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Abstract

Understanding water and heat transport through soils is vital for managing soil and
groundwater resources, agricultural irrigation, and ecosystem protection. This paper aims
to explore the potential application of deep learning methods in simulating water and heat
transport processes within soils. It also examines the interactions between soil hydrological
processes and environmental factors, including meteorological conditions and groundwater
levels. To achieve these, we develop a hybrid model Informer-LSTM by combining two
powerful architectures: Informer, a Transformer-based model essentially designed for long-
sequence time-series forecasting, and Long Short-Term Memory (LSTM), a neural network
that is great at learning short-term patterns in sequential data. The model is applied to field
measurements from Henan Township in Ordos, Inner Mongolia, China, for training and
testing, to simulate three key variables: soil water content, temperature, and heat flux at
different depths in two soil columns with different groundwater levels. Our results confirm
that Informer-LSTM is highly effective at simulating the soil water and heat transport.
Simultaneously, we evaluate its performance by incorporating various combinations of
input data including meteorological data, soil hydrothermal dynamics, and groundwater
level. This reveals the relationship between soil hydrothermal processes and meteorological
data, as well as coupled processes of soil water and heat transport. Moreover, employing
SHapley Additive exPlanations (SHAP) analysis, we identify the most influential factors
for predicting heat flux in shallow soils. This research demonstrates that deep learning
models are a viable and valuable tool for simulating soil hydrothermal processes in arid
and semi-arid regions.

Keywords: soil hydrothermal processes; soil water content; soil temperature; soil heat flux;
deep learning; Informer-LSTM; SHAP (SHapley Additive exPlanations)

1. Introduction

The vadose zone is the crucial pathway linking between atmospheric water, surface
water, and groundwater, and it is characterized by complex hydrothermal transforma-
tion processes [1-3]. It governs numerous physical processes at the terrestrial surface,
including the balance of mass and energy between the ground and the atmosphere and
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fundamental biological processes such as plant growth [4]. In unsaturated soils near the
land-atmosphere interface, the coupled movement of soil water and heat plays a critical
role in the hydrological cycle. Consequently, accurate modeling of hydrothermal trans-
port in the vadose zone is indispensable to improve our understanding of regional water
balance, a subject that has received significant scholarly attention [5].

Soil water and heat transport dynamics are closely related to the atmosphere above
and the groundwater below, thus they are influenced by local meteorological conditions
such as solar radiation, air temperature, and the depth of the groundwater, which can
significantly affect capillary rise and drainage. In traditional hydrological process models,
these environmental factors are typically incorporated into boundary condition calcula-
tions and then combined with the water and heat governing equations, like the Richards
equation and soil thermal transport equation, to simulate and predict soil water and heat
processes [6-12]. However, in such methods, the rationality of establishing a complete
coupling model, the accuracy of the model’s constitutive properties, particularly the hy-
drothermal characteristics function, and the correctness of the surface water and heat
flux estimations will greatly affect the accuracy and predictive ability of the simulation
results [13]. Therefore, modeling the soil hydrothermal dynamics is challenging because
such processes are highly nonlinear and the boundary conditions are highly variable [14].

With the rapid development of artificial intelligence technologies in recent years, deep
learning methods have been increasingly utilized to address the modeling of hydrology
processes [15-20]. Researchers have explored the potential of deep learning methods
for various vadose zone applications [18] including the characterization of soil hydraulic
properties and surrogate models for control equations. We note that various methods
based on long short-term memory (LSTM), convolutional neural networks (CNNs), Gated
Recirculation Unit (GRU), and Transformer branches are used to estimate and predict the
soil moisture [14,21-28] and soil temperature [29-35]. We also noticed that several studies
have successfully applied deep learning methods to estimate soil heat flux under various
environmental and spatial contexts. For example, Bonsoms and Boulet [36] estimated
regional soil heat flux in South America by training neural networks and random forest
models with field measurements of net radiation and surface temperature, as well as
satellite data. Zheng and Jia [37] compared the soil heat flux estimated by empirical
equations and machine learning models. In a separate study, Cross and Drewry [38]
applied ensemble machine learning models to evaluate the effectiveness of meteorological
and remote sensing datasets to estimate soil heat flux with different predictor variables.

Nevertheless, most deep learning applications for simulating soil water and heat
processes focus on large-scale predictions of surface moisture, temperature, and heat flux.
Therefore, there is a notable gap in research focused on simulating these processes at differ-
ent depths within soil profiles [23,26,39]. To address this gap, this study proposes a hybrid
deep learning model Informer-LSTM and applies it to model soil water and heat dynamics
in field experiments. Our model is built on the Transformer architecture [40], which is well
suited for processing long data sequences. However, traditional Transformers struggle
with time-series forecasting due to high computational demands. To address this, we used
the Informer [41], a Transformer variant specifically designed for long sequence forecasting.
We then integrated a Long Short-Term Memory (LSTM) network [42], a recurrent neural
network (RNN) [43] that excels at capturing short-term information, into the Informer.
By combining these two architectures, our hybrid model leverages the strengths of both,
allowing it to efficiently capture both long-range dependencies and short-term patterns.

We utilized field measurements of soil hydrothermal dynamics from two soil profiles
with different groundwater levels in Ordos, Inner Mongolia, China, to train and validate
our model. Our hybrid Informer-LSTM model was developed to simulate three key
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hydrothermal variables: soil water content, soil temperature, and soil heat flux, which are
all crucial variables in environmental and agricultural sciences. We investigated several
input scenarios to understand their impact on model performance. To predict the soil
water content and temperature, we used three types of input data: meteorological data
(e.g., radiation and air temperature), groundwater levels, which are both crucial indicators
of soil water and heat processes [2,44], and soil moisture and temperature data from the
same depth (as we also explored the feasibility of using one variable to predict the other).
Simultaneously, for each variable to be modeled, we explore how different combinations
of input data impact the model’s effectiveness. Additionally, we explored the use of deep
learning to predict soil heat flux, which effectively couples energy transfer processes at the
soil surface with those in the soil [45]. This model used soil moisture, soil temperature,
and meteorological data as inputs. Furthermore, to analyze the model’s predictions for
soil heat flux, we used SHAP (SHapley Additive exPlanations) [46], a method designed
to interpret deep learning models. This allowed us to illustrate how the Informer-LSTM
model weighs the influence of different input data when making its predictions.

This paper is organized as follows: Section 2 first gives a brief overview of the climate
and hydrological conditions in the study area, as well as the meteorological and field
experimental data. Then, we briefly introduce the methods including the random forest
method, which is used to analyze the importance of nine meteorological factors affecting soil
water and heat processes, and the hybrid deep learning model Informer—LSTM; Section 3
presents the estimation results for soil water content, temperature, and heat flux; finally,
Section 4 discusses and summarizes the simulation results.

2. Materials and Methods

2.1. Study Area and Field Data
2.1.1. Study Area

The study area is located in the Ordos Basin, specifically north of Baiyun Mountain
in Inner Mongolia, China (Figure 1a). This region, situated in northwest China, has an
elevation ranging from approximately 1000 to 1400 m. The area receives an average annual
precipitation of approximately 340.3 mm, with maximum daily rainfall reaching up to
149.9 mm, while evaporation is intense, averaging about 2634.2 mm per year. Due to the
combination of scarce precipitation, high evaporation, and limited surface water resources,
groundwater serves as the critical, and sometimes the only, water source for vegetation
survival and socioeconomic development.

The field experiments were presented in [47] in detail, thus only a summary is pre-
sented here. The in situ experiments are conducted in the National Meteorological Station
in Ordos, Inner Mongolia (108°43’ E, 37°51’ N), at an elevation of approximately 1210 m.
The station has a long-term average temperature of 8 °C, with a maximum of 36.7 °C and
a minimum of —34.3 °C. Meteorological data was collected hourly at this station. We
illustrated the precipitation, potential evaporation, and soil surface temperature based on
the data, as shown in Figure 1b. In this field experiment, several cylindrical columns with
different initial groundwater depths were installed. Each column has an inner diameter of
0.6 m and is sealed at the bottom to ensure full contact with the soil matrix, and they are
installed parallel to the ground so that the top surface is directly exposed to the atmosphere.
The columns are uniformly filled with Maowusu sandy soil, and a PVR observation tube
is centrally installed in each column to monitor the depth of the groundwater table. Soil
profile data (including soil water content, temperature, and groundwater level) is collected
every 5 min. To demonstrate the effectiveness of deep learning models in simulating
water and heat dynamics from shallow to deep soil layers, we selected soil columns with
maximum depths of 1.2 and 3.0 m. Figure 1c shows the soil columns.
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Figure 1. (a) Location of the study area. (b) Meteorological characteristics. (c) Soil profile diagram,
with soil water content and temperature sensors installed at various depths: 5 cm, 10 cm, 50 cm,
100 cm for the 1.2 m soil column; 5 cm, 10 cm, 30 cm, 50 cm, 100 cm, and 150 cm for the 3.0 m soil
column; and soil heat flux sensors placed at 5 and 10 cm for both columns.

2.1.2. Meteorological Data

This paper collected meteorological data over 167 days (from 11 May 2019, to 25 Octo-
ber 2019), including longwave radiation (LR) (W/ m?), shortwave radiation (SR) (W/m?),
average air pressure (AP) (hPa), average wind speed (WS) (m/s), ground temperature (GT)
(°C), air temperature (AT) (°C), relative humidity (RH) (%), sunshine duration (SD) (hour),
and precipitation (P) (m/s). Table 1 shows the statistical information of these meteorologi-
cal factors at a 1 h scale from 11 May 2019 to 25 October 2019. It respectively statistically
analyzes the maximum (Max), minimum (Min), mean (Mean), standard deviation (SD),
and coefficient of variation (CV). The data showed a high degree of dispersion for longwave
radiation, with a CV of 1.41, the highest among all factors. This is further highlighted by
the large difference between its maximum and minimum values, which was 1201.27 W/m?.
In contrast, average air pressure had the lowest CV at 0.04, indicating very little fluctuation
in the data.

Table 1. Statistical characteristics of meteorological factors.

Meteorological Factor Unit Max Min Mean SD Ccv
LR (longwave radiation) W/m? 118543 —15.84 22377 31582 141
SR (shortwave radiation) W/m? 3.95 —165.74 —-59.85 3720 0.62
WS (average wind speed) m/s 23.20 0.00 2.49 159  0.64
AP (average air pressure) hPa 892.30 71.10 874.41 31.05 0.04

AT (air temperature) °C 34.80 —6.70 18.15 724 040
GT (ground temperature) °C 67.60 —5.30 23.67 1390 0.59
RH (relative humidity) Y% 99.00 6.00 6293 2650 042
SD (sunshine duration) hour 1.00 0 0.36 045 0.23
P (precipitation) cm 1.94 0 0.0078 0.0656 8.33




Agronomy 2025, 15, 2453

50f22

2.2. Method
2.2.1. Random Forest

Random forest (RF) is a powerful ensemble learning model that improves prediction
accuracy and stability by combining multiple decision trees. Its core architecture is based
on multiple cart trees, which are independent and diverse, thereby effectively preventing
the overfitting issues commonly associated with traditional single decision trees [48-50].
The key to RF lies in the way it introduces “randomness”. Specifically, during the train-
ing phase, each decision tree is constructed independently using different sample sets
and feature subsets. This process typically employs bootstrap sampling, where a certain
proportion of data is randomly selected from the original dataset as input for a specific
tree. Additionally, when splitting nodes, the random forest considers only a subset of
candidate features rather than all features, further enhancing diversity. It randomly selects
features for branching, making it run very quickly. This paper uses the Gini index for
importance scoring:

Gini index = 1 — =M (g;)? (1)

where M is the number of classes, and g; is the probability of a data point belonging
to class i. The Gini index is also a common way to measure feature importance in an
RFE. The importance of a feature is measured by how much it reduces the Gini index on
average. The more the reduction, the more important the feature is considered. This
is an efficient metric because the values are calculated automatically as a byproduct of
the tree construction process. We will use the RF method to analyze the importance of
nine meteorological factors affecting soil water and heat dynamics, thereby selecting more
effective input data.

The random forest workflow includes three main steps: (1) preprocessing: missing
and abnormal values were removed, and all meteorological and soil hydrothermal measure-
ments were temporally aligned and standardized; (2) feature selection: feature importance
was evaluated with the Gini index; (3) training, validation, and testing split: the dataset
was divided into 70% for training, 15% for validation, and 15% for testing. The training
set was used for parameter learning, the validation set was used for hyperparameter tun-
ing and to avoid overfitting, and the testing set was used for independent evaluation of
predictive performance.

2.2.2. Informer-LSTM

In this section, we introduce the coupling scheme for the two models: Informer and
LSTM. The output of the Informer neural network is a hidden higher-dimensional feature,
which is fed into an LSTM layer to generate predictions for soil moisture, temperature,
and heat flux. The introduction of LSTM enhances the original Informer network’s ability
to integrate sequential information. Figure 2 illustrates the conceptual diagram of the
Informer-LSTM model. And, we present the process of running the hybrid model in
pseudocode format in Table 2.

Informer is a supervised learning model based on attention mechanisms, primar-
ily designed for long sequence time-sequence forecasting tasks [41]. It is an efficient
Transformer-based model, introducing key innovative modifications to the self-attention
mechanism to handle long time series data. Specifically, it incorporates a ProbSparse Self-
Attention mechanism that dramatically reduces computational complexity by calculating
attention scores for only the most key parts of a sequence. Additionally, Informer employs
a distilling operation to compress long sequences into shorter, key representations, further
reducing the computational load and enhancing prediction performance. Owing to its
advantages in processing long sequences, the Informer model is particularly suitable for
scenarios requiring long-term forecasting.
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Figure 2. Conceptual diagram of the Informer-LSTM model.

Table 2. Algorithm: Informer-LSTM hybrid model for soil hydrothermal prediction.

Step 1: Input and Initialization
Historical input sequence Xy, label sequence Xjpel, and prediction length L.
Goal: Predict soil variables Ypred (soil temperature, soil moisture, or soil heat flux).

Step 2: Embedding Stage
Embed input and label sequences with positional and value encoding:
Xenc < Embedding(Xy,;s, PositionalEncoding, ValueRange)

Xgec < Embedding(X),pe, PositionalEncoding, ValueRange)

Step 3: Informer Encoder
For each encoder layer:
e Apply ProbSparse Self-Attention: Xenc < ProbSparse_SelfAttention(Xenc)

e Apply Distilling to shorten long sequences: Xenc < Distilling(Xenc)-

Step 4: Informer Decoder
For each decoder layer:
e Apply Masked ProbSparse Self-Attention (MPSA): Xgec < MPSA(Xgec)

e Apply Multi-Head Attention (MHA) using encoder output: Xqe. <~ MHA (Xgec, Xenc)

Output encoded-decoded sequence: Hiyormer ¢ Decoder_Output(Xgec)

Step 5: LSTM Integration
Feed Informer output into LSTM pipeline:
Heony <= Conv1D(Hinformer)

Hyeq ¢ LSTM(Heony)
Yseq ¢ FullyConnected (Hseq)

Step 6: Post-processing and Output
Aggregate prediction results along feature dimension:
Ypred ¢ Mean(Yseq, features)

Return predicted soil variables Y req

The structure of Informer is shown in the middle of Figure 2. The Encoder primarily

receives large-scale long series inputs. Here, the ProbSparse Self-Attention replaces the

conventional self-attention mechanism, and the trapezoidal component represents the

extraction process of self-attention, which significantly reduces the size of the network.

The multi-layer stacking further enhances the robustness of the model. Meanwhile, the De-

coder receives long series inputs with the target elements padded with zero. This approach
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computes the attention-weighted components of the feature map, and the model then
outputs these elements in a fast, generated format.

LSTM [42] is an optimized version of Recurrent Neural Networks (RNNs). Al-
though conventional RNNs can handle time-series data, their performance tends to deterio-
rate when processing long sequences with long-term dependencies due to the “vanishing
gradient” problem. To overcome this limitation, LSTM was developed by incorporating
additional components such as a forget gate, an input gate, and an output gate, which
enable it to handle long sequences effectively. LSTMs use a memory cell to control what
information is kept or discarded. This is managed by three gates: the forget gate (f;), which
decides what to discard from the previous state; the input gate (i;), which determines what
new information to add; and the output gate (0¢), which controls the information passed to
the next state. The overall architecture is illustrated in the right part of Figure 2.

In fact, we initially attempted to model soil hydrothermal dynamics using Informer
and LSTM models separately. Our results showed that the LSTM model’s performance was
not satisfactory, while the Informer model yielded better results. Specifically, the LSTM
exhibited poor generalization capabilities when simulating soil water content and tempera-
ture, whereas the Informer yielded significantly better results, though its generalization
performance for soil temperature simulation remained suboptimal. However, combining
both models significantly improved the simulation’s effectiveness. Therefore, we chose to
use a hybrid Informer-LSTM model for this study.

2.2.3. Architecture of the Deep Learning

This study uses the Windows 11 operating system, with Python 3.10 and PyCharm
2023.3.2 as the development platform. The loss function is obtained by calculating the MSE
between the model’s simulated values and the observed values. The optimizer is Adam,
and the activation function is GELU. Cross-validation is applied to prevent overfitting,
and five sets of numerical simulation experiments are conducted to take the average to
obtain more accurate results. The dataset is split, with the first 80% as the training set
and the remaining 20% as the test set. Specifically, data from 11 May to 23 September,
a total of 135 days, is used for training, and data from 24 September to 25 October, a total
of 32 days, is used for testing. Table 3 shows the hyperparameters of the Informer-LSTM
model were primarily determined through a combination of Grid Search and empirical
tuning. The specific process is detailed below:

Step 1. Initial Screening and Empirical Setting

Based on previous research and the model’s convergence characteristics, initial candi-
date values were first set within a reasonable range. For example, the learning rate was set
to 11073, the dropout rate to 0.05, and the batch size to 64.

Step 2. Validation Set Optimization

The best hyperparameter combination was selected using the minimization of the
Validation Loss criterion. The final determined hyperparameters are listed in Table 3.

Step 3. Tuning and Training Strategy

Three strategies including early stopping, learning rate scheduling, and cross-
validation were adopted during the training process to improve model stability and
generalization performance.
Step 4. Final Verification

The model was verified for finality in an independent test set (which represents 20%
of the total data). Evaluation metrics included RMSE, MAE, and R%. To mitigate the
influence of random factors, each set of experiments was run five times and the average
result was taken.
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Table 3. Hyperparameters for the Informer-LSTM model.

Hyperparameter Value
Sequence length 3
Label length 3
Dropout rate 0.05
Training epochs 20
Patience 3
Learning rate 0.00064
Batch size 64
Number of attention heads Increase by one with the number of feature inputs
Attention factor 5
Model dimension 512

2.2.4. Deep Learning Interpretability: SHapley Additive exPlanations (SHAP)

SHAP is a method for interpreting the results of deep learning models. It uses Shapley
values, a concept from game theory, to assign an “importance” value to each feature for a
specific prediction. This helps to make “black-box” models more transparent by showing
exactly how each feature contributed to a specific outcome. The core concept of SHAP
originates from the Shapley value in game theory. In cooperative games, the Shapley value
is used to calculate the contribution of each participant to the final outcome. SHAP applies
this concept to machine learning by treating the model as a game, where features are the
players and the model output is the final result. The Shapley value assigns a contribution
score to each feature, indicating its influence on the model’s output.

bi= )

SCN\{i}

SN S = s 0 6h - s69) @

where S is a subset of features, N is the set of all features, and f(S U {i}) represents the
model prediction after adding feature i to subset S; f(S) represents the prediction of the
subset S.

The SHAP value has linearity, meaning that the model output can be decomposed
into the SHAP values for each feature, as follows:

N
f(x) =¢o+)_¢i 3)
i=1
where ¢y is the baseline value (the model’s output when there are no features), and ¢; is
the contribution value of feature i.

2.3. Metrics

In order to evaluate the performance of the deep learning model, four metrics are
used to quantify the difference between prediction results and observations. These include
the mean absolute error (MAE), the root mean square error (RMSE), the mean absolute
percentage error (MAPE), and the coefficient of determination (R?). These metrics evaluate
the model’s performance from different perspectives. MAE measures the average absolute
difference between predicted and observed values, with a lower MAE meaning higher
accuracy. The RMSE is more sensitive to large errors, so a lower RMSE indicates a more
robust model. MAPE gives a percentage-based error, which is useful for comparing
performance across different datasets. R? shows the model’s ability to explain the variability
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in observed data, with a value closer to 1 indicating a better fit. These evaluation metrics
are as follows:

n .1y
MAE = Z:i:1|zl yl’ (4)
RMSE = (| &=t \Xi ZYi) (’: vi) (5)
T &~y
MAPE = - Z; o x 100 (6)
Y (xi—y)
R?=1- == @)
i (xi — %)

where 7 is the total number of samples, x; is the ith observed value, ¥ is the mean of the
observed values, y; is the ith simulated value, and 7 is the mean of the simulated values.

3. Results and Discussions

In this section, we first present the results of our model’s training and simulation of
soil water content and temperature. Based on these simulated results, we then predict the
soil heat flux and compare it with the measured values.

3.1. Impact of Meteorological Factors on Soil Temperature and Moisture

This paper discusses the potential of meteorological factors in simulating and predict-
ing soil water and heat processes. We first present an analysis of the importance of the
nine meteorological factors using the RF method and exclude factors with extremely low
importance. The RF model is implemented using the sklearn library, with the number of
decision trees being 100 and the random state seed being 42, ensuring that the randomness
of the model is consistent each time the code is run. The feature importance scores are
calculated using the Gini index (Equation (1)).

Here, we use the results of feature importance score for the soil column of 3.0 m to
demonstrate the importance of various meteorological factors for soil moisture content
and soil temperature. Figure 3 shows the importance analysis of meteorological factors
on soil temperature. In shallow soil including 5 cm and 10 cm, air temperature (AT) is
the most dominant factor, with its importance score significantly higher than all other
meteorological elements. As depth increases to the middle soil layer (20 cm, 50 cm), AT
remains the primary influence. However, the importance of other factors, such as RH and
AP, gradually increases, indicating their growing influence on soil temperature at greater
depths. This partially aligns with the conclusions drawn in [29,35]. Alizamir et al. [29]
found AT is the most highly correlated factor with soil temperature, especially for the
shallow depths (5 cm, 10 cm, and 50 cm), while Asadzadeh et al. [35] established that at
shallow depths (5-20 cm), surface infrared temperature is the primary influencing factor,
whereas at deeper levels (50-100 cm), air temperature becomes the dominant factor.

Similarly, Figure 4 shows the importance analysis of meteorological factors on soil
water content. As documented in [14], the relationship between meteorological data and
soil water content is highly variable, site-specific, and non-linear. As can be seen, meteo-
rological elements influence soil water content differently than they do soil temperature.
For soil water content and temperature, the consistent phenomenon is that across all depths,
sunshine duration and precipitation consistently show the lowest importance. It has also
been reported that precipitation has a negligible effect on daily soil temperature across
different soil depths [35]. Based on this finding, these two factors will be excluded from
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subsequent model simulations. That is, when meteorological data is used as input for the
Informer-LSTM model, the first seven elements listed in Table 1 will be selected.
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Figure 3. Score plot of multivariate meteorological elements influencing soil temperature at different
depth in the soil profile.
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Figure 4. Score plot of multivariate meteorological elements influencing soil water content at different
depth in the soil profile.

3.2. Simulation of Water Content at Different Soil Depths Using Informer-LSTM

In this section, soil water content at various depths of the soil columns is analyzed
and predicted by using the Informer—LSTM model with different combinations of input
features. The measurements from soil columns with depths of 1.2 and 3.0 m are used for



Agronomy 2025, 15, 2453

11 of 22

soil water content (cm?/cm?)

0.200

0.100
0.200/

0.100
0.200

0.100

0.29751
0.2950

0.29251 e ’
2019/09/22 2019/09/30 2019/10/08 2019/10/16 2019/10/24

model training and testing. Our training period is from 11 May 2019 to 23 September 2019,
while the testing period is from 24 September 2019 to 25 October 2019. For clarity, we have
only provided the results from the test period here. Figure 5 (for the 1.2 m soil column)
and Figure 6 (for the 3.0 m soil column) show the comparison between the predicted
and observed soil water content at various depths using three types of input including
meteorological data (including the first seven meteorological factors listed in Table 1),
soil temperature (at the same depth as the predicted water content), and groundwater
level. Overall, the Informer—-LSTM model successfully captures the general trends of
soil moisture throughout the test period at all depths, regardless of the input features
used. Nevertheless, we observe that soil moisture content near the surface exhibits greater
sensitivity to meteorological data, whilst that closer to the subsoil layer responds more
readily to groundwater levels. This is particularly evident in using only meteorological
data as input: the model performed well at shallow depths but struggled to accurately
predict moisture content at deeper levels (100 and 150 cm) in the 3.0 m soil column. This is
likely because shallow soil is more directly influenced by surface conditions, while deeper
layers are less affected by these surface variations. The figure also indicates that simulation
results using soil temperature as input generally perform slightly less favorably. This may
stem from the time lag in soil temperature’s response to moisture content. Furthermore,
predicting soil water content using soil temperature from the same layer may have resulted
in the loss of its correlation with the adjacent layer.

Actually, in addition to using meteorological data, soil temperature, and groundwater
level as separate inputs, we also simulated and predicted moisture content using any two
of these three types of data in combination, as well as all three types of data. That is, there
are a total of seven input scenarios. However, for the sake of clarity and readability of the
graphical display, we only show the simulation results when three types of data are used
as inputs separately. Surprisingly, introducing multiple input features did not improve the
performance of the deep learning model and even worsened the simulation results.

©  Observation o QR iR

Informer-LSTM (Input: Meteorological data)
Informer-LSTM (Input: Soil temperature)
Informer-LSTM (Input: Groundwater level)

Date

Figure 5. Comparative analysis of simulated and measured soil water content in the 1.2 m soil column
under different input features.
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Figure 6. Comparative analysis of simulated and measured soil water content in the 3.0 m soil column
under different input features.

We quantitatively evaluated the Informer-LSTM model’s performance for predicting
soil water content using seven different input feature combinations. Table 4 summarizes
R?, RMSE, MAPE, and MAE for soil water content predictions in the 3.0 m soil column.
The statistical indicators for the 1.2 m soil column show a similar pattern to those of
the 3.0 m. Therefore, we only present the results for the 3.0 m column in this paper.
Overall, models that use a single type of data (e.g., soil temperature, meteorological data,
or groundwater levels) as input achieved higher simulation accuracy. In both shallow and
deep layers, the best performance was achieved using soil temperature and groundwater
level factors, followed by meteorological data. At shallow (5 and 10 cm) and middle
(30 and 50 cm) depths, the differences in performance corresponding to the three types of
input were small. However, the differences significantly increase at deeper depths, that
is, the model fit was significantly worse when using only meteorological data as input.
And, the performance of Informer-LSTM using meteorological data as input decreased,
while using groundwater levels and water content as inputs improved with increasing
depth. In any case, we can observe that soil water content exhibits strong correlations
with meteorological factors, soil temperature, and groundwater levels. This aligns with
the findings of [22], which concluded that the fluctuation of SWC is attributed to changes
in environmental factors such as soil composition, meteorological data, and groundwater,
resulting in a complex non-linear relationship that the deep learning model is designed to fit.
Moreover, using multiple data inputs does not significantly improve model performance; in
fact, it led to markedly poorer simulation results at deeper soil layers, such as at the 100 cm
and 150 cm depths within the 3.0 m soil column. This is likely due to the introduction of
more data errors, particularly in time series data such as soil water and thermal dynamics,
which exhibit pronounced random noise.
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Table 4. The simulation accuracy of Informer-LSTM for soil water content in the 3.0 m soil column
under different input features. MFC: meteorological factor combination (including the first seven
meteorological elements listed in Table 1), ST: soil temperature, GWL: groundwater level.

Evaluation Indicators

Soil Depth (cm) Inputs R?(—) RMSE (cm3/cm® MAPE (%) MAE (cm®/cm?)
MFC 0.8513 0.0086 0.0224 0.0033
ST 0.8759 0.0078 0.0190 0.0026
GWL 0.8732 0.0079 0.0183 0.0026
5 ST, GWL 0.8553 0.0084 0.0259 0.0036
MFC, ST 0.8381 0.0089 0.0251 0.0037
MFC,GWL  0.8474 0.0086 0.0233 0.0034
MFC, GWL, ST~ 0.8452 0.0087 0.0251 0.0036
MFC 0.9097 0.0039 0.0132 0.0015
ST 0.9252 0.0036 0.0111 0.0012
GWL 0.9242 0.0036 0.0115 0.0013
10 ST, GWL 0.9052 0.0040 0.0162 0.0018
MFC, ST 0.8914 0.0043 0.0174 0.0020
MFC,GWL  0.9089 0.0039 0.0140 0.0016
MFC, GWL, ST 0.9020 0.0041 0.0157 0.0018
MFC 0.9574 0.0034 0.0112 0.0017
ST 0.9628 0.0032 0.0089 0.0014
GWL 0.9649 0.0031 0.0076 0.0012
30 ST, GWL 0.8954 0.0053 0.0235 0.0036
MFC, ST 0.9427 0.0039 0.0156 0.0024
MFC,GWL 09511 0.0036 0.0122 0.0019
MFC, GWL, ST 09322 0.0043 0.0169 0.0025
MFC 0.9636 0.0015 0.0086 0.0012
ST 0.9826 0.0008 0.0038 0.0005
GWL 0.9833 0.0007 0.0037 0.0005
50 ST, GWL 0.8869 0.0019 0.0118 0.0016
MFC, ST 0.8874 0.0026 0.0148 0.0021
MFC, GWL 09524 0.0013 0.0072 0.0010
MFC, GWL, ST 0.9256 0.0017 0.0100 0.0014
MFC 0.8072 0.0006 0.0045 0.0005
ST 0.9434 0.0003 0.0021 0.0002
GWL 0.9465 0.0003 0.0021 0.0002
100 ST, GWL  —29085 0.0028 0.0239 0.0026
MFC,ST ~ —1.6135 0.0023 0.0185 0.0020
MFC, GWL ~ —0.9983 0.0020 0.0171 0.0018
MFC, GWL, ST —0.9381 0.0020 0.0162 0.0017
MFC 0.8658 0.0013 0.0065 0.0010
ST 0.9645 0.0006 0.0038 0.0006
GWL 0.9785 0.0005 0.0025 0.0004
150 ST GWL  —4.6870 0.0082 0.0534 0.0080
MFC,ST ~ —0.8933 0.0047 0.0285 0.0043
MFC,GWL 07561 0.0017 0.0098 0.0015
MFC, GWL, ST —0.8505 0.0047 0.0292 0.0044
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3.3. Simulation of Soil Temperature at Different Depths Using Informer-LSTM

This section analyzes the Informer-LSTM’s performance in simulating and predicting
soil temperature of the soil profile. We examine how different combinations of input
features affect the model’s accuracy. Figures 7 and 8 demonstrates the model’s performance
by comparing predicted and observed soil temperatures at various soil depths. Similarly,
seven different input scenarios were tested, including three scenarios using each data type
individually, three scenarios using combinations of two data types, and one scenario using
all three data types. For simplicity and clarity, Figures 7 and 8 only display the simulation
results for the three scenarios where each data type was used as the sole input.

The figures show simulation results within the testing period only. Overall,
the model—with various combinations of input features—accurately captures the trend
of soil temperature variations before mid-October, but significant deviations occur after
mid-October. Specifically, for both 1.2 m and 3.0 m soil columns, within 50 cm with soil
temperature exhibiting significant fluctuations, the model failed to predict lower soil tem-
perature values after 15th October. While at deeper soil, such as 100 cm in both columns
and 150 cm in the 3.0 m column, the simulated values were consistently higher than the
observations after 3 October. Additionally, the model appears to perform less well in
predicting shallow soil temperatures than in predicting deeper temperatures. This could
be due to the greater variability in soil temperatures in shallow soil posing challenges for
prediction, whereas soil temperatures gradually stabilize in deeper layers.

af— o

Observation

Informer-LSTM (Input: Meteorological data)
Informer-LSTM (Input: Soil water content)

Informer-LSTM (Input: Groundwater level) el

2019/09/22 2019/09/30 2019/10/08 2019/10/16 2019/10/24

Date

Figure 7. Comparative analysis of simulated and measured soil temperature in the 1.2 m soil column
under different input features.

To present a more comprehensive set of simulation results for soil temperature by
Informer-LSTM, we have listed the model simulation metrics corresponding to different
input conditions in Table 5, which summarizes the R?, RMSE, MAPE, and MAE values
when using seven different input feature combinations at each depth. Here, due to space
constraints, we present only the simulation accuracy for soil temperature in the 3.0 m soil
column. Overall, as depth increases, the model’s simulation results gradually improve,
regardless of the input conditions. Similarly to the water content simulations, incorporating
multiple types of input data does not significantly enhance the simulation results and
even reduces accuracy at times, particularly in deeper soil layers (100 cm and 150 cm
depths). Additionally, we can observe that meteorological data as input is advantageous
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Figure 8. Comparative analysis of simulated and measured soil temperature in the 3.0 m soil column

under different input features.

Table 5. Simulation accuracy of the Informer-LSTM model for soil temperature prediction of the

3.0 m soil column under different input features. MFC: meteorological factor combination, SWC: soil

water content, GWL: groundwater level.

Soil Depth (cm)

Input

Evaluation Indicators

R*(—) RMSE (°C) MAPE (%) MAE (°C)
MEFC 0.9030 1.6531 12.41 1.1508
SWC 0.8252 22191 16.80 1.5711
GWL 0.8112 2.3060 17.35 1.7013
5 SWC, GWL 0.8134 2.2930 16.13 1.5967
MEFC, SWC 0.9109 1.5836 11.66 1.1197
MFC, GWL 0.8932 1.7342 13.05 1.2335
MEC, GWL, SM 09114 1.5797 11.64 1.1622
MEC 0.9197 1.2072 7.830 0.8173
SWC 0.8316 1.7482 11.65 1.269
GWL 0.838 1.7145 10.98 1.2149
10 SWC, GWL 0.8075 1.8696 12.75 1.3680
MEC, SWC 0.9287 1.1373 7.340 0.7712
MEFC, GWL 0.9049 1.3136 8.440 0.8451
MEFC, GWL, SM 0.9253 1.1645 7.700 0.8162
MEFC 0.8841 0.9682 5.050 0.5986
SWC 0.8819 0.9772 5.320 0.6456
GWL 0.88 0.9849 5.460 0.6697
30 SWC, GWL 0.8230 1.1965 6.790 0.8438
MEFC, SWC 0.8806 0.9825 5.240 0.6212
MFC, GWL 0.9056 0.8737 4.400 0.5157
MFC, GWL, SM 0.8386 1.1422 6.330 0.758
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Table 5. Cont.

Evaluation Indicators

Soil Depth (cm) Input ) . o .
R* (—) RMSE (°C) MAPE (%) MAE (°C)
MFC 0.9003 0.7291 3.540 0.4712
SWC 0.9542 0.4943 2.500 0.3479
GWL 0.9338 0.594 2.750 0.3628
50 SWC, GWL 0.9164 0.6680 3.520 0.4817
MEC, SWC 0.912 0.6851 3.150 0.4149
MFC, GWL 0.8971 0.7408 3.650 0.486
MFC, GWL, SM 0.9166 0.6669 3.300 0.4421
MEFC 0.9885 0.1672 0.800 0.1278
SWC 0.9952 0.1276 0.630 0.0984
GWL 0.9984 0.0618 0.300 0.05
100 SWC, GWL 0.7517 0.7754 4.190 0.6840
MEFC, SWC 0.9951 0.1078 0.500 0.0810
MEFC, GWL 0.8441 0.6142 2.800 0.4284
MFC, GWL, SM 0.9687 0.275 1.380 0.2141
MFC 0.9819 0.1364 0.670 0.1133
SWC 0.9912 0.1451 0.770 0.1245
GWL 0.9961 0.0629 0.290 0.0493
150 SWC, GWL —0.8793 1.3916 7.360 1.2255
MEFC, SWC 0.7924 0.4625 2.500 0.4256
MFC, GWL 0.9461 0.2356 1.160 0.1973
MFC, GWL, SM 0.9533 0.2191 1.080 0.1811

3.4. Simulation of Soil Heat Flux at Different Depths Using Informer-LSTM

In the previous section, we demonstrated the performance of the hybrid deep learning
model Informer-LSTM in simulating soil water content and temperature. This section
explores its potential for simulating soil heat flux using different inputs. Soil heat flux
is directly related to soil temperature and water content because these factors determine
how efficiently heat is stored and transferred through the soil. Therefore, we have selected
soil water content and temperature as inputs for our model, along with standard mete-
orological factors. We will compare three scenarios to predict soil heat flux at shallow
depths (5 cm and 10 cm): meteorological factors as the sole input, moisture content and
temperature as combined inputs, all three factors—meteorological data, moisture content,
and temperature—as combined inputs.

Figures 9 and 10 compared the Informer-LSTM's predicted soil heat flux values against
observed data at different soil depths with various input configurations. As shown in the
figures, for both soil columns, regardless of the input conditions, the model performed ex-
ceptionally well throughout the entire testing period, fully capturing the dynamic changes
in the surface soil heat flux. And using multiple types of input data did not appear to
improve the model’s results.

A quantitative analysis of the performance of Informer—LSTM for soil heat flux predic-
tions is presented in Table 6. The results are consistent with Figures 9 and 10. The model
performed best when using only meteorological data, with the highest R? and the low-
est RMSE, MAPE, and MAE. When using only soil moisture and temperature as inputs,
the model performed worst, but only slightly worse. The simulation results with all the
three data types as inputs fall between the two extremes. This results will be further
interpreted by the SHAP analysis in the next subsection.
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Figure 9. Comparisons between the simulated soil heat flux and observed data in the 1.2 m soil
column under different input features.
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Figure 10. Comparisons between the simulated soil heat flux and observed data in the 3.0 m soil

column under different input features.

Table 6. The simulation accuracy of Informer-LSTM for prediction of soil heat flux at top soils (5 and

10 cm) in 1.2 m and 3.0 m soil columns.

Evaluation Indicators

Soil Column Soil Depth (cm) Inputs

R?*(—) RMSE (MJ/m?/d) MAPE (%) MAE (MJ/m?/d)

MEFC 0.9160 8.4537 2.7621 5.3601

5 SM, ST 0.8892 9.7082 6.4036 6.4940

12m MEFC, SM, ST 0.9152 8.4940 3.0813 5.4764

MEFC 0.9537 2.9748 1.0605 2.0450

10 SM, ST 0.9180 3.9578 1.6930 2.5730

MEC, SM, ST 0.9237 8.0563 2.2297 5.2154
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Table 6. Cont.

Evaluation Indicators

Soil Column Soil Depth (cm) Inputs
R%*(—) RMSE (MJ/m?/d) MAPE (%) MAE (MJ/m?/d)
MEC 0.7985 22.2681 0.7862 15.2318
5 SM, ST 0.7244 26.0425 0.8984 18.8354
1o MEC, SM, ST 0.7835 23.0791 0.8236 15.6490
2m
MEFC 0.8976 10.8302 0.5522 7.1323
10 SM, ST 0.8649 12.4403 0.6949 8.1077
MEC, SM, ST 0.8823 11.6096 0.6358 7.8982

3.5. Model Explainability

To enhance the interpretability of our deep learning model for simulating soil hy-
drothermal transport, we applied the SHAP (SHapley Additive exPlanations) method.
Using soil heat flux simulation as a case study, we demonstrate how this method can
explain the relationship between a model’s inputs and its outputs. By analyzing the
Informer-LSTM model, which uses a combination of soil temperature, soil moisture,
and meteorological data, SHAP allows us to precisely quantify the influence of each
input variable on the model’s outputs. This provides a deep understanding of the model’s
decision-making process.

Figure 11 reveals the most influential features for soil heat flux in the 1.2 m soil column.
Because the results from the 3.0 m column are similar, we have only included the 1.2 m
data for analysis. The figure indicates that the long-wave radiation, short-wave radiation,
and relative humidity consistently have a significant impact on the model’s predictions,
identifying them as key features. In contrast, soil-related variables (like soil moisture and
temperature) and other meteorological factors (such as atmospheric pressure and relative
humidity) generally have a less pronounced effect on the output.
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Figure 11. Distribution of SHAP values for soil heat flux at different soil depths under varying
input conditions.
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4. Conclusions

This study proposes a hybrid deep learning model Informer-LSTM for simulating
soil water and heat transport processes. Soil water content, soil temperature, and soil heat
flux at various depths of soil profiles with different groundwater levels are simulated and
predicted. We evaluate the performance of the model under various input combinations
from multi-source data, including meteorological factors, groundwater level, and soil
hydrothermal dynamics. We also used SHAP analysis to identify and quantify the influence
of each input feature on the model’s predictions, providing insight into the model’s decision-
making process. Our Informer-LSTM model accurately simulated key soil hydrothermal
variables—including soil water content, temperature, and heat flux—within the soil profiles.

We found that using meteorological data or groundwater levels resulted in high-
precision predictions for soil water and temperature. Specifically, meteorological variables
were better for predicting conditions in the upper soil layers, which are directly influenced
by atmospheric conditions. Conversely, groundwater levels were more effective for predic-
tions in deeper layers, as they are a primary driver of water and heat dynamics far below
the surface. Additionally, we observed a strong two-way predictive relationship between
soil water content and temperature. The accuracy of these predictions was comparable to
those using groundwater levels, with performance improving with increasing depth. This
highlights the close link between soil water and thermal processes.

For both soil water content and temperature modeling, using a single input data type
typically led to better results than combining multiple factors. Introducing a variety of
data, especially for predictions in deeper soil layers, did not improve accuracy and often
degraded performance. This is likely because the model overfit to noise or irrelevant data.
And a key limitation of the soil temperature model was its poor performance during the
latter half of the testing period, showing high error. This suggests the model has limited
generalization capability, likely because our simulation period did not cover a full annual
cycle, including a transition from lower to higher temperatures. Future research should use
a complete annual dataset to more thoroughly verify the model’s stability and applicability
over a longer period.

In addition to using meteorological and groundwater data, we also verified the
Informer-LSTM model’s ability to simulate soil heat flux at top soils (5 and 10 cm) in
both columns. We found that using meteorological data alone consistently produced the
best results. To understand why, we used SHAP (SHapley Additive exPlanations) to ana-
lyze the relationship between the model’s predictions (soil heat flux) and its various inputs.
The SHAP analysis revealed that longwave radiation, shortwave radiation, and relative
humidity were the most influential factors in the model’s predictions. Conversely, soil
moisture and soil temperature had a minimal impact on the model’s output in most cases.

This study introduces a data-driven model to successfully simulate soil water and
heat transport. However, the lack of a full or multiple full annual datasets could restrict
the model’s ability to capture inter-annual variability and seasonal transitions, raising
questions about the generalizability of the model, especially for extreme climatic conditions.
Furthermore, we did observe in our simulations that deep learning methods exhibit limited
generalization capability when modeling soil water content and temperature; incorporating
physical constraints may prove an effective approach. Therefore, further research shall
endeavor to collect longer-term time series data and explore integrating physical processes
during both frozen and unfrozen periods with deep learning methodologies, thereby
validating the model’s applicability across extended time sequences.
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