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A B S T R A C T

Under stress, multiple cracks in the localized damaged zones in mine rock masses will expand and connect, which 
can lead to the rock mass instability and failure. Rapid, accurate identification of cracks within damaged zones 
forms a critical foundation for predicting and preventing rock mass fracture instability. To address the need for 
non-contact precise measurement of mine rock mass fractures, this study proposes an automated method for 
detecting and identifying fractures in infrared thermal images using deep convolutional neural networks. First, 
infrared thermal images containing temperature anomalies during sandstone fracturing are captured via infrared 
thermal imaging. Next, deep learning is used to develop sandstone fracture detection models for infrared thermal 
images based on the SSD and YOLOv5 algorithms. Compared to the YOLOv5 algorithm, the SSD algorithm de
tects sandstone fracture regions with higher accuracy and confidence. Building on this, a convolutional attention 
mechanism is integrated to optimize the SSD algorithm. The optimized algorithm achieves 90.2 % detection 
accuracy for successive difference infrared thermal images, with improved precision in sandstone fracture 
detection. The research results can provide the development of computer vision-based fracture detection tech
nologies for stressed rock masses.

1. Introduction

As shallow resources become increasingly depleted, deep mining has 
emerged as a critical strategic scientific and technological challenge for 
China. Upon entering deep mining zones, the geological environment 
becomes complex, and rock dynamic disasters occur frequently. Frac
ture development in stressed coal and rock masses is a key factor 
contributing to their damage, while the rapid and accurate identification 
of fractures forms an important basis for predicting and preventing rock 
fracture instability [1–5]. During the development of fractures in coal 
and rock masses, infrared radiation effects are generated, and the re
gions where such fractures occur can be identified by analyzing the 
characteristics of infrared radiation parameters. Wu et al. [6–8] con
ducted a preliminary study on the damage precursors of coal and rock 
masses, finding that these materials exhibit three types of infrared 
thermal image characteristics and three types of infrared radiation 
temperature characteristics during the loading process. Liu et al. [9]
employed quantitative characterization indices, including the average 

infrared radiation temperature on coal and rock surfaces, and the 
maximum and minimum radiation temperatures in infrared thermal 
image sequences, to quantitatively analyze the relationship between 
infrared radiation characteristics and coal-rock failure precursors. Li 
et al. [10] used infrared thermography to obtain the state of crack 
expansion during loading damage. Wu et al. [11] proposed the concept 
of “infrared temperature field” and discussed the characteristics of the 
infrared temperature field transient changes during rock fracture 
instability. Ma et al.[12] proposed a temperature variance method for 
differential infrared thermal image sequence maps based on the original 
infrared thermal image sequence maps, which improved the accuracy of 
the infrared radiation characteristics of coal and rock. Liu et al. [13]used 
infrared thermography to study rock damage and damage precursors. 
Zhou et al. [14] analysed the evolutionary characteristics of infrared 
thermal images and the change rule of the average infrared radiation 
temperature of sandstone under different loading rates. In practical 
applications, infrared thermography still encounters challenges. It often 
relies on manual and subjective identification of thermal anomalies 
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within infrared thermograms to pinpoint rock mass fracture locations. 
This methodology, however, significantly compromises fracture recog
nition accuracy. Consequently, enhancing the recognition precision of 
rock mass fractures utilizing infrared thermographic information re
mains an area requiring further investigation. Deep learning, notably 
capable of unsupervised training and extracting salient features from 
complex nonlinear functions, has been widely applied in image pro
cessing and presents potential solutions.

In recent years, scholars have begun to try to introduce deep learning 
techniques into the field of rock crack detection. Zhang et al. [15]
studied the strain field evolution process during the destruction of 
complex fractured rocks based on the YOLO deep learning network 
model while combining the digital image correlation (DIC) method, and 
proposed an algorithm for intelligent and accurate identification of 
dynamic fractures. Xu et al. [16] explored the applicability of these two 
algorithms under different forms of tunnel face fracture through the 
comparison of two algorithms, namely, the Faster R-CNN and the Mask 
R-CNN. By comparing Faster R-CNN and Mask R-CNN algorithms, the 
applicability of these two algorithms in different forms of cleavage in the 
tunnel face is explored. Yuan et al. [17] used the DeepLabv3 + algorithm 
to construct a deep convolutional neural network, and used Mobile
NetV2 as the main feature extraction network to establish a detection 
and segmentation framework for “long line” and “curved” fractures in 
coal roadway excavation working faces, achieving accurate detection of 
these fractures. With the advancement of deep learning in object 
detection, integrating deep learning with infrared thermography for 
non-destructive testing of damage fracture zones in loaded coal-rock 
masses has emerged as a prominent research trend. Lu [18] proposed 
a detection model for differentiating tensile-shear cracks in rock infrared 
thermograms, which enables identification of fracture modes during 
material failure. Huang [19] used the improved Faster R-CNN model to 
process the infrared thermal images of rock cracks, and effectively 
detected and localized the crack areas and their coordinates. Further
more, Jang et al. [20] combined the deep convolutional neural network 
GoogLeNet with infrared thermal images to achieve the automatic 
visualization of macroscopic and microscopic cracks in concrete. Li [21]
proposed an improved SSD model, which reduces the computational 
complexity of the model while improving the detection accuracy of 
small infrared targets. Chen [22] proposed a target detection model 
based on YOLOv5, which can realize dynamic fracture detection and 
recognition for fractured rock specimens. Zhao et al. [23] proposed a 
method for segmenting abnormal areas in infrared thermal images of 
coal based on a multi-scale channel attention module, which can iden
tify damaged areas.

The aforementioned studies take original infrared images as the 
research object. However, these original infrared images exhibit signif
icant background noise, which substantially interferes with accurate and 
effective detection of fracture zones, inevitably leading to false detection 
and missed detection of fractures. Existing algorithms exhibit insuffi
cient accuracy in detecting small-sized targets, thus requiring optimi
zation in combination with application scenarios to improve the 
detection accuracy of small fractures. Based on this, this paper carries 
out infrared radiation tests of loaded sandstone, collects infrared radi
ation images of sandstone, and constructs a dataset of sandstone infrared 
thermal images. The SSD and YOLOv5 algorithms were used to establish 
the infrared thermal image detection model of the loading sandstone 
cracks, and were trained on the dataset to detect the infrared thermal 
images during the whole process of loading sandstone samples. On this 
basis, the convolutional attention mechanism is introduced to optimize 
the algorithm model, which improves the detection of small cracks in the 
infrared thermal images and provides a reference basis for the devel
opment of computer vision-based crack detection technology for 
stressed rock bodies.

2. Experimental design

2.1. Test rock samples and equipment

The test samples were taken from the same rock body and processed 
into cylindrical rock samples with a diameter of 50 mm and a height of 
100 mm, totaling 12 specimens, numbered Ai (i = 1–12). The hydraulic 
servo-controlled testing machine MTS C64.106 was used for uniaxial 
compression tests. This device offers a maximum axial test force of 
1000 kN, with a test force measurement accuracy of ±0.5 %. The 
infrared monitoring equipment was a VarioCAM HD head 880 infrared 
camera with a temperature range of − 40～1200 ◦C, a resolution of 
1024 × 768, and a spectral range of 7.5～14 μm.

2.2. Test methods

The infrared camera was set up at a position 1 m directly in front of 
the sample (as shown in Fig. 1). Movement in the laboratory was strictly 
prohibited to minimize interference. The test employed constant 
displacement loading at a 0.2 mm/min loading rate, and the acquisition 
rate of the infrared camera was 10 frames per second.

2.3. Infrared thermal imaging index

The original infrared thermal image can reflect the infrared radiation 
information and temperature distribution during the loading process of 
the sample. Fig. 2 shows the original infrared thermal images of the 
sandstone A7 sample at various stages. The successive difference 
infrared thermal image is obtained from the original infrared thermal 
image by the first-order forward difference method, which can reflect 
the spatial distribution difference between the original infrared thermal 
image of a certain frame of the sample and the previous frame of the 
original infrared thermal image, so as to find out the characteristics of 
the transient infrared radiation changes. The two-dimensional temper
ature matrix of the pth-frame successive difference infrared image is: 

φp(x, y) = fp+1(x, y) − fp(x, y) (1) 

Where fp(x, y) is the two-dimensional temperature matrix of the pth- 
frame original infrared thermal image; x and y represent the row and 
column numbers of the temperature matrix of the camera, respectively.
Fig. 3 shows the successive difference infrared thermal images of the 
sandstone A7 sample at various stages.

3. Infrared thermal image detection model for sandstone 
fractures

3.1. Dataset establishment

The 236 original and successive difference infrared thermal images 
with temperature anomalies were selected, and the number of training 
samples was increased by angular transformations, flipping, and scale 
transformations of the images, so that the number of training samples of 

Fig. 1. Test system.
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each type was expanded to 3000. According to the PASCAL VOC2012 
dataset specification, the infrared thermal image dataset containing the 
information of crack labeling was produced, and the LabelImg software 
was used to label the cracks in detail, indicating their types and related 
information. Each dataset was randomly divided into two parts, 90 % as 
the training set and 10 % as the test set. The dataset of infrared thermal 
images is shown in Fig. 4.

3.2. Model training

Considering the model’s requirement for strong fitting capability, 
high accuracy, and rapid detection, this paper chooses the one-stage 
algorithm represented by SSD and YOLOv5, which can improve the 
detection speed while ensuring the detection accuracy rate, and is more 
in line with the detection requirements of infrared thermal images.

(1) SSD algorithm model
The SSD network is constructed by replacing the two fully connected 

layers after Conv5 in the VGG network model with two convolutional 
layers, and then adding Conv8, Conv9, Conv10, and Conv11 after fc7 
[21]. The structure diagram of SSD algorithm model is shown in the 
Fig. 5.

(2) YOLOv5 algorithm model
The YOLO series algorithms are widely used in the field of object 

detection. Among them, YOLOv5 can ensure the accuracy of test results 
during the research process, while also having good compatibility with 
various hardware platforms, which greatly reduces the difficulty of 
hardware adaptation [24]. The structure diagram of YOLOv5 algorithm 
model is shown in the Fig. 6.

The model training was carried out in the PyCharm development 
environment, and the framework is PyTorch 1.9. The ImageNet open 
dataset was used for pre-training. The pre-trained model is used for 
further training on the infrared thermal image dataset. This method 
reduces the requirement of the model for the number of datasets, so that 
the dataset can be trained quickly and has high detection accuracy. To 
ensure the fairness of the experiments, we adopted identical training 
strategies and detection box screening criteria for both models. Specif
ically, the SSD algorithm was configured with seven prior box scales: 
(30, 50, 100, 157, 213, 264, 315), a learning rate of 0.0005 during the 
freezing phase and 0.0001 during the unfreezing phase, and a confi
dence threshold of 0.5 for retaining detection boxes during inference. 
The YOLOv5 algorithm strictly adhered to the exact same learning rate 
schedule and detection criteria as the SSD algorithm.

Fig. 2. The original infrared thermal image changes of sample A7.

Fig. 3. The successive difference infrared thermal image changes of sample A7.
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Fig. 4. Example of infrared thermal image dataset.
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The process of the model from training to prediction for infrared 
images is shown in Fig. 7. Infrared image from the dataset was first fed 
into the backbone network of the deep learning model for feature 
extraction. Subsequently, the generated crack-specific feature map was 
propagated to the subsequent modules of the network. The deep 
learning network model outputs six layers of feature maps with different 
sizes, on which several default boxes are divided. All feature maps are 
fed into non-maximum suppression, which selects the default boxes 
from all feature maps to obtain the output results of the deep learning 
network model.

3.3. Analysis of training results

As can be seen from the loss function in Fig. 8, the two models have a 
fast convergence speed during the training process, and with the in
crease of the number of epochs, the loss value gradually decreases and 
eventually stabilizes, which indicates that the models can effectively 
identify the target.

The SSD and YOLOv5 algorithms were trained on original and suc
cessive difference infrared thermal image datasets, respectively, and the 
training results are shown in Fig. 9. The SSD algorithm can detect more 
and finer crack groupings, and its confidence level is also significantly 
improved. When comparing the training results of the two algorithms on 
the original and successive difference infrared thermal images, it is 
found that the successive difference infrared thermal images show better 
training results, with a higher number of detected crack groups, a higher 
degree of refinement, and a higher confidence level.

The model training results are evaluated using metrics such as mAP, 
precision, recall, and F1-score, with the corresponding values presented 
in Table 1. As indicated in Table 1, the successive difference infrared 
thermal imaging dataset yields better training performance than the 
original infrared thermal imaging dataset. Specifically, the SSD algo
rithm trained on the successive difference infrared thermal imaging 
dataset achieves an mAP of 88.5 %, a recall of 52.8 %, a precision of 
96.7 %, and an F1-score of 68.3, outperforming the other three 
scenarios.

3.4. Analysis of test results

The trained SSD model already has good sandstone crack detection 
capability; however, whether it can effectively detect the cracks gener
ated during the whole process of loading to rupture of the loading 
sample still requires a comprehensive inspection of the original, suc
cessive difference infrared thermal images of each sample throughout 
the loading process.

Taking A2 sample as an example, the original infrared thermal image 
of the whole loading process of the sample is expanded through the 
methods of angular transformation, flipping and scale transformation, 
and the original infrared thermal image of the sample is detected by 
using the SSD algorithm, and the detection results are shown in Fig. 10. 
The SSD model detected fractures during both the compaction stage and 
the elastic stage of the specimen, which is inconsistent with the actual 
situation. This indicates that the model has some degree of misdetection 
of the original infrared thermal image.

Fig. 11 shows the detection results of the model on the successive 
difference infrared thermal image of the A2 sample. Compared with the 
original infrared thermal image, the model has no false detection phe
nomenon in the detection of the successive difference infrared thermal 
image and shows a better detection effect.

4. SSD algorithm optimization

The SSD algorithm exhibited poor detection accuracy for small 
cracks and failed to identify some minor cracks. For this reason, the 
attention mechanism module was added to the basic network VGG of the 
original model [25–27].

4.1. Convolutional attention mechanisms

The introduction of this module, Convolutional Attention Mecha
nism Module (CBAM), enhances the weighting of useful features in 
subsequent operations and reduces the impact of irrelevantly informa
tive features on the subsequent network model, allowing more repre
sentative feature regions to be selected as learning regions for the 
subsequent network model to focus on. Keeping the SSD algorithm base 
structure unchanged, two convolutional attention mechanism modules 
are embedded into the SSD network; one convolutional attention 
mechanism module is added after Conv4_3 in the backbone feature 
extraction network, and one convolutional attention mechanism module 
is added after Conv7 in the additional network structure. After the 
improvement, the detection image is processed by the added convolu
tional attention mechanism module to generate a new feature map. The 
optimized SSD algorithm improves the extraction of important 
information.

Fig. 5. Structure diagram of SSD algorithm model.

Fig. 6. Structure diagram of YOLOv5 algorithm model.

Fig. 7. Sample crack detection procedure.
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Fig. 8. Loss function curves of the infrared thermal image dataset for the SSD and YOLOv5 algorithm training.
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4.2. Analysis of optimized model detection results

The successive difference infrared thermal images of the A9 sample 
were examined using the original SSD algorithm and the optimized SSD 
algorithm, respectively, and the results are shown in Table 2.

As can be seen from Table 2, the mAP value, recall, precision, and F1- 
score of the original model for detecting successive difference infrared 
thermal images are 88.5 %, 52.8 %, 96.7 %, and 68.3 % respectively; for 
the optimized SSD algorithm in the crack detection of successive dif
ference infrared thermal images, the corresponding mAP value, recall, 
precision, and F1-score are 90.2 %, 67.1 %, 97.6 %, and 79.6 % 
respectively. These results indicate that adding the convolutional 

attention mechanism to the original SSD algorithm has effectively solved 
the problem of detecting small sandstone cracks. Fig. 12 shows the 
comparison of the successive difference infrared thermal image detec
tion effect of the A9 sample before and after the optimization of the SSD 
algorithm, from which it can be clearly seen that, compared with the 
original SSD algorithm, the optimized algorithm can identify more small 
crack regions that cannot be identified by the original model, and the 
detection accuracy is significantly improved.

In addition, in the infrared thermal image after model detection, the 
area shown by the red box is the temperature increase zone, whose 
fracture damage form manifests is shear damage, while the green part 
represents the temperature decrease zone, whose fracture damage form 
is tensile damage.

5. Conclusions

(1) The dataset of infrared thermal images was constructed, and an 
infrared thermal image detection model for sandstone cracks based on 
SSD and YOLOv5 algorithms was established. Compared with the 
YOLOv5 algorithm, the SSD algorithm can identify the crack region 
more accurately and has a higher confidence level, and the SSD algo
rithm has the best crack detection effect in sandstone successive dif
ference infrared thermal images with better accuracy and generalization 
ability.

Fig. 9. Comparison of training results between SSD Algorithm and YOLOv5 Algorithm: (a) YOLOv5 processing of original infrared thermal image; (b) YOLOv5 
processing of successive difference infrared thermal image; (c) SSD processing of original infrared thermal image; (d) SSD processing of successive difference infrared 
thermal image.

Table 1 
Comparison of evaluation indexes for different models.

Model 
Category

Infrared thermal 
image

mAP 
(%)

Recall 
(%)

Precision 
(%)

F1-score 
(%)

SSD Original 79.6 51.5 95.7 67.0
Successive 
difference

88.5 52.8 96.7 68.3

YOLOv5 Original 63.5 24.1 83.6 37.4
Successive 
difference

76.8 42.8 91.37 58.3

Fig. 10. Test results of the original infrared thermal image model of sample A2.
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(2) The mAP values after training on the original infrared thermal 
image and successive difference infrared thermal image dataset are 
79.6 % and 88.5 %, respectively, and the sandstone crack infrared 
thermal image detection model based on the SSD algorithm has the 
ability of sandstone crack detection, and it has a better detection effect 
on the successive difference infrared thermal image.

(3) By introducing the convolutional attention mechanism, the SSD 
algorithm achieved a mAP value of 90.2 % for detecting cracks in suc
cessive difference infrared thermal images, enhancing sandstone crack 
detection accuracy.
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