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Abstract: To solve engineering geological problems, including
water conservancy, transportation, and mining, it is necessary
to obtain information on rock mass structures, such as slopes,
foundation pits, and tunnels, in time. The traditional method
for obtaining structural information requires manual measurement, which is time consuming and labor intensive. Because
geological information is complicated and diverse, it is not
practical for general deep learning methods to obtain full-scale
structural surface trace images to prepare training samples. Transfer learning can abstract high-level features
from low-level features with a small number of training
samples, which can automatically express the inherent
characteristics of objects. This article proposed a rock
mass structural surface trace extraction method based on
the transfer learning technique that considers the attention mechanism and shape constraints. For the general
test set, the accuracy of rock mass structural surface trace
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recognition with the proposed method can reach 87.2%.
Experimental results showed that the proposed method
has advantages in extracting complicated geological structure information and is valuable for providing technical
support for the extraction of geological information in
the construction of water conservancy, transportation,
mining, and related projects.
Keywords: rock mass structural surface, trace extraction,
transfer learning, attention mechanism, shape constraints,
convolutional neural network

1 Introduction
The timely acquisition of information regarding rock
mass structures such as slopes, foundation pits, and tunnels is a necessary basis for evaluating problems in water
conservancy, transportation, mining, and other engineering
projects. Two principle traditional methods, scanline and
window statistics, mainly use measuring tape and compasses to measure structural surface information and are
ineﬃcient and create heavy workloads. Moreover, in water
conservancy and hydropower engineering and highway
and railway projects, most large-scale infrastructure construction encounters alpine gorge environments, and surveying work is very dangerous but necessary. In addition,
the accuracy of manual ﬁeld measuring results is diﬃcult
to guarantee because it largely depends on subjective
judgments. With the development of new technologies,
some noncontact measuring methods have been gradually
applied to rock mass structural information extraction.
Digital cameras mounted on unmanned aerial vehicles
(UAVs) or other ground platforms are used to collect ﬁeld
geological images, and geological characteristic recognition and extraction can be ﬁnished indoors, which signiﬁcantly improves both eﬃciency and safety.
Complicated and diverse rock mass structural surface
traces may mix with nonstructural surface information.
Artiﬁcial identiﬁcation is time consuming and labor intensive, and the results are more subjective. How to extract
This work is licensed under the Creative Commons Attribution 4.0
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rock mass structural surface information from digital images
accurately and automatically is a diﬃcult problem to
solve. Both deep and shallow features of objects could
be well expressed by high-level features abstracted from
low-level features using deep learning technology. This is
advantageous for the extraction of complicated geological
structure information. The ﬁrst mathematical model of
neurons, the MP model, was proposed by Mcculloch and
Pitts in 1943 [1]. In 1986, Rumelhart et al. [2] proposed a
multilayer feedforward network trained by an error back
propagation algorithm (back propagation (BP) network).
The artiﬁcial neural network with multiple hidden layers
proposed by Hinton and Salakhutdinov has excellent feature learning capabilities and can eﬀectively overcome the
training diﬃculties of deep neural networks through “layerwise pretraining,” which led to the study of deep learning
[3]. In recent years, applications of deep learning technologies in the geological ﬁeld have gradually increased. For
example, some studies concentrate on using large-scale
images (e.g., satellite and aerial images) to achieve regional
geological interpretation and to extract landslides, debris
ﬂows, and other macrogeological hazards, while other applications focus on microscale rock lithologies and microﬁssure
identiﬁcation [4,5]. Singh et al. [6] proposed a basalt rock
sample texture recognition method based on deep learning
in which 27 parameters are extracted from the RGB or gray
image of the rock sample slice to construct inputs of the
neural network and classify the rock texture. Li et al. [7]
used the transfer learning method to train sandstone microscopic images and obtain a sandstone microscopic image
classiﬁcation model with high accuracy. Zhang et al. [8]
established a deep transfer learning model for rock image
set analysis and used the transfer learning method to automatically identify and classify rock lithology. Feng et al. [9]
proposed a deep learning lithology automatic recognition
method based on the fresh rock surface image and the
twin convolutional neural network structure and used the
subchannels in the twin convolutional neural network to
extract the global and local feature information of the rock
to construct a descriptor for lithology identiﬁcation. Ullo
et al. [10] combined transfer learning with a pretrained
Mask R-CNN model to detect landslides although training
image annotation led to serious time consumption in their
method. Xu et al. [11] constructed a labeled postearthquake
scene dataset that includes six categories through remote
sensing image segmentation and proposed a postearthquake
multiple scene recognition model based on the single-shot
multibox detector method for postearthquake recognition.
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Lu et al. [12] generated a landslide sample dataset using
orthoimages derived from UAV images and compared
four deep learning and transfer learning landslide feature
models. Their study analyzed the application of diﬀerent
models to landslides with diﬀerent scales. Polat et al. [13]
classiﬁed various types of volcanic rock using transfer
learning methods based on DenseNet121 and ResNet50
networks. In their research, the features of thin-section
images of rocks were extracted with a single-layer fully
connected neural network. Due to the diversity and complexity of structural surface traces, the insuﬃciency of
samples is a diﬃcult problem for the application of general
deep learning technology to identify and extract geological
information in near-ground engineering projects. Transfer
learning provides an important method for rock mass
structure information extraction that requires only a small
number of training samples. Zhang et al. [14] applied the
Inception-v3 model to identify geological structures and
accommodated the geological structure classiﬁcation using
k-nearest neighbors, artiﬁcial neural networks, and extreme
gradient boosting. Chen et al. [15] presented an RS-SMOTEGBT classiﬁcation method for rock trace identiﬁcation. The
hybrid classiﬁer performance for rock trace identiﬁcation is
evaluated by combining the SMOTE technique and hyperparameters optimization algorithms. Xu et al. [16] applied a
deeply supervised object detector to acquire rock position
information and constructed a transfer learning model
based on ResNet to extract rock feature information. Geological objects present complicated structural features and
carry a variety of geological information. The attention
mechanism can train the network model to focus on the
decision-making information and ignore irrelevant geological information in the images, which largely improves its
eﬃciency and accuracy. On the basis of the existing
research on rock surface extraction [17], this article conducts research on the extraction of rock mass structural
surface traces based on deep learning.
In this article, an ResNet-SA (residual network with
shape constraint and attention mechanism) model is proposed for rock mass structural surface trace extraction.
The remainder of this article is organized as follows. The
detailed methodology of the proposed algorithm for rock
mass structural surface trace extraction is introduced in
Section 2. In Section 3, the feasibility and accuracy of the
algorithm are illustrated through experiments using concrete crack datasets and geological datasets with a small
number of samples. Finally, a discussion and our conclusions are summarized in Section 4.
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2 Methodology

multilayer neural network. Compared to H(X), the residual
function f(x) = H(X) − X can avoid gradient disappearance
and is easier to ﬁt in the network training process. The
residual network module is shown in Figure 2.

2.1 Transfer learning
Transfer learning is a learning process that uses the
knowledge from previous models [18,19]. Knowledge can
be transferred within diﬀerent but related domains. Figure 1
shows the schematic of traditional transfer learning between
two domains. Instead of starting from scratch, as is the case in
most networks, new model parameters can be learned and
optimized more eﬃciently with a small number of samples
through transfer learning. As one of the most popular models,
residual networks (ResNets) have various applications in
computer vision and many other areas [20].

2.1.1 Residual network
In deep learning, a larger number of network layers is
helpful to extract more representative characteristics, but
may create the problem of gradient disappearance in network training. ResNet with skip connections can overcome
the aforementioned problem and improve model training
accuracy. The ResNet models mainly include ResNet18,
ResNet34, ResNet50, ResNet101, and ResNet152 [21].
Suppose H is a network layer, the input and output
for which are denoted by X and H(X), respectively. For
residual learning, any function H(X) can be ﬁxed by a

Model A

Task/domain B

Training and evaluation
on the same task or domain

ImageNet is an important standard dataset to evaluate
algorithm performance in image processing research based
on deep learning. There are more than 14 million pictures in
the ImageNet dataset, which are divided into more than
20,000 classes. In this article, the ResNet50 pretrained
neural network model based on the ImageNet dataset oﬃcially provided by PyTorch is used for rock mass structural
surface trace extraction research.
The rock mass structural surface trace dataset and
ImageNet dataset are two diﬀerent but related domains.
Let structural surface trace samples be the input of the
pretrained model for ResNet50, and feature maps of the
model parameters are visualized in Figure 3. The main
characteristics of the structural surface trace are well
reﬂected on shallow features, including color, texture,
and edge, to some extent, as shown in Figure 3(a)–(c).
Therefore, it is appropriate to apply the ResNet50 pretrained model to rock mass structural surface trace recognition and extraction.

2.2 Attention mechanism

Traditional ML
Task/domain A

2.1.2 ResNet model applicability for rock mass
structural surface traces

Model B

Figure 1: The schematic of traditional transfer learning.

Figure 2: The structure of the residual network module.

The attention mechanism in machine learning is a technique mimicking cognitive attention [22] that selectively
concentrates on a few relevant parts of the input data and
ignores the remaining data. Bahdanau et al. [23] applied
attention mechanism to language translation research
and extended it to other ﬁelds. Both channel attention
and spatial attention are used in this article to enhance
the crucial features of rock mass structural surface traces.
The schematic of channel attention and spatial attention
is shown in Figure 4.

Rock trace extraction based on transfer learning
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Figure 3: The feature map visualization results for ResNet50 with geological inputs: (a) f1_conv1; (b) f3_relu; (c) f5_layer1; (d) f8_layer4_1.

2.2.1 Channel attention and spatial attention
The channel attention module considers each channel of
a feature map as a feature detector and only focuses on
the meaningful information provided by an input image.
The channel attention module ﬁlters those channels that
have a negative eﬀect on information transmission to
enhance eﬀective channel weights. The input feature
map is used to generate a channel attention feature
map through width global max pooling, height global
average pooling, and a multilayer perceptron, and the
process is shown in Figure 5(a). The channel attention
feature map is calculated by equation (1).

Mc(F ) = σ (MLP(AvgPl(F )) + MLP(MaxPl(F )))
c
c
= σ (W1(W0(Favg
)) + W1(W0(Fmax
))) .

(1)

The spatial attention module mainly concentrates on
the position and is shown in Figure 5(b). The output of

Channel
Attention Module
Input feature

Figure 4: Schematic of channel attention and spatial attention.

the channel attention module is taken as the input for
spatial attention, and the channel attention feature map
is concatenated by average and max pooling operations.
After pooling along the channel axis, valid feature descriptors are generated. The spatial attention feature map is
calculated by equation (2).

Ms(F ) = σ ( f 7 × 7 ([AvgPl(F ); MaxPl(F )]))
s
s
; Fmax
= σ ( f 7 × 7 ([Favg
])) .

(2)

2.2.2 Visualization validation for ResNet based on the
attention mechanism
Model recognition results may vary with diﬀerent algorithms. The heatmap using only the ResNet50 model and
those that consider the attention mechanism are shown
in Figure 6(b) and (c), respectively. The network model,

Spatial Attention
Module
Refined Feature
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Figure 5: The procedures of attention modules: (a) the channel attention; (b) the spatial attention.

which considers the attention mechanism, could better
concentrate the rock mass structural surface traces. For
complicated geological objects, traces are easier to recognize using an attention mechanism, which shows the
eﬀectiveness of introducing an attention mechanism into
the feature extraction network.

2.3 Transfer learning integrating attention
mechanism with shape constraints
2.3.1 Sample data processing and augmentation
For a convolutional neural network model, robustness in
diﬀerent situations cannot be guaranteed. For example, if
the training data and testing data belong to diﬀerent
domains, the model performance degrades. Rock masses
exist in diﬀerent physical and chemical environments, and
their formation and composition in strata are diﬀerent,
which results in diverse morphologies. The geological

structural surface has various shapes (e.g., linear and
wave-like undulations), its width ranges from millimeters
to kilometers, and the ﬁllings are even more diverse, which
makes it diﬃcult to prepare complete data samples.
Therefore, the lack of data samples is a crucial problem
to be solved for structural surface trace extraction with
deep learning techniques. This article performs the following preprocessing on sample data.
(1) The small number of sample data for the structural
surface traces are acquired by diﬀerent digital cameras,
and various resolutions and multiple views may aﬀect
the dataset generalization. Embossed ﬁltering preprocessing is used to emphasize the shape characteristics of the
traces and weaken the eﬀects of the nonstructural surface
traces in color, texture, and light, as shown in Figure 7.
(2) Existing datasets that approximate geological structural surface traces are identiﬁed. The shape of concrete
cracks is relatively stable, and the distribution is not particularly complicated. Concrete is an artiﬁcial rock that is
similar to geological objects, and the reason for concrete
crack formation is similar to that for geological structural

Figure 6: The heatmap visualization: (a) an input image, (b) the heatmap for ResNet50, and (c) the heatmap for ResNet50 integrated with the
attention mechanism.

Rock trace extraction based on transfer learning
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Figure 7: Examples of structural surface trace characteristics: (a) original images and (b) embossed images.

traces, as both are caused by the mechanism of tension or
shear. Concrete cracks have a certain similarity to structural
surface traces in surface morphology. Concrete crack datasets for deep learning research are now available as open
resources [24–26]. In the case of insuﬃcient structural surface trace samples, the concrete crack dataset can increase the
number of samples and enhance the model’s generalization

of the shape. However, geological structural surface traces
cannot be completely replaced by concrete cracks because
of their inconsistent color and texture characteristics. In this
article, a two-step transfer learning strategy is proposed that
considers a small number of geological trace samples and
concrete crack datasets for structural surface trace recognition
and extraction. Figure 8(a) and (b) show some sample

Figure 8: Sample examples for concrete crack dataset: (a) original samples and (b) shape samples.
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examples of the original data and the corresponding shape
data, respectively.

2.3.2 Transfer learning based on ResNet-SA model
This article modiﬁes the traditional ResNet model and
proposes a ResNet-SA model that enhances the structural
surface trace characteristics and ignores other features.
The network structure is designed as shown in Figure 9.
The RGB sample dataset – the regular input used for

RGB sample
(224u224u3)

Dual-inputs
channel

ResNet50 – is ﬁrst preprocessed by embossed ﬁltering to
generate the shape sample dataset, which is taken as a
dual input together with the RGB sample dataset. In the
proposed ResNet-SA model, three input channels are
replaced with six channels in the ﬁrst convolutional layer
of the ResNet50 model. To maintain synchronous training,
the RGB sample dataset is resampled randomly, and the
resulting indices are used to extract the corresponding shape
sample data to maintain consistency between the two types
of datasets. Compared to the traditional ResNet50 model
structure, both channel and spatial attention mechanisms

Shape sample
(224u224u3)

Conv7u7, c64, s2, p6(112u)
Channel & Spatial Attention
Conv1u1, c256, s1, p0
Conv3u3, c64, s1, p1
Conv1u1, c64, s1, p0

u

Max_pool3u, c64, s2, p1(56u)

Transfer parameters
from Pytorch official

Conv1u1, c512 s1, p0
Conv3u3, c128, s1, p1
Conv1u1, c128, s1, p0

u

Conv1u1, c512, s1, p0
Conv3u3, c128, s1, p1(28u28)
Conv1u1, c128, s1, p0

u

Conv1u1, c1024 s1, p0
Conv3u3, c256, s1, p1
Conv1u1, c256, s1, p0

u

Conv1u1, c1024, s1, p0
Conv3u3, c256, s1, p1(14u14)
Conv1u1, c256, s1, p0

u

Conv1u1, c1024 s1, p0
Conv3u3, c256, s1, p1
Conv1u1, c256, s1, p0

u

Conv1u1, c1024, s1, p0
Conv3u3, c256, s1, p1(7u7)
Conv1u1, c256, s1, p0

u

Channel & Spatial Attention
Ave_pool, 2d_FC, softmax
Figure 9: The structure of the ResNet-SA model.

Attention Mechanism

Rock trace extraction based on transfer learning
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Concrete Crack Dataset

2nd. Trained
ResNet-SA
ResNet-SA
Transfer parameters: Conv2/3/4/5

Rock Trace Dataset

1st. Trained
ResNet-SA

Figure 10: The two-step transfer learning strategy for the ResNet-SA model.

are added to the ﬁrst convolutional layer and the fully connected layers in the proposed ResNet-SA. The weight parameters of all convolutional layers are ﬁne-tuned with a small
learning rate by transfer learning on the ResNet50 model. The
output of the fully connected layer are transformed to two

nodes. The ResNet-SA model is then trained by a combination of the stochastic gradient descent (SGD) optimizer and
the cross-entropy loss function.
Considering the sample insuﬃciency of rock mass
structural surface traces, this article ﬁrst acquires the

Figure 11: Examples of geological structural surfaces in diﬀerent project sites: (a) weak interlayer in the exploration audit of the BH
hydropower project in Xinjiang, (b) the fracture concentrated belt of the Kahala Hydropower Project in Pakistan, (c) horizontal fractures of
the water conveyance tunnel of the Guyuan Water Source Project in Ningxia in China, and (d) ground fractures of the BH hydropower project
in Xinjiang.
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Figure 12: Sample examples of geological structural surface traces: (a) RGB samples and (b) shape samples.

corresponding shape sample dataset according to the
RGB concrete crack dataset. Both the shape dataset and
the RGB dataset were taken as dual inputs for the ﬁrststep transfer learning training of the ResNet-SA model.
For the color and texture diﬀerences between geological
traces and concrete cracks, a small geological trace dataset
is used as inputs for the second-step transfer learning
training to optimize the parameters of the ResNet-SA
model. For the latter, the learning rate should be set to
a smaller parameter. Finally, the ResNet-SA model is
obtained with better generalization to the structural surface traces. The two-step transfer learning strategy for the
ResNet-SA model with the RGB dataset and the shape
dataset of geological traces and concrete cracks is shown
in Figure 10.

Table 1: The division of sample dataset
Type

Tr
Val
Test
Total

Concrete dataset

Rock mass trace dataset

Positive

Negative

Positive

Negative

1,600
200
200
2,000

1,600
200
200
2,000

800
100
100
1,000

800
100
100
1,000

Notes: Tr denotes the training set; Val denotes the validation set;
Test denotes the testing set.

3 Experiments and results
3.1 Datasets
There are few studies on structural surface trace extraction based on deep learning technologies; to the best of
our knowledge, there are no related datasets available
to the public. This article prepares a small dataset of
rock mass structural surface traces acquired from several
large-scale engineering projects, including the NJ and
Kahala Hydropower Projects in Pakistan, the Larsen
Hydropower Project in Laos, the Guyuan Water Project in
Ningxia, and the BH Hydropower Project in Xinjiang,
China. Figure 11 shows several examples of geological
structural surfaces at diﬀerent project sites. The concrete
crack dataset considered in this article is acquired from
Kaggle (https://www.kaggle.com/arunrk7/surfa-ce-crackdetection), which is used for sample data augmentation
and model generalization.
Several sample examples of the geological dataset
are shown in Figure 12. The labeled samples for geological traces and concrete cracks are divided into a
training set, a validation set, and a testing set with a
ratio of 8:1:1, and the details are listed in Table 1. The
training set is used for training (or ﬁne-tuning) networks, while the validation set is used for hyperparameter optimization.

Rock trace extraction based on transfer learning
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Figure 13: Examples of shape samples with diﬀerent preprocessing. (a) Original samples, (b) samples after edge enhancement, (c) samples
after binary transform, and (d) samples after embossed ﬁltering.

3.2 Experiment results and evaluation
The experimental process of the proposed ResNet-SA
model is as follows.
(1) Unlike the ResNet50 pretrained model, the output
features in the fully connected layer of ResNet-SA
are set as two. The three input channels for the RGB
data instead have six channels composed of RGB and
shape data. Both the spatial and channel attention
mechanisms are merged into the ﬁrst and ﬁnal convolutional layers, respectively.
(2) The parameters from the second convolutional layer
to the ﬁfth convolutional layer in the ResNet50 pretrained model are loaded to the ResNet-SA model for
initialization.
(3) The training and validation processes of the ResNetSA model are conducted in two stages. The concrete
sample dataset is applied in the ﬁrst stage, and the
rock mass trace sample dataset is used in the second
stage. The dual input preprocessing and two-stage
transfer learning strategies for ResNet-SA vary with
traditional transfer learning methods.
The RGB sample dataset and the shape sample dataset
are taken as dual inputs in the proposed method. The dual
input data must be loaded with the same sampler to
ensure the correct data correspondence between the RGB
and shape samples.
As the earlier layers of the model have been fully
trained, a smaller learning rate is generally preferred for
ﬁne-tuning in transfer learning training, which mainly
aims at all convolutional layers (or all layers excluding
frozen layers). In this research, the dual input channel

has a large eﬀect on the ﬁrst convolutional layer, and
the learning rate is set by stages and layers, i.e., the
learning rate in the ﬁrst and ﬁnal convolutional layers is
set to 0.001, and that for other layers is set to 0.0001,
which helps to enhance the generalization ability of the
model. A smaller learning rate is adopted for the second
training stage with the rock mass trace sample dataset.
The appearance of geological trace samples diﬀers
across various sensors and photography conditions, which
may aﬀect the generalization performance of the sample
set. However, both the color and texture of the trace
appear to be obviously diﬀerent from those of the surrounding rock mass, and the edge detection technique
has been widely applied in structural surface trace extraction. In this study, three preprocessing methods, including traditional edge enhancement, binary transform, and
embossed ﬁltering, are compared to obtain a more appropriate shape sample dataset. Some shape sample examples with diﬀerent preprocessing are shown in Figure 13.
Three shape sample datasets obtained with the aforementioned preprocessing methods were used for ResNet-

Table 2: Accuracy comparison of diﬀerent shape sample datasets
Shape dataset

Accuracy for
validation set

Accuracy for
test set

Binary samples
Edge samples1
Edge samples2

83.4 ± 0.4
89.8 ± 0.2
90.2 ± 0.2

82.5 ± 0.3
87.9 ± 0.3
88.8 ± 0.2

Notes: Edge samples1 are obtained through traditional edge
enhancement; Edge samples2 are obtained through edge enhancement with embossed ﬁltering.
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Table 3: Accuracy comparison of diﬀerent models
Method

Accuracy for validation set

Accuracy for test set

ResNet50
ResNet-SA1
ResNet-SA

86.5 ± 0.4
88.6 ± 0.3
90.2 ± 0.2

83.9 ± 0.2
86.4 ± 0.3
87.2 ± 0.2

Notes: ResNet-SA1 denotes the model with dual inputs but no attention mechanism; ResNet-SA denotes the proposed model.

SA model training, and the partition is shown Section 2.1.
The validation set and the test set were used for the accuracy assessment of diﬀerent preprocessing methods, and
all the results were averaged over ﬁve random data splits.
The ﬁnal results of the accuracy comparison for diﬀerent
shape samples are listed in Table 2.
Table 2 shows that the accuracy on both the validation set and test set for the ResNet-SA model with the
shape sample dataset preprocessed by edge enhancement is obviously higher than that by binary transform.
Moreover, compared with traditional edge enhancement,
the shape sample dataset from embossed ﬁltering helps
to reach higher model accuracy.
To further evaluate the performance of the proposed
method, two group experiments were conducted in this
article, one of which mainly concentrated on a quantitative evaluation of the attention mechanism in ResNet-SA
and the other on a comparison between the traditional

ResNet50 model and the ResNet-SA model. The accuracy
comparison results for each model are presented in Table 3,
which were averaged over ﬁve random data splits.
For the ResNet50 model, only the RGB sample data are
taken as inputs, while both the RGB dataset and the shape
sample dataset are taken as dual inputs for the ResNet-SA
model. Compared with the traditional ResNet50 model, the
accuracy on the validation set and test set for ResNet-SA is
increased by 3.7 and 3.3%, respectively, and compared
with the model that has dual inputs but does not consider
attention mechanism, the accuracy of the ResNet-SA is
increased by 1.6 and 0.8%, respectively. It can be seen
that the ResNet-SA model considering the attention
mechanism and shape constraints performs best in both
accuracy and generalization.
The accuracy on the test set is slightly less than that
on the validation set in the aforementioned experiments,
indicating the existence of a slight overﬁtting. In traditional transfer learning methods, the parameters in the
bottom convolutional layers are generally ﬁxed, and only
ones in the top convolutional layers are adjusted to avoid
overﬁtting. However, as the particularity of dual inputs in
the proposed method, a larger learning rate is necessary
for the ﬁrst and ﬁnal convolutional layers, and the sample
size used in experiments is not large enough, both of
which may result in overﬁtting. The future work would
try to use smaller learning rate and make more diverse
samples to improve overﬁtting.

Figure 14: Examples of rock mass structural surface trace extraction with the proposed method and ResNet50 model. (a) The original picture
of granite, (b) the result of granite ﬁssure extraction with the ResNet50 model, (c) the result of granite ﬁssure extraction with the proposed
method, (d) the picture of columnar basalt, (e) the result of columnar basalt extraction with the ResNet50 model, and (f) the result of
columnar basalt extraction with the proposed method.

Rock trace extraction based on transfer learning

To more intuitively reﬂect the extraction eﬀect of the
rock mass structural surface traces, two examples of rock
mass structural surface trace extraction with the proposed method and the ResNet50 model are shown in
Figure 14. It is easy to show that noise can be resisted
more eﬀectively using the proposed method.
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structural surface traces, and experiments are designed
to prove the feasibility and eﬀectiveness of the new
method. The method presented in this article provides a
new approach to rock mass structural surface trace extraction in rock mass engineering ﬁelds relating to water conservancy, railways, highways, and mining.
Acknowledgements: The authors would like to thank the
reviewers and editors for valuable comments and suggestions.

4 Discussion and conclusions
Currently, applications of deep learning in geology are
mainly focused on lithology identiﬁcation of rock grinding
pieces and ﬁeld rock samples. In fact, geologists pay more
attention to the mechanical properties of rock masses for
projects in the ﬁeld of engineering construction, such as
water conservancy and transportation, and structural surfaces are one of the key factors determining the mechanical properties of rock masses. However, because of the
complicated and irregular shape of rock mass structural
surface traces, it is diﬃcult to achieve automatic extraction. Inspired by the detection of concrete cracks based on
deep learning, this article considered the deep transfer
learning technique to study structural surface trace recognition in tunnels, slopes, and other engineering projects,
and integrated the attention mechanism and shape constraints into transfer learning. In addition, both the concrete crack dataset and the geological dataset are used for
deep transfer learning model training. In this article, the
accuracy of rock mass structural surface trace recognition
on the test set with the ResNet-SA model reached 87.2%,
and the experimental results thus demonstrated the accuracy and reasonability of the proposed method.
Compared with the traditional deep learning method,
the model proposed in this article simultaneously considers both the color and shape characteristics of the
structural surface traces and has better generalization
performance for the recognition of structural surface
traces with complicated conformations. However, the
number and the type of structural surface trace samples
in the current experiment are still insuﬃcient. To further
improve the generalization performance of the model and
the recognition accuracy of structural surface traces of
various types, future work should continue to study and
improve the structural surface trace recognition method.
The structural surface dataset should be further expanded
to include more characteristics and variability. Moreover,
semantic features should be considered as inputs for
multimodal transfer learning.
In this article, deep transfer learning technology is
applied to the identiﬁcation and extraction of rock mass
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