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A B S T R A C T

This study introduces the Spatio-Temporal Attention Enhanced Encoder-Decoder Damage Pre
diction Network (STAE-EDDPNet), an innovative deep learning model designed to enhance the 
predictive capabilities of coal-rock damage infrared temperature fields, which is crucial for the 
safe production in rock engineering and mining engineering. STAE-EDDPNet integrates a spatio- 
temporal attention mechanism, significantly improving the capture of complex nonlinear spatio- 
temporal information in rock infrared radiation. Compared with baseline models such as 3DCNN, 
ConvLSTM, and EDDPNet, STAE-EDDPNet demonstrated superior performance in both single-step 
and multi-step forecasting tasks. Test set results show that its predictive accuracy is 25.56% 
higher than 3DCNN, 5.69% higher than ConvLSTM, and 0.19% higher than EDDPNet. The study 
also found that the characteristics of brittle failure rock data significantly affect model training 
and predictive performance, providing a direction for future data collection and experimental 
design improvements. The introduction of STAE-EDDPNet not only promotes the application of 
infrared monitoring technology in the field of safety monitoring but also provides valuable 
reference for rock damage early warning.

1. 1、Introduction

Rock is a complex mechanical medium formed through long-term geological processes, containing natural defects such as 
microcracks and pores at various scales [1,2]. The instability failure of rock is the process of initiation, expansion, aggregation and 
penetration of internal micro-cracks, which is the result of rock damage accumulation. This process determines the destabilizing failure 
course of rock materials and their ability to be sustainably used [3–5]. Therefore, the prediction and quantitative characterization of 
rock damage evolution process under stress is of great significance for the stability monitoring and disaster warning of mining en
gineering and underground space engineering.
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In recent years, technologies such as acoustic emission (AE) [6], resistivity [7], computed tomography (CT) [6,7], ultrasonic waves 
[8], and X-rays [9] have made significant progress in rock damage monitoring [8–10]. However, these methods have certain limi
tations in terms of sensitivity, real-time monitoring, and applicability to complex rock masses. For example, AE is sensitive to envi
ronmental noise, CT and X-ray technologies are expensive and lack real-time capabilities, while ultrasonic and resistivity methods face 
challenges in monitoring complex crack networks. In contrast, infrared radiation monitoring technology, by capturing changes in the 
surface temperature field of rocks, enables non-contact, real-time, and highly sensitive monitoring. It has been widely applied in 
studies on internal damage, fracture behavior, fatigue assessment, and damage evaluation of rock-like materials [11–15]. Some 
scholars have done a lot of research on the IR characteristics and failure precursors of rock materials under different loading condi
tions. Zhao et al. [16] studied the IR and acoustic emission characteristics and precursor characteristics of sandstones with different 
grain sizes, and found that the acoustic emission and AIRT spatial evolution of sandstones with different grain sizes are similar. Liu 
et al. [17] defined a new IR index, Infrared Energy Response of Damage, to describe the crack evolution state inside the rock, 
discovered the precursor of rock rupture, and established a new ontological model of rock damage. Franzosi et al. [18] studied the 
dynamic process of rock cooling by using infrared thermal imager and quantitatively evaluated the rock fracture state. Hao et al. [19]
and He et al. [20] studied the IR rupture precursors of coal samples using the critical moderating theory. In recent years, researchers 
have put forward a variety of statistical quantitative indicators of IR to evaluate the characteristics of changes in IR of rock-like 
materials and to find the precursor of coal and rock fracture. For example, AIRT [21,22], extreme value (maximum and minimum 
temperature value) [23,24], variance [25], differential IR variance [26], infrared image entropy [27], IR b value [28], high tem
perature point scale factor [29], temperature distribution skewness [24,30], temperature distribution kurtosis [30], roughness [31]
and other quantitative evaluation indexes. The damage state and fracture precursor of rock are determined mainly from the 
comparative analysis of IR information time series and stress state. At the same time, the spatial anomaly is assisted by infrared thermal 
image of indicator abnormal time[11,19,23,32,33].

However, the anomaly of infrared information on the rock surface is mainly caused by the temperature anomaly in some areas of 
the infrared thermal image. The description of quantitative indicators is only numerical statistics of the temperature field information, 
and the precursor characteristics are subjective to a certain extent, which cannot simultaneously take into account the historical 
spatiotemporal characteristics of the infrared thermal image sequence of the rock. Therefore, it is difficult to determine the spatial 
location and damage severity of rock surface damage with a single statistical feature. In addition, most of the existing studies are based 
on the temporal characteristics analysis of rock offline data, so it is difficult to predict the surface damage anomaly and the spatial 
location of the anomaly online. Therefore, if the two methods can be combined, that is, the time and space information of rock infrared 
information sequence can be considered at the same time, not only can the long-term monitoring of rock damage risk be realized, but 
also the advance prediction of rock surface damage spatial information can be realized.

With the rapid development of deep learning technology, deep learning forecasting methods have been widely used in nonlinear 

Nomenclature

Symbols
ITF Infrared temperature field
C Number of channels
M, N Row and column indexes of the infrared temperature matrix, respectively
I Infrared temperature field sequence
it, ft, Ct, Ot, Ht Input gate, forget gate, cell State, output gate, hidden state
STAE-EDDNet Spatio-temporal attention-enhanced encoder-decoder damage prediction network
AIRT Average infrared radiation temperature (℃)
AIRTR(v) Average infrared radiation temperature of the reference specimen in the vth frame
Ai Sample number
gL

v ,gR
v Infrared thermogram sequences of the rock loaded specimen and the reference specimen, respectively

gv́ Temperature matrix sequence of the rock infrared thermograms after denoising of the thermal background
u Index of the frame after denoising of the multi-frame cumulative average
s Size of the window
v Matrix frame index
m, n Rows and columns indexes, respectively
k, l Maximal rows and columns frame indexes, respectively
g(u) Infrared radiation temperature matrix sequence after multi-frame cumulative average denoising
U Characteristic domain of rock infrared temperature field data
MAE Mean absolute error
RMSE Root mean square error
R Pearson’s correlation coefficient
ŷt Predicted rock ITF at moment t
yt Real rock ITF at moment t
ŷt ,yt Temperature averages of the predicted and real temperature fields, respectively
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spatio-temporal series forecasting tasks, including traffic flow forecasting [34], precipitation approaching forecasting [35,36], 
typhoon forecasting [37,38], video forecasting [39,40], automatic driving and so on. Shi et al. [36] firstly constructed ConvLSTM 
neural network units by combining convolutional neural network (CNN) with long short-term memory network LSTM, and then 
stacked ConvLSTM units using sequence-to-sequence architecture for precipitation proximity forecasting. And further creatively 
proposed the TrajGRU model [35]. Subsequently, the researchers proposed a series of improved models of ConvLSTM, which have 
been applied in many fields [41–46]. Xiao et al. [47] proposed a spatiotemporal deep learning model using ConvLSTM as the building 
block, which realized the accurate prediction of short and medium SST field. Yao et al. [48] proposed a spatio-temporal surface 
deformation spatial and temporal prediction convolutional long and short-term memory neural network based on temporal inter
ferometric synthetic aperture radar (InSAR) for the prediction of surface deformation in mining areas.

The prediction of infrared temperature field (ITF) on rock surface is a typical spatiotemporal series prediction problem. Therefore, 
the deep learning method can be used to learn and characterize the complex characteristics of the ITF distribution on the rock surface 
and the spatio-temporal changes. In view of the current research status, it is urgent to predict the future ITF of rock damage by 
considering both time and space information of IR. Therefore, based on the infrared thermal image sequence of bearing rocks, this 
paper constructs the infrared spatiotemporal prediction data set of rocks, uses deep learning prediction models and methods, and 
combines the ITF information of rock surface to establish a high-precision prediction model of rock surface temperature field, and 
applies it to short-term prediction and prediction of regional temperature of rock surface. It can provide technical support for 
monitoring and early warning of surrounding rock stability of rock engineering.

The rest of the paper is organized as follows. We first introduce the model and methodology proposed in this paper in Section 2. 
Then, we present the acquisition and processing of the rock damage infrared radiation dataset in Section 3, and make an over-the-top 
multistep prediction of the infrared radiation information during the rock damage evolution in Section 4. Finally, we analyze the 
mechanism of rock damage infrared radiation information evolution as well as the over-advanced prediction mechanism in Section 5, 
and give the conclusions of this paper in Section 6.

2. Methodology

This section mainly defines the problem of IR prediction in the process of rock damage evolution, and introduces the structure and 
method of the IR temperature field prediction model proposed in this paper.

2.1. Problem statement on ITF prediction in rock damage

The goal of IR monitoring and prediction during rock damage evolution is to use previously observed IR thermogram sequences to 
predict multi-step IR thermograms (i.e., temperature fields) for future damage states of rocks. From a machine learning perspective, the 
problem is essentially a spatio-temporal sequence prediction problem. Therefore, the prediction of ITF during rock rupture can be 
regarded as a spatio-temporal sequence prediction task, i.e., based on the temporal and spatial characteristics of the previous ITF 
modeling to predict the subsequent ITF, according to the predicted temperature distribution characteristics of the temperature field to 
achieve the purpose of predicting the hazardousness of the damage degree of the rock early warning.

Firstly, the tensor I ∈ RC×M×N is used to denote the ITF sequence, where M and N denote the row and column indexes of the infrared 
temperature matrix, respectively, and C denotes the number of channels. If we use L = {It− i+1, It− i+2, ..., It− 1} to denote the i-frame ITF 
acquired experimentally, S =

{
It , ..., It+j− 1

}
to denote the j-frame infrared thermal temperature field generated by the model predic

tion, and S =
{
It , ..., It+j− 1

}
to denote the j-frame ITF acquired experimentally (i.e., the real value of the prediction target). Then, the 

ITF prediction problem can be modeled as a pixel-level regression problem from S to S. The main objective is to minimize the error 
between S and S, which can be expressed as: 

It , ..., It+j− 1 = argmax
It ,...,It+j− 1

p
(
It , ..., It+j− 1

⃒
⃒It− i+1, ..., It− 1

)
(1) 

Fig. 1. LSTM structure diagram.
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where p denotes the conditional probability. The above equation indicates that we use the observed IR temperature field of the first 
i frames to predict the IR temperature field of the future j frames.

2.2. LSTM

Hochreiter et al. proposed Long Short-Term Memory Network (LSTM) in 1997, which is similar to RNN and includes input, hidden 
and output layers, the most important feature in the LSTM memory unit is the use of gate structures to realize the retention, forgetting 
as well as updating of sequential information [49]. The structure of LSTM is shown in Fig. 1. There are three gate structures in the LSTM 
unit, which are forgetting gate, input gate and output gate. The input gates are mainly used to process and adjust the input information 
appropriately, the forgetting gates are mainly used to control the retention and forgetting of the historical information, and the output 
gates are mainly used to process the output information of the hidden layer. The formula for the inner gate function of the LSTM is: 

ft = σ
(
Wxf Xt + Whf Ht− 1 + bf

)
(2) 

it = σ(WxiXt + WhiHt− 1 + bi) (3) 

C̃t = tanh(WxcXt + WhcHt− 1 + bc) (4) 

Ct = ft
◦Ct− 1 + it◦C̃t (5) 

ot = σ(WxoXt + WhoHt− 1 + bo) (6) 

Ht = ot
◦tanh(Ct) (7) 

ft denotes the result after the information passes through the forgetting gate at moment t. ft is mapped to the range between 0 and 1 
after the sigmod activation function, 0 means all discarded, 1 means all retained. it denotes the result after the input information passes 
through the input gate. C̃t denotes the state of the cell of the current input, and Ct is the state of the cell at the current moment. Ot 
denotes the result after the input information passes through the output gate at moment t. Ht is the output result of the LSTM cell at 
moment t. Ht-1 is the output of the previous moment, and Xt is the input at moment t. Tanh is the hyperbolic tangent function. The 
symbol ◦ denotes the Hadamard operation between matrices. W and b are the learnable parameters of the model, which are the weights 
and biases of the network, respectively.

2.3. ConvLSTM

ConvLSTM is a combination of convolutional filter and LSTM. Shi et al. [36] changed the feedforward methods in the directions of 
input-to-gate and gate-to-gate in the LSTM cell from pointwise multiplication to convolution operation, which enables ConvLSTM to 
process data with spatial continuity, such as images, videos, etc., and capture long-term dependencies at the temporal level in these 
data, thus realizing long time series of prediction. The basic structure of ConvLSTM is similar to that of LSTM, as shown in Fig. 2. All of 
its computations are realized by convolutional operations. The input gates, forget gates and output gates in the ConvLSTM cell are 
formulated as follows: 

it = σ(Wxi ∗ Xt + Whi ∗ Ht− 1 + Wci
◦Ct− 1 + bi) (8) 

ft = σ
(
Wxf ∗ Xt + Whf ∗ Ht− 1 + Wcf

◦Ct− 1 + bf
)

(9) 

C̃t = tanh(Wxc ∗ Xt + Whc ∗ Ht− 1 + bc) (10) 

Fig. 2. Schematic diagram of ConvLSTM structure.
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Ct = ft
◦Ct− 1 + it◦C̃t (11) 

ot = σ(Wxo ∗ Xt + Who ∗ Ht− 1 + Wco
◦Ct + bo) (12) 

Ht = ot
◦tanh(Ct) (13) 

where * denotes a convolutional operation. Unlike LSTM, the connections between individual gates and inputs in ConvLSTM become 
convolution operations, as do the states.

2.4. Attention mechanisms

CBAM is a lightweight general-purpose module that can be seamlessly integrated into the model with negligible computational 
overhead [50], as shown in Fig. 3. CBAM enhances the feature representation of the network through two sequential modules (the 
channel attention module and the spatial attention module). This allows the model to not only identify which channels are important, 
but also to further localize to important regions within each channel.

2.5. Prediction model of ITF of rock

Rock ITF data contain high-dimensional spatio-temporal information, and an effective spatio-temporal fusion network structure is a 
prerequisite for realizing ITF prediction and warning. In this paper, a coding and decoding network model based on ConvLSTM units is 
designed (Fig. 4). The model integrates a spatio-temporal attention mechanism to enhance the performance of the model, which can 

Fig. 3. Schematic diagram of CBAM structure.

Fig. 4. STAE-EDDPNet model architecture diagram.
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capture the complex nonlinear spatio-temporal information in the rock infrared information, and is used for the spatio-temporal 
prediction of infrared radiation information during the rock damage evolution. In this paper, we refer to it as the spatio-temporal 
attention-enhanced encoder-decoder damage prediction network (STAE-EDDNet).

a) Encoder: The STAE-EDDPNet proposed in this paper consists of two parts: an encoder and a decoder, see Fig. 4. For a given 
sequence of rock infrared radiation temperature matrices X1, X2, …, Xt, the encoder’s task is to encode the input temperature matrix 
sequence into a hidden state with sequential spatiotemporal features. The encoder consists of a stack of multi-layer ConvLSTM units, 
where each layer further abstracts and encodes the input data, extracts spatio-temporal features at different levels, and transmits them 
to the next layer and the next time step. This recursive spatio-temporal structure can extract spatio-temporal features carrying the ITF 
of the rock to a large extent long and decode them for prediction.

b) Decoder: In line with the number of ConvLSTM layers in the encoder, the decoder also consists of multiple layers of ConvLSTM 
cells stacked together, while its task is to decode the output of the encoder to generate the predicted numerical matrix of the rock ITF. It 
is worth noting that the initial input to the decoder is obtained by processing the output of the encoder through the spatio-temporal 
attention mechanism. This is shown in Fig. 3 and Fig. 4.

In Fig. 4, H and C represent the hidden state and time memory unit of the ConvLSTM unit, respectively, with superscripts and 
subscripts representing layers and timestamps, respectively. The number of encoder and decoder steps in the model is consistent with 
the input step and the predicted step, respectively. This design allows the STAE-EDDPNet model to handle input data of various lengths 
and to generate the desired predictive data.

In the STAE-EDDPNet model, the initialization of both encoder and decoder is 0 initialization. This is because we want the network 
to start processing data without any prior information. In addition, the initialization state of all layers of the decoder’s first time step is 
provided by the state of the encoder’s last time step. This is because we want the decoder to be able to take advantage of the features 
and information of the input data extracted by the encoder to generate more accurate predictions.

3. Data acquisition and preprocessing

This section describes in detail the infrared radiation monitoring experiments during rock rupture carried out in this study, as well 
as the methods of obtaining and processing the experimental data.

Fig. 5. Schematic diagram of the experiment.
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3.1. Infrared radiation monitoring experiments on loaded rocks

3.1.1. Experimental equipment and materials
Fig. 5 illustrates the schematic of the experimental setup. The loading apparatus employed in the experiment is an MTS electro- 

hydraulic servo universal testing machine with a maximum load capacity of 1000kN. The infrared camera used is the VarioCAM 
HD head 880 high-definition thermal imaging camera from German manufacturer InfraTec, featuring a temperature range of − 40 ◦C to 
1200 ◦C, a resolution of 1240 × 768 pixels, a temperature sensitivity of 0.02 ◦C, a maximum frame rate of 30 frames per second (fps), 
and a measurement wavelength band of 7.5–14 μm.

The experimental material used in this experiment is sandstone common in mining engineering, geotechnical engineering and other 
engineering fields, and the sandstone samples used are obtained from the whole rock of a quarry in Linyi, Shandong Province. Pro
cessing the sample size of 50 mm × 50 mm × 100 mm cuboid standard specimen, two end surfaces with sandpaper grinding, so that the 
end surface unevenness error is less than 0.05 mm, the height of the two sides of the non-parallel error is less than 0.03 mm, a total of 
40 pieces, numbered Ai (i = 1, 2, …,40). Before the start of the experiment, the experimental material is put into the laboratory 24 h in 
advance, so that the rock sample is consistent with the ambient temperature of the laboratory. The basic physical and mechanical 
parameters of all samples are shown in Table 1. The average peak stress is 59.06Mpa, the average elastic modulus is 4.54Gpa, and the 
average loading time is 525.52 s. Among them, one sample failed to load due to operation error during the experiment, and it was 
numbered A40.

3.1.2. Experimental process
Set the parameters of the instrument before the experiment. Set the loading rate of the loading device to 0.2 mm/min. The 

acquisition rate of infrared radiation monitoring equipment is set to 30 frames /s. Place the reference sample about 10 cm next to the 
loaded sample. The reference sample is at the same level as the loading sample. The infrared thermal imager is about 1 m away from 

Table 1 
Physical and mechanical parameters of samples.

Sample numbering Peak stress (Mpa) Elastic modulus (Gpa)

A1 29.77 3.40
A2 59.79 4.46
A3 58.46 4.23
A4 58.04 4.43
A5 49.93 3.61
A6 58.97 4.96
A7 57.32 5.31
A8 60.36 5.52
A9 48.26 3.04
A10 53.70 3.22
A11 51.68 2.89
A12 58.41 4.19
A13 58.08 4.07
A14 53.04 4.07
A15 58.36 4.57
A16 39.08 2.24
A17 50.88 2.77
A18 58.37 4.33
A19 45.94 3.25
A20 61.21 4.96
A21 57.30 4.60
A22 54.08 3.90
A23 35.48 3.56
A24 59.08 4.41
A25 44.20 2.91
A26 62.12 5.25
A27 48.57 3.23
A28 59.84 4.76
A29 55.56 4.57
A30 58.00 5.58
A31 72.42 5.70
A32 78.41 6.14
A33 95.33 6.48
A34 87.26 5.44
A35 59.94 4.42
A36 68.84 5.64
A37 84.41 4.98
A38 86.52 5.74
A39 66.27 3.29
A40 ​ ​
Average value 59.06 4.54
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the loaded sample. At the same time, before starting the experiment, 0.1kN force is applied to the loaded sample to make the press 
indenter fully contact with the rock. After the preparation is completed, the loading equipment and infrared radiation monitoring 
instrument begin to work at the same time. In order to reduce the influence of the environment on the experimental results, no one 
moved around during the whole experiment, and the doors and Windows in the laboratory were closed to reduce the air flow. During 
the whole experiment operation, the experimenter wore heat insulation gloves and kept quiet during the loading process.

3.2. Rock ITF prediction data preprocessing and data set production

3.2.1. Reconstruction of rock ITF
The infrared radiation information released during the rock damage process can be detected by the detector of the thermal imager 

and recorded as the infrared thermal image sequence. As shown in Fig. 6, in this paper, the infrared thermograms of the rocks in the 
entire thermogram area are resampled and processed into a sequence of temperature matrices of the loaded specimen fL

p (m, n) and a 
sequence of temperature matrices of the reference specimen fL

p (m, n) using matlab2022.

3.2.2. Rock ITF data set denoising
During the experiment, various noises can interfere with the effective information of the infrared radiation from the rock. For 

example, the surrounding environment and equipment radiation, the temperature drift caused by the correction of non-uniformity of 
the whole column of infrared focal plane of the uncooled thermal imaging camera. In order to minimize the influence of noise on the 
experimental results, Sun et al. creatively set up a control specimen during the experiment and found that the average infrared ra
diation temperature (AIRT) of the loaded specimen and the reference specimen have a strong linear correlation, which led to the 
proposal of the background thermal noise correction model [51]. In addition for static infrared image sequences, for the characteristics 
of strong inter-frame correlation and weak time domain correlation of the effective signals, the time domain noise effect on infrared 
temperature can be effectively reduced by utilizing the multi-frame cumulative averaging denoising method [52].

In this paper, based on the above analysis as well as previous studies, the background thermal noise is first removed from the ITF 
data using a reference specimen, and then it is subjected to multi-frame cumulative averaging to remove the temporal noise, which is 
calculated as follows. 

AIRTR(v) =
1
k

1
l
∑k

m=1

∑l

n=1
gR

v (m, n) (14) 

gʹ
v(m, n) = gL

v(m, n) − AIRTR(v) (15) 

g(u) =
1
s

∑us

(u− 1)s+1

gʹ(u)u = 1, 2, ..., [vmax/u] (16) 

where AIRTR(v) denotes the average infrared radiation temperature of the reference specimen in the vth frame; gL
v and gR

v denote the 
infrared thermogram sequences of the rock loaded specimen and the reference specimen, respectively; and gv́ denotes the sequence of 
the temperature matrix of the rock infrared thermograms after denoising of the thermal background. u is the index of the frame after 
denoising of the multi-frame cumulative average, and s is the size of the window. In this paper, the acquisition rate of the thermal 
imaging camera is 30 frames/s. Considering the amount of data computation and the need for analysis, the cumulative window in this 
paper is set to 30, that is, the final ITF sequence per second is obtained. v denotes the matrix frame index, m, n are the rows and 
columns indexes, respectively, and k and l are the maximal rows and columns frame indexes, which are 200 and 100, respectively.

3.2.3. 3D spatiotemporal data construction
In the problem of infrared radiation temperature prediction on rock surface, the dimension of original input data cannot meet the 

input requirements of network model. The main reason is that the original input data cannot fully encode the spatiotemporal infor
mation of temperature field. In order to solve this problem, it is necessary to convert all inputs, unit outputs and unit states into three- 

Fig. 6. Reconstruction of ITF of rock.
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dimensional tensors X ∈ UT×W×H, where U represents the characteristic domain of rock infrared temperature field data, and W and H 
represent the row and column spatial dimensions respectively. Since the rock loading time in this paper is relatively short, the time 
series data is segmented using overlapping sliding windows within the entire time series range of each rock sample to ensure the 
benchmark amount of training data, and the original single-frame infrared temperature matrix is converted into a continuous multi- 
frame time dimension vector in the spatial grid.

4. Experimental setup and results

In this section, we will conduct a series of experiments to evaluate the performance of the proposed model.

4.1. Dataset

In this paper, a total of 39 sandstone specimens were subjected to infrared radiation observation experiments during the bearing 
process. The data sets were randomly divided according to the ratio of 7:2:1 during model training. That is, the infrared radiation 
temperature field sequences of 27 sets of specimens were used as the training set, 7 sets as the validation set, and 5 sets as the test set. 
For each set of infrared radiation temperature field sequences in the training, validation and test sets, each frame of temperature field 
matrix is saved separately in chronological order. Then a sliding window is used to segmentally encode the ITF data of each set of 
specimens in chronological order. The final infrared temperature data set is formed. Where the size of the sliding window will be 
determined experimentally in 4.4.1.

4.2. Experimental setting

In this paper, we compare the proposed model with three other different models, namely 3DCNN, ConvLSTM[36] and the model 
without attention mechanism (EDDPNet). Where EDDPNet is the STAE-EDDPNet model in which the attention mechanism CBAM is 
removed and the initial input of the decoder is replaced by a zero matrix, and the other parameters are consistent with STAE-EDDPNet. 
The 3DCNN model consists of a three-layer 3DCNN layer as well as a two-layer fully connected layer. The number of output channels of 
the three 3DCNN layers are 32, 64, and 128, respectively. The number of ConvLSTM model layers is consistent with STAE-EDDPNet.

During model training and testing, the batch size was set to 8 and the OneCycleLR[53] learning rate tuning strategy was used with 
the maximum learning rate set to 0.003, as shown in Fig. 7. Adam stochastic gradient descent was also used to optimize the network 
model parameters. All models were implemented using pytorch framework as a backend and trained and tested on a single NVDIA 
GeForce RTX 4080 GPU.

4.3. Evaluation metrics

In order to evaluate the performance of the rock ITF prediction model, this paper adopts three indexes, namely, mean absolute error 
(MAE), root mean square error (RMSE) and Pearson’s correlation coefficient (R), for a comprehensive quantitative evaluation of the 
predicted rock surface ITF errors. The definitions are as follows: 

MAE =
1

mn
∑m

i=1

∑n

j=1
|ŷt(i, j) − yt(i, j)| (17) 

Fig. 7. Learning rate change curve.
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RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
mn

∑m

i=1

∑n

j=1
[ŷt(i, j) − yt(i, j)]2

√
√
√
√ (18) 

R =

∑m
i=1

∑n
j=1(ŷt(i, j) − ŷt)(yt(i, j) − yt)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑m

i=1

∑n

j=1
(ŷt(i, j) − ŷt)

2

√ ̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑m

i=1

∑n

j=1
(yt(i, j) − yt)

2

√ (19) 

Where ŷt denotes the predicted rock ITF at moment t. yt denotes the real rock ITF at moment t. ŷt and yt denote the temperature 
averages of the predicted and real temperature fields, respectively. m, n denote the rank indexes of the rock ITF, respectively.

4.4. Prediction results of infrared radiation temperature field of rock damage

4.4.1. Model layer number, hidden layer state number and sliding window
In this section, the single-step prediction strategy is adopted, and the following three types of experiments are carried out to 

determine the number of hidden layer states, the number of model layers and the sliding window in the model.
(1) Number of hidden layer units:the number of model layers is fixed to 3, and the number of hidden layer states of ConvLSTM 

units in STAE-EDDPNet is set to 80, 64, 48, 32, 24, 16, 12, and 8, respectively. The performance of different numbers of hidden layer 
states in the validation set is shown in Fig. 8. As can be seen from the table, the overall performance of the model in the validation set is 
as follows: as the number of hidden layer states goes from small to large, the model performance goes from strong to weak, and then 
becomes strong again. When the number of hidden layers is greater than 16, although the model indicators show that the model 
performance is gradually enhanced, however, the model has a weak overfitting phenomenon, which is manifested in the fact that the 
training error is decreasing, while the validation error is slightly increasing.

In addition, the size of the temporary tensor generated by the convolution operation during model computation directly affects the 
overall model storage space occupation. Too large number of hidden layer units will lead to GPU memory overflow. Therefore, taking 
into account the model’s computational volume, space occupation computational efficiency and other issues, this paper sets the 
number of hidden layer states to 8.

(2) Number of model layers: based on the optimal number of hidden layer states from experiment (1), the number of hidden layer 
states is fixed to 8, and the number of model layers is set to 2, 3, 4, 5, and 6. The performance of different model layers in the validation 
set is shown in Fig. 9. The training time increases with the increase of the number of model layers, and the RMSE and MAE indexes are 
minimized when the number of model layers is 5. In th[6]is paper, the number of model layers is set to 5.

(3) Sliding window: Similarly, in order to determine whether repeated sliding Windows are used in the formation of data sets, 
according to the experimental results of (1) and (2), the number of model layers is 5, and the hidden layer unit is set to 8. Assuming the 
input step size is j, when s = j, it is a sliding window without repetition. When s < j, there are repeated sliding windows. The duplicate 
sliding window and the non-duplicate sliding window will affect the redundancy of input information and have a great impact on the 
model prediction performance.

In order to determine the optimal sliding window size for our dataset, we conducted a series of representative experiments. 

Fig. 8. Performance of the model in the validation set for different size hiding states.
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Initially, with the input step size fixed at j = 5 and the prediction step size at 1, we evaluated the model’s performance across datasets 
with varying sizes of sliding windows, as illustrated in Fig. 10. Observing the results, it becomes evident that increasing the sliding 
window size leads to reduced memory usage within the dataset, shorter training times, and higher computational efficiency. However, 
this comes at the expense of gradual degradation in model performance. Notably, when the sliding window size is set to 2, significant 
improvements in model performance are observed, while the training time is only about half that of a window size of 1. Therefore, in 
this study, we set the sliding window size to 2. This choice strikes a balance between computational cost and information redundancy, 
optimizing the overall performance of the model.

4.4.2. Predicting the spatio-temporal temperature field of rock damage in infrared
Space-time sequence prediction includes single-step and multi-step space–time sequence prediction. When j = 1 in Equation (1), it 

represents single-step prediction, i.e., predicting the next observation value based on historical space–time data. When j > 1, it rep
resents multi-step prediction, i.e., predicting observation values for the coming period based on historical space–time data. In this 
paper, the model performance is evaluated from both the perspectives of single-step prediction and multi-step prediction.

4.4.2.1. Single-step prediction. This section evaluates the performance of STAE-EDDPNet and baseline models on single-step prediction 

Fig. 9. Performance of models with different number of layers in the validation set.

Fig. 10. Model performance in different sliding window data sets.
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of rock damage status dataset. The performance of different models with varying input time step sizes is shown in Table 2.
According to the analysis of Table 2, increasing the input time step size has a dual impact on the model performance: the initial 

phase prediction accuracy and performance improve, but performance begins to decline after surpassing the optimal point. Mean
while, training time and floating-point operations (FLOPs) show linear growth. Particularly, when the input time step size reaches 17, 
the STAE-EDDPNet model demonstrates the best performance in evaluation metrics such as RMSE, MAE, and R.

Furthermore, under the condition of an input step size of 17, we compared various baseline models. The results indicate that the 
performance of the 3DCNN model is the poorest, while ConvLSTM performs similarly to EDDPNet. It is noteworthy that the proposed 
STAE-EDDPNet model outperforms other baseline models in evaluation metrics such as RMSE, MAE, and R. Taking RMSE as an 
example, the model proposed in this paper improves the performance by 38.25 % over 3DCNN, 1.63 % over Covlstm, and 1.40 % over 
EDDPNet. This further highlights the significant role of the space–time attention mechanism module (CBAM) in model optimization.

4.4.2.2. Multi-step time prediction. In this study, we fixed the model’s input time step size at 10 and examined the influence of different 
prediction time step sizes on the model’s performance, as shown in Table 3. The consistent evaluation metrics of RMSE, MAE, and R 
indicate that as the prediction time step size increases, the model’s performance gradually declines, primarily due to the increase in 
cumulative errors. Although the growth in prediction time step size leads to an increase in computation time and FLOPs, longer 
prediction steps are crucial for disaster early warning, especially in the progressive failure process of rocks. Despite the presence of 
error accumulation, longer prediction time step sizes still hold significant predictive value.

Under the condition of an input time step size of 10 and a prediction time step size of 5, the proposed STAE-EDDPNet model 
demonstrates significant performance advantages over other baseline models in multi-step prediction tasks. Taking the RMSE indicator 
as an example, the performance of STAE-EDDPNet is 29.18 % higher than that of 3DCNN, 7.12 % higher than that of ConvLSTM, and 
0.41 % higher than that of EDDPNet. The 3DCNN model’s performance on evaluation metrics is not satisfactory, and it consumes far 
more computational resources (FLOPs and training time) than other models, exhibiting lower efficiency. Compared to single-step 
prediction, the performance of the ConvLSTM model sharply declines in multi-step prediction. Further analysis reveals that STAE- 
EDDPNet surpasses its base model EDDPNet in evaluation metrics such as RMSE and MAE, thereby proving the effectiveness of the 
space–time attention mechanism module (CBAM) in enhancing prediction accuracy.

4.4.3. Spatial prediction accuracy assessment
To evaluate the spatial prediction accuracy of the model, we conducted testing on the test set and visualized the prediction results. 

The five test sets are samples A4, A23, A33, A30, and A39. Table 4 displays the overall performance of the model on these test sets. The 
proposed model demonstrates the most outstanding performance across these test sets. Specifically, in terms of the key evaluation 
metric RMSE, the performance of STAE-EDDPNet is 25.56 % higher than that of the 3DCNN model, 5.69 % higher than ConvLSTM, and 
0.19 % higher than EDDPNet, proving its superiority in spatio-temporal prediction accuracy.

Fig. 11 depicts in detail the stress curves of five rock samples in the test set along with the corresponding variations in average 
infrared radiation temperature (AIRT). Although the infrared radiation variations of each sample fluctuate over time, the overall trend 
shows temporal consistency. The variation in AIRT undergoes initial small-scale fluctuations, followed by accelerated growth, and 
ultimately exhibits a sudden change at the moment of rock rupture. This process is directly linked to the cumulative damage expe
rienced by the rock under stress [17,24,54–56].

In this study, using sample A39 as an example, a qualitative analysis was conducted on the spatial prediction accuracy of different 
models for the ITF of rock damage at different loading times (three time points represented as a, b, and c in Fig. 11).

a) During the initial loading phase
In Fig. 12, we present a test instance (at time point a) during the initial loading phase before the peak load for sample A39. During 

this loading stage, the rock undergoes initial compaction, where internal primary cracks and micropores are compacted, accompanied 
by partial frictional heating effects. The distribution of the ITF of rock damage is relatively uniform, with the damaged infrared 
temperature being relatively low. For this instance, the model receives 10 frames as input and predicts the subsequent 5 frames. In 
other words, it predicts the damage temperature field for the next 5 s based on the temperature field data from the previous 10 s. Upon 

Table 2 
The performance of models in single-step prediction under different input step sizes.

Models RMSE (↓) MAE (↓) R (↑) Time (min/epoch) FLOPs/GB Parameters/MB

STAE-EDDPNet (3–1) 4.33 475.73 0.75 1.26 1.81 28.86
STAE-EDDPNet (5–1) 4.28 470.02 0.76 2.04 2.72 28.86
STAE-EDDPNet (7–1) 4.27 469.83 0.76 2.46 3.63 28.85
STAE-EDDPNet (9–1) 4.31 471.78 0.76 3.22 4.53 28.86
STAE-EDDPNet (11–1) 4.28 468.66 0.76 4.02 5.44 28.86
STAE-EDDPNet (13–1) 4.26 466.43 0.76 4.43 6.34 28.86
STAE-EDDPNet (15–1) 4.24 464.54 0.76 5.23 7.25 28.86
STAE-EDDPNet (17–1) 4.23 463.32 0.76 5.59 8.15 28.86
STAE-EDDPNet (19–1) 4.27 467.73 0.76 6.34 9.06 28.86
STAE-EDDPNet (21–1) 4.28 469.01 0.76 7.05 9.96 28.86
3DCNN 6.85 761.63 0.25 4.26 10.60 94.31
ConvLSTM 4.30 470.81 0.76 5.32 7.70 14.43
EDDPNet 4.29 470.74 0.76 5.50 8.15 28.86
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examining the prediction results, it’s evident that the damage temperature field predicted by the 3DCNN model appears blurry with 
significant errors. Comparatively, ConvLSTM, EDDPNet, and STAE-EDDPNet exhibit better prediction performance. However, since 
the rock is in the initial loading phase and the ITF differentiation is not prominent, it’s challenging to intuitively evaluate the per
formance of the three models from the graph. Therefore, using the RMSE metric as an example, the prediction accuracy of each model 
for each frame is evaluated.

Fig. 13 depicts the frame-by-frame evaluation metrics for the prediction instances at loading time points a and b for sample A39. 
From panel (a) of the figure, it can be observed that the prediction accuracy of ConvLSTM is consistently lower than that of EDDPNet 
and STAE-EDDPNet for each frame. EDDPNet performs slightly worse than STAE-EDDPNet. The prediction indicators of the first to 
fifth frames in the initial loading phase show that the prediction accuracy of STAE-EDDPNet for the first frame is always greater than 
that of the subsequent frames, which is caused by error accumulation. On average, in the early stage of loading, the prediction accuracy 
of the STAE-EDDPNet model is 40.60 % higher than that of the 3DCNN model, 9.93 % higher than that of ConvLSTM, and 2.20 % 

Table 3 
The performance of the models in multi-step prediction with a fixed input time step size.

Models RMSE (↓) MAE (↓) R (↑) Time (min/epoch) FLOPs/GB Parameters/MB

STAE-EDDPNet (10–1) 4.33 472.57 0.75 3.41 4.98 28.86
STAE-EDDPNet (10–2) 4.54 494.05 0.74 4.07 5.45 28.86
STAE-EDDPNet (10–3) 4.63 505.26 0.72 4.26 5.89 28.86
STAE-EDDPNet (10–4) 4.74 517.80 0.71 4.52 6.34 28.86
STAE-EDDPNet (10–5) 4.83 528.86 0.70 5.10 6.79 28.86
STAE-EDDPNet (10–6) 4.91 538.89 0.69 5.34 7.25 28.86
STAE-EDDPNet (10–7) 5.07 552.22 0.68 5.54 7.70 28.86
STAE-EDDPNet (10–8) 5.07 556.60 0.67 6.12 8.15 28.86
STAE-EDDPNet (10–9) 5.14 563.69 0.67 6.37 8.60 28.86
STAE-EDDPNet (10–10) 5.16 567.23 0.66 6.58 9.06 28.86
3DCNN (10–5) 6.82 760.07 0.25 2.52 55.52 51.64
ConvLSTM (10–5) 5.20 573.17 0.66 3.32 4.53 14.43
EDDPNet (10–5) 4.85 531.69 0.70 5.03 6.79 28.86

Table 4 
The model’s performance in the multistep prediction in the test set.

Models RMSE (↓) MAE (↓)

3DCNN 7.12 779.00
ConvLSTM 5.62 599.43
EDDPNet 5.31 560.67
STAE-EDDPNet 5.30 559.94

Fig. 11. The stress, AIRT, and time curves for each rock sample in the test set.
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higher than that of EDDPNet.
b) During the mid-term loading phase
Fig. 14 illustrates a test instance of sample A39 during the mid to late stages of loading (loading time point b). From the input image 

in the figure, it can be observed that during the mid to late stages of loading, high-temperature regions appear in the ITF of rock 
damage. At this stage, influenced by the cumulative effects of thermoelasticity and frictional heating during the elastic deformation 
and plastic deformation stages, the surface temperature of the rock sample is higher than that during the initial loading, with the high- 

Fig. 12. The prediction results and error distribution plots of each model for the test instance corresponding to loading time point a of sample A39.

Fig. 13. The evaluation metrics for each frame of the prediction instances at loading time points a and b for sample A39.
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temperature regions located in the central part of the rock sample. The performance of each model is similar to that during the initial 
loading phase, with 3DCNN still unable to provide satisfactory prediction results. The performance of the other three models remains 
consistent with that during the initial loading phase. The same conclusion can also be drawn from Fig. 13 (b). Overall, in the mid-term 
loading phase, the advance prediction accuracy of the STAE-EDDPNet model is 40.71 % higher than that of the 3DCNN model, 7.92 % 
higher than that of ConvLSTM, and 1.32 % higher than that of EDDPNet.

c) During the final loading phase
Fig. 15 represents the last instance in the damage image sequence of sample A39, which includes macroscopic cracks in the ITF of 

damage. At this loading time point, the rock sample gradually exhibits strain softening effects, with the load-bearing capacity of the 
sample gradually decreasing, entering the post-peak loading stage. Compared to the actual damage temperature field data, the pre
diction of the damage temperature field by the 3DCNN model is very poor, with not only blurry temperature field data but also many 
details not being reflected. Although the prediction results of the ConvLSTM model have improved, the errors are still significant. The 
prediction effects of EDDPNet and STAE-EDDPNet are similar, but the prediction results of STAE-EDDPNet exhibit more details. 
Additionally, it is noteworthy that macroscopic cracks appear in the real data at T = 13, 14, and 15, but these are not reflected in the 
effect images predicted by all models, as clearly shown in the error plots.

In Fig. 16, the frame-by-frame evaluation metrics for the prediction instance at loading time point c of sample A39 are presented. 
From Fig. 16, it can be observed that the performance of STAE-EDDPNet is consistent with what was observed in Fig. 15. None of the 
models can effectively extract the spatio-temporal evolution characteristics of macroscopic cracks, resulting in larger prediction errors 
as the prediction step increases. However, this cumulative error is not very evident in the prediction errors at loading time points a and 
b. This indicates that the models have weaker spatio-temporal feature extraction capabilities for the late loading stage. From the 
overall prediction results in the final loading phase, it is found that the advance prediction accuracy of the STAE-EDDPNet model is 
40.49 % higher than that of the 3DCNN model, 26.58 % higher than that of ConvLSTM, and 1.28 % higher than that of EDDPNet.

This phenomenon is closely related to the dataset. In this study, when creating the dataset, the data was first subjected to multi- 
frame cumulative denoising and compressed to integer-second level. During the dataset creation process, the temperature field 
data of rock damage for the next 5 s was predicted based on the rock damage data for the previous 10 s, with a sliding window of 2. As a 

Fig. 14. The prediction results and error distribution plots of each model for the test instance corresponding to loading time point b of sample A39.
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result, the number of temperature field data containing macroscopic cracks in the input data to the model is relatively small because 
the time at which each macroscopic crack appears does not exceed 15 s. This can be explained by the stress curve in Fig. 11. From 
Fig. 11, it can be seen that the final rupture of the sample is a clear brittle failure. After the peak stress, the stress on the rock drops 
instantly, the rock loses its load-bearing capacity, macroscopic cracks appear on the surface, and the AIRT undergoes a sudden change. 
Therefore, these reasons lead to the model not effectively capturing the spatio-temporal evolution characteristics of macroscopic 

Fig. 15. The prediction results and error distribution plots of each model for the test instance corresponding to loading time point c of sample A39.

Fig. 16. The frame-by-frame evaluation metrics for the prediction instance at loading time point c of sample A39.

Q. Gao et al.                                                                                                                                                                                                            Engineering Fracture Mechanics 315 (2025) 110811 

16 



cracks.
To further validate the above explanation, this study conducted error statistics on all instances in the test dataset. There are a total 

of 1440 instances in the test dataset, and each instance was predicted by the model, and the results were compared with the real 
dataset. Using RMSE as the evaluation metric, the results are shown in Fig. 17. It can be observed that the STAE-EDDPNet model 
exhibits a sudden increase in the prediction evaluation metrics for the late loading stage of each sample. This indicates that the 
proposed model has weak spatio-temporal feature extraction capabilities for the ITF of rocks in the late loading stage, while the 
prediction performance of the damage ITF in other loading stages is relatively stable. Therefore, if the prediction errors of rock damage 
in the post-peak deformation stage are not considered, the average prediction error of the proposed model will be significantly 
reduced, enabling effective extraction of the spatio-temporal features of rock damage ITF and advanced prediction.

5. Discussion

5.1. Ideas for modeling the prediction of ITF in rock damage

The infrared radiation temperature field sequence during the evolution of rock damage exhibits significant temporal and spatial 
correlations [52,57–60]. Temporal correlation is manifested in the dynamic changes over time in the infrared radiation energy transfer 
(heat transfer) received by the rock surface from internal voids and microcracks development (due to stress), mainly reflected in the 
trend of changes in the heat radiation information per unit time interval on the rock surface (as shown in Fig. 11). Spatial correlation is 
reflected in the differences in heat radiation across different areas of the rock surface, primarily related to the spatial positions of 
internal microcrack, microvoid expansion, and nucleation breakthrough in the load-bearing rock[57] (as indicated by the damage ITF 
inputs in Fig. 12, Fig. 14, and Fig. 15). Therefore, spatiotemporal advance prediction of the infrared radiation temperature field during 
the rock damage evolution process is theoretically feasible. Regarding the establishment of predictive models for the ITF on the rock 
surface, there are generally two approaches: theoretical physics-driven models and data-driven models.

Theoretical physics-driven modeling involves utilizing a series of physical equations associated with changes in the surface ITF 
during the evolution of rock damage. While this method is highly interpretable, the complexity, nonlinearity, and heterogeneity of rock 
damage make it challenging to establish physical equations for the infrared radiation changes during the damage evolution process. As 
a result, the physical mechanisms of infrared radiation changes during rock damage evolution are mostly qualitatively explained, 
making it difficult to establish physical equations for these changes. Therefore, this method is difficult to implement and requires 
further research into the physical mechanisms of infrared radiation changes during rock damage evolution.

Data-driven models, on the other hand, establish predictive models for the entire damage evolution process based on objective 
historical data of factors influencing rock damage and the infrared radiation during damage evolution. These models delve deep into 
large-scale datasets to discover complex patterns and trends hidden within, avoiding the need for complex internal mechanism 
derivation. This modeling approach, based on historical data and trends in rock infrared radiation, offers significant advantages in 
enhancing decision-making, reducing subjective biases, and deepening understanding of the problem.

5.2. The significance of advanced prediction of rock ITF

This study provides an innovative solution for the early identification of rock mass damage and disaster early warning, especially by 
utilizing the non-contact and real-time monitoring characteristics of infrared radiation technology, which offers effective technical 
support for safe production in geotechnical engineering. With the continuous development of geological disaster monitoring and early 
warning technologies, the application prospects of infrared radiation monitoring technology in practical engineering are becoming 
increasingly broad. By extracting the spatiotemporal features of infrared radiation temperature fields, this study can monitor the 
damage evolution of rock masses in real time and predict future damage development through data analysis. This provides an early 
warning mechanism to prevent the sudden occurrence of disasters, making it of significant engineering application value.

This technology has broad application scenarios in geotechnical engineering, not limited to tunnels and mines, but also extending 
to complex engineering environments, including: 

▪ Rock damage monitoring in underground tunnels and mines: The stability of surrounding rock in tunnels and mines is 
critical to engineering safety. Infrared radiation technology can monitor real-time changes in the temperature field of tunnel 
or mine walls, detecting early signs of crack propagation caused by stress concentration, and providing early warnings of rock 
bursts or instability.

▪ Monitoring the stability of coal pillars: By monitoring the temperature changes in coal pillars with infrared radiation, it is 
possible to identify stress-concentrated damage areas in advance, preventing disasters caused by coal pillar instability.

▪ Slope stability monitoring: Slopes in open-pit mines or large excavations are prone to instability due to factors like rainfall 
and weathering. Infrared radiation monitoring technology can detect abnormal temperature fields on slopes in time, track the 
crack propagation process, and prevent landslides and collapses.

▪ Health monitoring of dam structures: Infrared radiation technology can be used to monitor the temperature field of dams, 
detecting leaks or crack propagation due to stress concentration or changes in water pressure. This provides early warning of 
dam instability and ensures reservoir safety.
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▪ Monitoring underground reservoirs and energy storage facilities: The long-term stability and sealing of rock are critical 
for underground reservoirs or energy storage facilities. Infrared radiation monitoring can capture signs of crack propagation 
and leakage in real time, ensuring the safety of these facilities.

▪ Monitoring high-stress zones in deep mining: High-stress zones in deep mines are prone to deformation and failure. By 
monitoring the temperature changes in these zones with infrared radiation, it is possible to predict damage and deformation in 
advance.

▪ Rock damage monitoring induced by earthquakes: In seismically active areas, infrared radiation technology can be used 
to monitor rock damage caused by earthquakes, providing post-earthquake assessments of rock stability and preventing 
secondary disasters.

▪ Fracture monitoring during hydraulic fracturing: In the hydraulic fracturing process of oil and gas extraction, infrared 
technology can monitor temperature changes during crack propagation, ensuring the safety and effectiveness of fracturing.

Through these wide-ranging applications, infrared radiation technology not only plays a crucial role in real-time monitoring but 
also predicts future disasters based on historical data, making it especially suitable for continuous monitoring of hazardous areas. 
Compared to other monitoring methods, infrared radiation monitoring offers significant advantages such as non-contact operation, 
high sensitivity, and wide applicability, playing a key role in early warning systems for safe production in complex geotechnical 
engineering environments. The widespread adoption of this technology can provide robust safety assurance for projects such as mines, 
tunnels, dams, and underground reservoirs.

5.3. Limitations and future research prospects

This study has preliminarily achieved advanced prediction of rock damage infrared temperature fields at the laboratory scale, with 
some positive results. However, there are still several limitations: First, the model’s ability to extract spatiotemporal features of rock 
damage during the entire stress loading stage is not yet comprehensive, especially in handling complex crack evolution processes. To 
further improve model performance, future efforts will focus on optimizing the dataset through the collection of post-peak rock data 
and refining experimental designs to ensure the model can effectively capture damage features at all stages. On the other hand, from 
the prediction results of the early and middle loading stages, it is observed that as the prediction lead time increases, there is still a 
phenomenon of error accumulation. To address this, future research will incorporate adversarial neural networks and the fusion of 
multi-physics field features to further enhance the accuracy and robustness of advanced prediction.

Additionally, this study was conducted under a single rock type (such as a specific type of coal or sandstone) and a single loading 
path, without considering the complex conditions of different rock types, water content states, and loading paths. Different types of 
rocks, due to differences in their physical and mechanical properties, may exhibit different infrared radiation evolution characteristics, 
which limits the broad applicability of the model. Future research will expand to include experiments on multiple rock types, different 
water content states, and various loading paths to validate the universality and scientific validity of the advanced prediction method 
for infrared temperature fields. This will provide more reliable theoretical support and technical references for safety monitoring in 
production sites under complex stress environments and hydrogeological conditions.

In practical engineering applications, the implementation of the prediction model proposed in this study may face various chal
lenges, such as environmental temperature fluctuations, sensor calibration and deployment, and differences in rock types. For 
instance, diurnal temperature variations and weather changes may introduce noise that affects the prediction accuracy of the model; 
sensors may experience data drift due to site conditions; and differences in rock composition and water content can significantly 
influence infrared radiation characteristics. Therefore, in future research, not only should data collection and model training processes 
be improved in laboratory settings, but algorithms for environmental temperature calibration, sensor drift correction techniques, and 
model adaptation methods based on transfer learning should also be developed to enhance the model’s generalization ability and 

Fig. 17. Evaluation index distribution map of all test cases of each sample in the test set.
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applicability.

6. Conclusion

In this paper, the temporal and spatial characteristics of the ITF of rock damage are extracted and the single time step and multi- 
time step length are predicted. The main conclusions are as follows: 

(1) A deep learning network, STAE-EDDPNet, was established for the first time for predicting the infrared temperature field of rock 
damage. Through experimental comparisons, the number of layers, the number of hidden units, and the sliding window size of 
the dataset were determined to be 5, 8, and 2, respectively. This model is a spatiotemporal attention-enhanced encoder-decoder 
prediction network, and the spatiotemporal attention mechanism module improved the network’s predictive performance by 
0.19 %.

(2) In both single-step and multi-step forecasting, the model proposed in this paper outperforms other baseline models in evaluation 
metrics such as RMSE and MAE. Taking RMSE as an example, in single-step forecasting, the model proposed in this paper 
achieved a 38.25 % improvement over 3DCNN, a 1.63 % improvement over ConvLSTM, and a 1.40 % improvement over 
EDDPNet. In multi-step forecasting, STAE-EDDPNet’s performance was improved by 29.18 % compared to 3DCNN, by 7.12 % 
compared to ConvLSTM, and by 0.41 % compared to EDDPNet.

(3) In both single-step and multi-step forecasting, the model proposed in this paper outperforms other baseline models in evaluation 
metrics such as RMSE and MAE. Taking RMSE as an example, in single-step forecasting, the model proposed in this paper 
achieved a 38.25 % improvement over 3DCNN, a 1.63 % improvement over ConvLSTM, and a 1.40 % improvement over 
EDDPNet. In multi-step forecasting, STAE-EDDPNet’s performance was improved by 29.18 % compared to 3DCNN, by 7.12 % 
compared to ConvLSTM, and by 0.41 % compared to EDDPNet.

(4) The dataset of rock damage ITF significantly influences the prediction results of damage. Due to the short loading time after the 
peak for brittle rock, there is limited information in the data regarding the post-peak evolution of rock damage. This results in a 
weaker ability of the model during the training phase to extract the spatiotemporal characteristics of the ITF during the post- 
peak loading stage, ultimately reducing the prediction performance of the ITF during the post-peak damage stage. In the future, 
it is necessary to further address these limitations through improvements in data collection, processing, and experimental 
design.

(5) The concept of advanced prediction of rock damage ITF based on data-driven theory was proposed for the first time, and the 
feasibility of this idea was verified. The study found that the application of infrared radiation monitoring technology in the 
advanced prediction of rock damage is feasible, which has a driving effect on the application of infrared monitoring technology 
in the fields of mining and rock engineering safety monitoring.
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