d) WVC retrieved from MODIS 

bands (day and night). 
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Fig. 16. WVC retrieval error analysis composite map (day and night) 

4.3 Ground Data Validation 

Ground data analysis is crucial for validating the accuracy and reliability of the joint retrieval 
algorithm, with the availability and quality of data significantly impacting the verification process 
(Wang et al., 2024). Given the limited number of observation stations related to LSE and the 
difficulty in obtaining such data, this study primarily focuses on validating the jointly retrieved LST 
and WVC by comparing the retrieval values with the measurements from ground observation 
stations to assess their performance and practicality.  

Fig. 17(a)(b) show the scatter plots verified by LST ground monitoring during the day and night 
respectively. Under daytime conditions, the MAE and RMSE of LST retrieval were 1.47 K and 1.80 
K, respectively, while during nighttime, the MAE and RMSE were 1.28 K and 1.63 K, indicating 
higher retrieval accuracy at night. This phenomenon occurs because, during the day, solar radiation 
causes rapid and uneven changes in LST, leading to larger retrieval errors. Additionally, factors such 
as atmospheric humidity, aerosols, and surface albedo, which can affect retrieval accuracy, are 
relatively stable at night. At night, the LST changes are smaller, and there is less atmospheric 
disturbance, reflecting more stable radiative transfer conditions. This leads to retrieval results that 
are closer to the actual conditions. The "4BTs+LST&E" band combination was selected for WVC 
ground observation station retrieval validation during the daytime. As shown in Fig. 17c, only the 
scatter plot of daytime WVC station observation validation is presented, with MAE and RMSE 
values of 0.31 g/cm² and 0.38 g/cm², respectively, and an R² value of 0.83. The validation results 
from the ground-based observation site for the AI-based joint retrieval algorithm of LST, LSE, and 
WVC, combined with the aforementioned simulation and cross-validation results, consistently 
demonstrate that the proposed joint retrieval algorithm achieves high accuracy and reliability, 
providing a solid foundation for its further application and promotion. 
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Fig. 17. (a)(b) Scatter plot of ground validation data for LST retrieval (day and night). (c) Scatter 

plot of ground validation data for WVC retrieval (day) 

5. Conclusion 

Changes in LST, LSE, and WVC have significant impacts not only on the Earth's climate system 
and energy balance but also on human life, production, economy, and social development. This 
paper proposes a method based on AI technology that couples physical and statistical methods to 
jointly retrieve LST, LSE, and WVC from thermal infrared remote sensing data. Based on radiative 
transfer theory, deep learning can establish causal relationships between input parameters and output 
parameters, enabling the construction of a complete set of closed equations. It is noteworthy that 
physical simulation data alone cannot describe all scenarios. Therefore, a generalized statistical 
method is constructed to supplement the real situation with multi-source data, mainly for mixed 
pixel cases. The results show that this algorithm is not only theoretically feasible but also practically 
viable, achieving improved retrieval accuracy. 

In this study, considering the design of the sensor's spectral bands, different band combinations 
were constructed and used for scenario retrievals during both daytime and nighttime. First, the 
numerical experiment results from radiative transfer simulation indicated that when using four TIR 
bands, RMSE of LST retrieval was less than 1K, and the retrieval errors for LES31 and LES32 were 
similarly low, both below 0.01. By combining four TIR bands with LST and emissivity information, 
the accuracy of WVC retrieval was significantly improved through cross-iteration, eliminating 
uncertainties and resulting in stable WVC retrievals with an RMSE of approximately 0.09 g/cm². 
The algorithm for retrieving LST, LSE, and WVC in the southern region of North America was 
validated through cross-validation and evaluation using data from ground observation stations, 
yielding consistent results. Despite certain limitations, all three validation methods led to similar 
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conclusions, demonstrating that the AI-based approach, which combines physical and statistical 
methods, effectively addresses the shortcomings of traditional retrieval methods. It accurately 
retrieves geophysical parameters while offering a physically interpretable solution for deep learning 
in retrieval. 
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