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a b s t r a c t

Rock mass discontinuities arise from tectonic movements and other geological processes, reflecting the
evolution of the Earth's crust. These discontinuities significantly influence the physical properties,
deformation characteristics, and energy release mechanisms of the crust. Therefore, recognizing dis-
continuities is crucial for understanding the evolution of geological structures, analyzing the physical
and mechanical properties of geological bodies, and investigating geological hazards. Traditionally,
discontinuity recognition has relied on manual interpretation or automated algorithms based on pixel
brightness. However, these methods often struggle to strike a balance between efficiency and robust-
ness. To overcome these limitations, we leveraged deep learning techniques that integrate the strengths
of both approaches, enabling the recognition of automated discontinuity with expert-level accuracy. To
accomplish this objective, we developed and open-sourced the first large-scale deep learning database
for rock mass discontinuities, featuring over 300,000 annotated discontinuities. The YOLOv8x-seg
model was extensively trained on this database and evaluated across diverse and complex scenarios.
The results demonstrated the model's capability to accurately recognize discontinuities even under
challenging conditions. Furthermore, we expanded the test set to include rock masses from various
global locations, as well as underground rock masses, soils, and artificial structures, where the model
consistently achieved effective recognition. The model consistently delivered accurate results, high-
lighting its strong generalization capability. A comparative analysis revealed that its performance
closely aligns with expert manual interpretations. Our open-source database enables researchers to
train various deep learning models and achieve equally high-performance results.
© 2026 Institute of Rock and Soil Mechanics, Chinese Academy of Sciences. Published by Elsevier B.V.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction

Discontinuities are fundamental components of the Earth's
crust, commonly appearing as joints, faults, weak interlayers, and
shear zones (Hast, 1969; Kulhawy, 1975; Wu and Kulatilake, 2012;

Azarafza et al., 2019; Xie et al., 2023; Zhang et al., 2025). The for-
mation and distribution of these structures reflect the stress states
and evolutionary processes of the crust during long-term tectonic
activity (Beloussov, 1961; Bonatti and Honnorez, 1976; Bonatti,
1978; Jamtveit et al., 2000; Yin et al., 2025). The morphology,
scale, and distribution of these discontinuities govern the stability
of rock mass structures, directly affecting the failure mechanisms
of crustal rock masses (Molnar et al., 2007; Tang et al., 2020; Cocco
et al., 2023; Yuan et al., 2023). Consequently, the recognition of
discontinuities is crucial for understanding tectonic movements
and crustal evolution, assessing rock mass stability, and exploring
groundwater and mineral resources (Azarafza et al., 2021; De
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Vargas et al., 2022; Sun et al., 2022, 2025; Wei et al., 2024; Wu
et al., 2024; Zhao et al., 2025).

Recognizing discontinuities within rock masses remains a
challenging task (Matt�eo et al., 2021). Currently, geophysical
methods primarily infer discontinuities indirectly through phys-
ical information, making them prone to interference from sub-
surface environments and modeling assumptions, often leading to
misinterpretation or omission (Zigone et al., 2019; Liu et al., 2024).
Drilling, on the other hand, provides only limited small-scale data
(Zhang and Einstein, 2000). When discontinuities intersect the
surface, they leave distinct traces on exposed rock masses, offering
critical clues for determining their morphology and distribution
(Zhang et al., 2024a). As a result, current investigations predomi-
nantly focus on discontinuities exposed at the surface (Battulwar
et al., 2021; Daghigh et al., 2022; Tian, 2023; Wang et al., 2025;
Li et al., 2025).

In the early 20th century, discontinuity recognition relied on
field investigations where geologists manually observed and
measured discontinuity characteristics to produce hand-drawn
trace maps (Chen and Jiang, 2023). With advancements in image
processing technologies, pixel matrix algorithms have gained
popularity in engineering geology. Researchers increasingly
leveraged brightness differences between discontinuities and rock
masses for automated recognition (Lemy and Hadjigeorgiou, 2004;
Deb et al., 2008).

Nevertheless, the complex geological environment continues to
stand as a formidable challenge. Variations in rock types, tectonic
conditions, and geological histories lead to substantial diversity in
the morphology and distribution of discontinuities (Bond, 2015;
Godefroy et al., 2021). Accurate recognition thus relies heavily on
specialized geological knowledge and experience, making field
investigations by geological experts, such as manually creating
trace maps, the most accurate method (Manighetti et al., 1998;
Flodin and Aydin, 2004). Unfortunately, this approach is labor-
intensive, limiting its applicability to small-scale studies and
rendering it unsuitable for large-scale projects. Automated
recognition algorithms based on image data address efficiency
concerns, but they typically suffer from low accuracy when relying
solely on pixel brightness differences. Even with parameter opti-
mization, these methods are typically constrained to specific sce-
narios and lack generalizability. The integration of geological
expertise with automated algorithms remains a critical challenge
in advancing discontinuity recognition.

In recent years, deep learning methods have emerged as a
groundbreaking approach, which has achieved remarkable success
in the field of image recognition and offers new possibilities for
discontinuity recognition (LeCun et al., 2015; Latifovic et al., 2018;
Bergen et al., 2019; Reichstein et al., 2019; Lawal and Kwon, 2021;
Li and Grasselli, 2025). Deep learning enables models to be
trained on large datasets, allowing them to autonomously learn
features of discontinuities that are challenging to define manually.
By leveraging learned morphological, textural, and other complex
characteristics, deep learning facilitates semantic-level recognition
of discontinuities (Byun et al., 2021; Chen et al., 2024; Zhang et al.,
2024b; Zhu et al., 2025). To address the challenges in discontinuity
recognition, we propose a deep learning-based approach that
combines the precision of expert knowledge with the efficiency of
automated algorithms. As illustrated in Fig. 1, our approach includes
three key steps. Firstly, we compile a large-scale dataset of anno-
tated discontinuity images to encode geological expertise in image
form. Secondly, we train a deep learning model using this dataset,
effectively equipping the model with the capabilities of a “geolog-
ical expert” for recognizing discontinuities. Thirdly, the trained
model is deployed to perform automated discontinuity recognition,
offering both accuracy and efficiency in various geological scenarios.

Existing research has demonstrated that deep learning can
adapt to diverse geological contexts, highlighting its vast potential
for recognizing rock mass discontinuities (Lee et al., 2022; Pan
et al., 2024; Li et al., 2024a, b). However, there are currently no
large publicly available databases specifically tailored for rock
mass discontinuities. Researchers often need to spend a consid-
erable amount of time in developing the necessary training data-
sets using their geological expertise, raising the barriers and
limitations for interdisciplinary studies that combine rock mass
discontinuity recognition with deep learning. Moreover, current
research remains in its early exploratory stages, with critical lim-
itations such as single-source data, insufficient training data vol-
umes, and small image sizes. These small-scale datasets are
inadequate for capturing the complexity of geological environ-
ments as they typically allow only the annotation of simplistic
contrasts between local discontinuities and rockmass background.
This fails to represent the multi-factorial complexity of geological
expertise, limiting its applicability to relatively simple geological
conditions. To the best of our knowledge, no existing studies have
successfully addressed the challenge of recognizing geological
discontinuities in images across diverse and complex field
scenarios.

In this study, we addressed the challenge by developing the
first open-source, large-scale database for rock mass discontinu-
ities. We collected image data of representative rock slopes from
multiple regions across China's three major terrain steps using
unmanned aerial vehicles (UAVs) to capture high-resolution im-
agery. Rock slopes were chosen as the focus due to their extensive
exposure of discontinuities and their complex configurations,
making them highly representative of geological challenges.

Subsequently, these images were annotated following a stan-
dardized geological framework, resulting in a database containing
over 300,000 discontinuity annotations. With supercomputing re-
sources, a robust discontinuity recognition model was trained
based on the YOLOv8 framework. Themodel was then tested across
diverse and complex geological environments, demonstrating
strong robustness and adaptability. Finally, the model's strengths
were analyzed, and the remaining limitations were discussed.

2. Study area and data acquisition

2.1. Study area

To ensure the robustness and generalizability of our research
findings, we conducted extensive field investigations and data
collection across multiple regions in China, focusing on repre-
sentative rock slopes. Our efforts spanned nine counties, including
Lhorong in Xizang Autonomous Region, Wenchuan and Ganluo in
Sichuan Province, Deqin in Yunnan Province, Emin in Xinjiang
Uygur Autonomous Region, Huayin in Shaanxi Province, Jiutai in
Jilin Province, Wanli in Jiangxi Province, and Hengqin in Guang-
dong Province, where we captured aerial photographs of 27 rock
slopes. Fig. 2 illustrates the geographic distribution of these sam-
pling sites, covering a wide range of mountainous and hilly ter-
rains across China's first, second, and third terrain steps. Each
slope was designated based on its geographic location, with each
sampling site showcasing a representative rock slope (as shown in
Fig. 3). The captured images reveal a complex geological back-
ground and significant variability in the development of discon-
tinuities within these slopes.

Table 1 summarizes the fundamental information for the nine
sampling sites. Lhorong, Wenchuan, Ganluo, and Deqin are located
in the Hengduan Mountains, part of China's first terrain step. This
region acts as the boundary between the first and second terrain
steps, with its neotectonic characteristics closely linked to the
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formation of the Himalaya system and the rapid uplift of the
Qinghai–Xizang Plateau, making it one of the most tectonically
active regions in China. Consequently, the rock slopes at these sites
exhibit highly complex rock mass structures and an abundance of
discontinuities. Emin and Huayin are situated in the second terrain
step. Emin lies between the Tianshan and Altai Mountains, while
Huayin is located within the Qinling Mountains. These mountain
ranges exemplify the second terrain step, renowned for their rugged
terrain and intricate rock mass structures, thus providing substan-
tial discontinuities for research. Jiutai, Wanli, and Hengqin belong to

the third terrain step. Jiutai, near the Changbai Mountains, reflects
the geological influence on Northeast China's topography. Wanli
and Hengqin are situated among the undulating hills of southern
China, representing the typical terrain of the South China region.

Given thewide distribution of sampling sites across China, each
region exhibits significant differences in climate, terrain, and tec-
tonic activity, resulting in rock slopes being influenced by varying
degrees of internal and external stresses. Consequently, the scale
and development of discontinuities differ for each rock slope,
leading to variations in the amount of data acquisition.

Fig. 1. The procedure of applying deep learning for automatic discontinuity recognition.

Fig. 2. Schematic diagram showing the locations of sampling points.
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Additionally, the stratigraphy and lithology of the sampling sites
are diverse due to their locations in different regions.

2.2. Data acquisition

Due to the prominent characteristics of the rock slopes within
the study area, including substantial elevation fluctuations, steep
gradients, and intricate topography, this study employs UAVmulti-
angle nap-of-the-earth photogrammetry to conduct precise
remote sensing of discontinuities. UAVs equipped with high-
resolution lenses were used to conduct comprehensive, multi-
angular remote sensing of high-steep rock slopes, capturing
millimeter-level high-resolution image data to facilitate the rapid
and accurate acquisition of extensive discontinuity information.

Upon completion of the aerial photography, the images ach-
ieved longitudinal overlaps exceeding 80 % and lateral overlap over
60 %, ensuring comprehensive coverage of the object rock slopes.
To enhance the accuracy of the subsequent deep learning training
model and reduce the noise in complex geological conditions,
several preprocessing steps for the images were conducted based
on the following criteria before the dataset construction:

(1) Elimination of large areas of vegetation and other irrelevant
obstructions to ensure that the images contain substantial
information on discontinuities.

(2) Retention of hard rock discontinuities while discarding
those associated with soft rock, thereby ensuring clear
delineation of the discontinuity edges from the rock surface.

(3) Selection of images in which the lens plane is parallel to the
plane of the discontinuities to maintain clarity and conti-
nuity in the representation of the discontinuities.

(4) Preservation of the uniqueness of each discontinuity within
the images, avoiding repeated occurrences of the same
discontinuity across different images to prevent ineffective
redundant interpretation.

Following this preliminary filtering, images with high research
value were selected and further segmented into six square images.
The resolutions of these segmented images ranged from 1800
pixels to 2800 pixels, reflecting variations in the backgrounds of
the study areas, while retaining rich informational content. A
secondary filtering process was then applied to the segmented
images based on the established criteria, yielding a final selection
of 1769 images across the nine study areas. Each of these images
contains abundant and clearly defined information regarding
discontinuities, thereby providing robust and accurate learning
objects for subsequent model training. This ensures both the
overall accuracy and robustness of the research.

3. Methodologies

3.1. Data annotation and augmentation

3.1.1. Annotation standards for discontinuities
In deep learning tasks, models learn to recognize object fea-

tures through labeled data (Zuo et al., 2019; Wang et al., 2024a, b).

Fig. 3. Representative rock slopes from various sampling sites.

Table 1
The basic information on the location of sampling sites, geological conditions, and lithology.

No. Region Province Topographic step Landform background Lithology Number of slopes

1 Lhorong Xizang First Hengduan Mountains Slate, granodiorite 2
2 Wenchuan Sichuan First Hengduan Mountains Diorite 1
3 Ganluo Sichuan First Hengduan Mountains Limestone 2
4 Deqin Yunnan First Hengduan Mountains Granite, andesite, schist 10
5 Emin Xinjiang Second Tianshan Mountains Altai Mountains Tuff 2
6 Huayin Shaanxi Second Qinling Mountains Granite 7
7 Jiutai Jilin Third Changbai Mountains Sandstone 1
8 Wanli Jiangxi Third South China Hills Limestone 1
9 Hengqin Guangdong Third South China Hills Granite 1
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Therefore, the accuracy and consistency of image labeling are
critical to themodel's performance. To reduce the risks of incorrect
or inconsistent data caused by differences in the understanding of
discontinuities among labelers, this study established a stan-
dardized labeling protocol to improve dataset quality. The funda-
mental principle of this standard is to ensure that the labels are
both geologically accurate and continuous. Specifically, the pro-
tocol includes the following three main points:

(1) As illustrated in Fig. 4a, only prominent and extended dis-
continuities should be annotated, excluding short traces or
those with minimal influence on the rock mass. Some dis-
continuities, although appearing discontinuous and mani-
festing several small segments, exhibit significant
similarities and continuity in their orientation. Upon further
analysis, it was concluded that these segments together
constitute a continuous discontinuity. The apparent
discontinuity in the image may result from the viewing
angle or partial exposure of the discontinuities. Conse-
quently, such segments should be labeled as a continuous
discontinuity to ensure geological accuracy and consistency
of annotations.

(2) Rock scratches formed by external forces may exhibit clear
linear characteristics, but they do not significantly impact

the physical andmechanical properties of the rockmass due
to their limited depth of extension. Therefore, they are not
annotated. As shown in Fig. 4b, only those discontinuities
that deeply penetrate the rock mass are annotated, while
those that only damage the surface integrity of the rock
mass are excluded from annotation.

(3) Discontinuities obscured by vegetation or other materials
are often excluded from studies due to the difficulty in
recognizing their position and morphology, as shown in
Fig. 4c. However, these discontinuities can still signifi-
cantly impact the rock mass structure and should not be
overlooked. Upon further investigation, we found that
vegetation typically grows along the direction of disconti-
nuity development, and that the linear distribution of
vegetation can serve as a potential indicator of the under-
lying discontinuity. Therefore, we annotated these partially
obscured discontinuities by marking the base of the linear
vegetation distribution according to the orientation of the
exposed sections, thus ensuring a complete and continuous
discontinuity label.

To ensure the accuracy of the annotation results, all annotators
were doctoral candidates in geological engineering with a
comprehensive understanding of the characteristics and

Fig. 4. Schematic diagram of discontinuity annotation standards: (a) Annotation principles for discontinuities with varying trace lengths; (b) Distinction between the annotation
of discontinuities and scratches; and (c) Method for annotating discontinuities that are obscured by vegetation or other fill materials.
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properties of linear discontinuities. Prior to annotation, a geologist
conducted standardized training sessions to familiarize the an-
notators with specific annotation guidelines, ensuring a thorough
understanding of the annotation methods and principles.

During the annotation process, each annotator labeled two
images per day, and a geologist reviewed all annotations
completed that day. If any errors were recognized, the annotators
were required to revise their work until they met the specified
standards, thereby minimizing subjectivity-induced biases in the
annotation process. Through this rigorous management approach,
we ensured that all discontinuity annotations adhered to the
established standards, maintaining both the consistency and reli-
ability of the dataset.

3.1.2. Data augmentation
Data augmentation is a pivotal technique for enhancing the

performance of deep learning models, effectively reducing over-
fitting and accelerating convergence (Yoo et al., 2020; Khalifa et al.,
2022). This technique increases the effective sample size of the
dataset and introduces diversity by applying various trans-
formations to the data without altering the core content or labels.
By exposing the model to a broader array of features and varia-
tions, data augmentation significantly boosts the model's gener-
alization capability and stability (Takahashi et al., 2019).

Data augmentation encompasses a variety of approaches,
including geometric transformations, color and lighting adjust-
ments, noise processing, and image synthesis and deformation
(Shorten and Khoshgoftaar, 2019; Naveed et al., 2024). These ap-
proaches aim to simulate the diverse changes encountered in real-
world scenarios. Geometric transformations, in particular, are
effective for simulating spatial variations and positional changes of
objects. Common geometric transformations include rotation,
flipping, and cropping. As depicted in Fig. 5, this study utilizes
rotation and flipping techniques to mitigate overfitting and pre-
serve data integrity. This approach ensures that each image retains
a rich amount of information and significantly enlarges the dataset,
contributing to the creation of a large-scale discontinuity recogni-
tion database that will support subsequent research efforts.

3.2. Applied YOLOv8x-seg model

As shown in Fig. 6, the model is the core tool of deep learning

research, responsible for learning the comprehensive features of
discontinuities from the training data. Different deep learning
models have varying learning capabilities and applicable sce-
narios. After a comparative analysis, YOLOv8x-seg, a convolutional
neural network model with powerful object segmentation capa-
bilities, was selected for this study.

The YOLOv8 model is an advanced version, enhanced through
modifications to multiple module structures from the YOLOv5
framework (Li et al., 2023, 2024c; Terven et al., 2023; Sohan et al.,
2024). Unlike YOLOv5, YOLOv8 adopts an ‘anchor-free’ concept,
abandoning the traditional ‘anchor-based’ approach. This allows
YOLOv8 to directly learn the positional and shape information of
objects, reducing redundant detection boxes. Unconstrained by
predefined rectangular boxes, the model is better suited to handle
irregularly shaped objects, making it more appropriate for seg-
menting discontinuities, as discussed in this study. Fig. 7 illustrates
the network architecture of the YOLOv8x-seg model. As a seg-
mentation submodule within the YOLOv8 framework, the
YOLOv8x-seg can perform tasks such as image classification, ob-
ject detection, and object segmentation. Notably, YOLOv8 replaces
the C3 structure of YOLOv5 with the C2f structure, which facili-
tates richer gradient flow (Bai et al., 2023; Wang et al., 2023).
Additionally, it incorporates a bottom-up path for better infor-
mation aggregation, addressing the issues of insufficient deep-
layer information and inadequate shallow-layer detail in the
feature pyramid network (FPN) structure. These improvements
allow the model to extract multi-scale features and capture more
precise details across all levels.

In terms of object segmentation, the YOLOv8x-seg model
adopts the mask segmentation head from YOLACT. It generates the
final masks through matrix multiplication and a sigmoid function,
as shown in the following equation:

M= σ⋅
(
P ⋅CT

)
(1)

where P represents a tensor of the prototypemasks, and C denotes
a tensor of the mask coefficients.

The YOLOv8x-seg framework includes five distinct model var-
iants based on varying depths: n, s, m, l, and x. The model depth
increases sequentially, with each variant designed to handle
varying scales and complexities of data. Considering the scale of
the dataset and the complexity of discontinuity recognition, this

Fig. 5. Examples of the original image data augmentation.
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Fig. 6. The process of discontinuity recognition.

Fig. 7. Network architecture diagram of the YOLOv8x-seg model.
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study selected the largest model, YOLOv8x-seg, for implementa-
tion. Additionally, after extensive experimentation and compari-
son, the number of training epochs was set to 500 to ensure
comprehensive feature extraction. Given the extensive size of the
dataset, a random split ratio of 0.7:0.15:0.15 was employed in this
study to partition the data into training, validation, and testing
sets, respectively. This randompartitioning strategywas crucial for
enhancing the model's generalization capabilities and ensuring
the reliability of the evaluation results. Once the dataset was
partitioned, the model training process was initiated by invoking
the relevant datasets via appropriate commands.

3.3. Estimating the performance of the model

3.3.1. Precision and recall
The recognition of discontinuities can be framed as a binary

classification problem. Based on the relationship between the
recognition results and the actual results, four distinct categories
can be recognized: true positive (TP), false positive (FP), true
negative (TN), and false negative (FN), as shown in Fig. 8.

In deep learning research, precision and recall are commonly
used metrics to evaluate model performance. Precision measures
the proportion of TP among all predicted positives (Eq. (2)), while
recall measures the proportion of correctly predicted discontinu-
ities among all actual discontinuities (Eq. (3)).

Precision=
TP

TP + FP
(2)

Recall=
TP

TP + FN
(3)

This study uses precision and recall to quantitatively evaluate
the training and recognition performance of the deep learning
model.

3.3.2. Model performance in the recognition of discontinuity image
The geological environment is highly heterogeneous and com-

plex, with significant variations in geological features under
different conditions. Simple parameter-based evaluations typically
rely on average or overall performance.While these provide general
performance indicators for the deep learning model, they may not
fully capture the model's practical application capabilities, espe-
cially in complex tasks such as discontinuity recognition. Relying
solely on these parameters can obscure the model's limitations in
recognizing certain critical geological features. Therefore, to
comprehensively assess and validate the model's applicability and
reliability, its performance must be analyzed across different sce-
narios. This approach provides a clearer understanding of the
model's scope of applicability and offers avenues for improvement.

To validate the robustness and practical applicability of the

deep learning model in complex scenarios, this study selects test
images with significant recognition challenges. These images
come from geological environments with real-world complex
scenes, such as vegetation cover, black-striped textures caused by
water erosion or interwoven rock layers, and intricate textures and
structures. Testing these complex samples allows us to evaluate
the model's ability to extract key features and its effectiveness in
suppressing background interference.

4. Experiments and results

4.1. Model training

4.1.1. Training preparation
Following the data augmentation procedures described earlier,

a total of 14,152 image samples, encompassing over 300,000 linear
discontinuities, are generated (see Table 2). The dataset is then
randomly partitioned into training, validation, and test sets based
on the prescribed ratios to form the basis of subsequent research.
The deep learning model is then trained on a supercomputer using
the dataset introduced above.

4.1.2. Details of the training process
In object segmentation tasks, segmentation loss (seg_loss)

serves as the loss function used during training and is a critical
metric for assessing model optimization. Convergence of both the
training and validation loss functions indicates successful model
fitting and stable parameter optimization. In contrast, if the
training loss continues to decrease while the validation loss re-
mains constant or increases, this suggests overfitting, which can
degrade the model's overall performance.

Fig. 9 presents the evolution of seg_loss throughout the model
training process, which can be categorized into three distinct
phases. In the initial phase, both the training and validation
seg_loss curves exhibit rapid convergence, indicating efficient
learning and confirming that the model architecture is suitable. In
the second phase, the seg_loss reaches a stable state, with the
validation segmentation loss curve exhibiting minimal to no
fluctuations, which indicates that the model's performance is
undergoing steady and incremental improvement. In the final
phase, the validation seg_loss begins to diverge, signaling over-
fitting, which impairs the model's generalization capability and
necessitates the cessation of training. Notably, the model attains
its optimal performance at the 340th training epoch.

4.2. Model training evaluation

Consistent with the training dynamics, the model's precision
and recall attained their peak values at approximately the 340th
epoch, reaching 0.794 and 0.688, respectively. Subsequently, as the
number of epochs increased, these values gradually declined. For
the intricate task of recognizing rock mass linear discontinuities,
both precision and recall demonstrate a balanced and commend-
able performance, reflecting the model's ability to capture critical
features of linear discontinuities. These results indicate that the
model possesses strong recognition capabilities.

4.3. Effectiveness validation and computational efficiency

To evaluate the effectiveness of this study in guiding engi-
neering site applications, the trainedmodel was transferred from a
supercomputer to an Ubuntu 20.04 PC with one NVIDIA RTX 3090
GPU and two Intel(R) Xeon(R) Silver 4214R CPUs. A total of 10 rock
discontinuity images were selected for each resolution (256× 256,
512 × 512, 1024 × 1024, and 2048 × 2048), and offline recognitionFig. 8. Schematic diagram of evaluation parameters such as TP, FP, TN, and FN.
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was conducted under simulated field conditions with limited
network connectivity. The experimental results indicate that the
model operates stably, with computation times for different image
resolutions presented in Table 3. Analysis of the results demon-
strates a positive correlation between image resolution and
computational time: higher pixel counts lead to increased pro-
cessing durations. Moreover, employing a more powerful GPU can
further enhance recognition efficiency. Notably, UAV-based
remote sensing images cover extensive areas; a single
2048× 2048 image, for example, can cover several hundred square
meters of rock slope. The model can process such images in less
than 1 min, demonstrating its capability to meet the real-time
recognition requirements of engineering field applications.

Subsequent studies were also conducted on the workstation
using offline recognition.

4.4. Recognition performance in complex scenarios

In the field environment of rock slopes, in addition to their
extensive spatial distribution, complex geological conditions pose
significant challenges to the accurate recognition of linear dis-
continuities. Factors such as vegetation occlusion, black striped

textures, and the inherent complexity of rock textures or irregular
discontinuity distributions may all impact the precise recognition
of linear discontinuities. To evaluate the recognition capability of
the trained model, we selected images representing these three
typical scenarios. As shown in Fig. 10, in addition to the YOLOv8x-
seg model, we incorporated commonly used models in geological
research, including Deeplabv3+ and Unet, as well as traditional
image processing methods such as OSTU thresholding and Canny
edge detection, to comprehensively assess the model's perfor-
mance. Furthermore, to quantitatively and intuitively compare the
performance of different deep learning models, we employed
precision, recall, and F1-score metrics (see Table 4).

4.4.1. Vegetation occlusion
Vegetation can obscure important features on the surface of

rock slopes, making it difficult to directly observe and recognize
discontinuities. During the labeling phase, we specifically con-
ducted object-oriented labeling for vegetation occlusion. To vali-
date the effectiveness of this labeling strategy, two test images
featuring discontinuities obstructed by vegetation were selected,
with different backgrounds and angles (Scenario 1 in Fig. 10).
Compared to the Deeplabv3+ and Unet models, the YOLOv8x-seg
model demonstrated superior accuracy and continuity in discon-
tinuity recognition. Recognition results fromboth the ground truth
map and traditional methods (OSTU thresholding and Canny edge
detection) are compared. The YOLOv8x-seg model clearly out-
performs the traditional algorithms, providing more accurate and
concise recognition with minimal noise interference. While a few
discontinuities were missed, the model successfully identified the
major structural features, demonstrating its ability to suppress
interference from vegetation.

Table 2
Images and discontinuities information corresponding to different sampling sites.

No. Region Image Linear discontinuity Image (after data augmentation) Linear discontinuity (after data augmentation)

1 Jiutai 54 1275 432 10,200
2 Huayin 402 6367 3216 50,936
3 Emin 402 8060 3216 64,480
4 Lhorong 90 3327 720 26,616
5 Deqin 416 10,541 3328 84,328
6 Ganluo 330 6739 2640 53,912
7 Wenchuan 42 634 336 5072
8 Wanli 24 454 192 3632
9 Hengqin 9 214 72 1712

Fig. 9. Variation of seg_loss during the process of model training.

Table 3
Average computation time for images of varying resolutions.

Resolution Pixel Average computation time (s)

256 × 256 65,536 0.866
512 × 512 262,144 3.356
1024 × 1024 1,048,576 13.817
2048 × 2048 4,194,304 59.597
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4.4.2. Black striped texture interference
Some natural rock surfaces exhibit black strip-like textures,

which can pose challenges for discontinuity recognition due to
their similarity in shape and color to object discontinuities. To
evaluate the model's performance in such scenarios, two rock
mass images with black strip-like textures (caused by fluvial
erosion and rock interlayering) were selected for analysis (see
Scenario 2 in Fig. 10). The deep learning model handles such sit-
uations excellently. Although some discontinuities were occa-
sionally missed due to less prominent structural features, the
overall recognition results closely matched the ground truth. This
indicates that the deep learning model has successfully learned
complex features beyond basic color and shape, similar to the
multi-factorial judgment experience of geologists, which

differentiates it from traditional algorithms. Notably, the
YOLOv8x-seg model exhibited significantly superior recognition
performance for the second image compared to the other models.

4.4.3. Complex textures and structures
While it is important to demonstrate that the deep learning

model has developed recognition logic similar to that of a geolo-
gist, it is also crucial to assess accuracy. In Scenario 3 of Fig. 10, two
challenging images were selected. The first image contains tex-
tures resembling noise, which are difficult for traditional com-
puter vision algorithms to handle. The second image presents a
complex layered joint system that is also challenging for geolo-
gists. The YOLOv8x-seg model performed well in both cases. In the
first image, it avoided the prominent noise characteristic observed

Fig. 10. Recognition results of the trained model for rock mass discontinuities in complex scenarios.

Table 4
Quantitative evaluation of recognition results from different models in complex scenarios.

Scenario F1-score Recall Precision

YOLO Deeplabv3+ Unet YOLO Deeplabv3+ Unet YOLO Deeplabv3+ Unet

1 (first line) 0.7202 0.6845 0.428 0.6517 0.7218 0.2909 0.8048 0.6508 0.8094
1 (second line) 0.6022 0.508 0.375 0.5854 0.6134 0.2459 0.6199 0.4336 0.7895
2 (first line) 0.7283 0.7194 0.8073 0.6099 0.7831 0.8959 0.9038 0.6653 0.7347
2 (second line) 0.6476 0.3499 0.2309 0.6238 0.2283 0.1336 0.6733 0.7486 0.8482
3 (first line) 0.654 0.5684 0.3981 0.5645 0.4729 0.2656 0.7772 0.7122 0.7949
3 (second line) 0.5268 0.1786 0.0914 0.4598 0.1044 0.0489 0.6166 0.6173 0.6852

Average value 0.6465 0.5015 0.3885 0.5825 0.4873 0.3135 0.7326 0.638 0.777
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in traditional algorithms, producing clear red lines. In the second
image, while some discontinuities were observed, the model
successfully captured the overall continuous structure, even in
complex scenarios. This demonstrates the model's recognition
capabilities, potentially matching the expertise of a professional
geologist. However, the results obtained from the Deeplabv3+ and
Unet models were evidently suboptimal compared to the
YOLOv8x-seg model. Although these models outperformed tradi-
tional methods, the extracted discontinuity information remained
sparse and discontinuous.

Table 4 presents a quantitative comparison of different deep
learning models and manually interpreted results using preci-
sion, recall, and their harmonic mean, i.e. the F1-score, as eval-
uation metrics. The results indicate that the YOLOv8x-seg model
demonstrates stable and superior performance in recognizing
linear discontinuities under complex environmental conditions.
Its precision and recall achieve a well-balanced trade-off, while
its F1-score is significantly higher than those of other models,
confirming its effectiveness and robustness in discontinuity
recognition.

5. Exploring extensions to multi-source geological contexts
and other application scenarios

5.1. Multi-source geological contexts from around the world

Although the images in Fig. 10 are not all derived from the
original sampling locations of the dataset, they are exclusively
sourced from China, with the geological background primarily
confined to Asia. To further evaluate the model's generalizability
and robustness, this study collected rock mass discontinuity im-
ages from various regions of Europe, North America, and South
America through publicly available online resources intended for
academic research, aiming to assess the model's performance in
diverse geological settings on a global scale.

Fig. 11 presents rock mass discontinuity images from France,
Spain, Portugal, Norway, America, and Brazil. These images not only
represent distinct geological backgrounds but also exhibit signifi-
cant variations in resolution, image quality, and texture character-
istics. Despite differences in lithology and degrees of weathering,
the model successfully recognized the majority of linear disconti-
nuity features, outperforming traditional algorithms. Furthermore,
even in cases where images contain vegetation occlusions or
complex texture patterns, the model was able to consistently
extract discontinuity features. These findings demonstrate that the
trained model possesses strong adaptability and robustness across
various geological conditions worldwide, further validating the
generalization capability of the proposed approach and its appli-
cability in multi-source geological contexts.

Table 5 presents a quantitative comparison of the results ob-
tained using the YOLOv8x-seg, Deeplabv3+, and Unet models.
Based on the visual results shown in Fig. 11 and the quantitative
analysis in Table 5, the performance of the YOLOv8x-seg model is
significantly superior to that of the other models. Notably, when
processing images from Spain, where rock textures severely inter-
fere with discontinuity recognition, the YOLOv8x-seg model still
achievesmarkedly better recognition results than the othermodels,
thereby validating its exceptional generalization capability.

5.2. Other application scenarios

Once trained geologists understand themeaning of surface rock
mass discontinuities, they can effectively recognize discontinuities
in other scenarios without further training. This study aims to train
the deep learning model to function as an experienced “geologist”.

Therefore, the research extends to various other scenarios,
including underground rock masses, soil bodies, and non-
geological man-made structures. This approach further tests the
model's robustness and explores the potential applications of
these findings.

5.2.1. Scenario of underground rock mass
Unlike surface rock masses, underground rock mass disconti-

nuities are not directly influenced by weathering but are closely
related to deep crustal stresses and tectonic activities of the plates.
These factors result in significantly different distribution patterns,
edge morphology, and geological environments compared to sur-
face rock masses. Additionally, the artificial lighting used in un-
derground environments can affect image quality, which presents
challenges for the model's recognition performance under varying
lighting conditions.

To evaluate the capability of the deep learning model in
recognizing discontinuities in underground rock masses, two
images captured inside a tunnel were selected (as shown in
Scenario 1 in Fig. 12). One image focuses on the tunnel face, and
the other on the tunnel wall. The rock mass at the tunnel face
exhibits varying colors, significantly increasing the recognition
difficulty. In contrast, the tunnel wall image was taken from a
closer distance, with artificial lighting creating distinct glare
spots on the rock surface, a common source of interference in
underground environments. These two images serve as repre-
sentative test cases.

The recognition results show that the complex colors of the
tunnel face rock mass caused occasional misjudgments, but the
model successfully recognized the majority of the discontinuities
overall. The discontinuities on the tunnel wall were accurately
recognized, with minimal impact from the artificial lighting. These
results demonstrate the robustness of the model in underground
environments and suggest its potential applications in fields such
as deep crustal stress research, nuclear migration studies,
geothermal energy development, and the utilization of under-
ground resources.

5.2.2. Scenario of fractures in the soil mass
Like rock masses, soil is also a fundamental component of

geological structures, closely related to the formation, evolution,
and geological disasters of the Earth's crust. Studying soil fractures
is of great significance for revealing regional geological features,
analyzing dynamic changes in geological processes, and evaluating
the physical and mechanical properties of soils.

Scenario 2 in Fig. 12 presents two images of soil tension frac-
tures sourced from the internet, along with the ground truth maps
and recognition results from various methods. The deep learning
model performed exceptionally well, with recognition results
closely matching the ground truth maps, except for the portion of
the fracture in the second image that had been filled in. This
demonstrates that the model, although developed for rock mass
data, is not limited to rock masses and can successfully recognize
discontinuities in non-rock mass materials such as soil.

5.2.3. Scenario of artificial structures
In addition to natural formations such as rocks and soils, arti-

ficial structures such as walls and roads often exhibit fracture
development, which can affect structural safety. To further eval-
uate the model's generalization and scalability, we tested it on
common artificial structures, including limestone walls and
asphalt roads, as shown in Scenario 3 in Fig. 12. For the limestone
wall, a classic scene with a white background and black fractures
without interference, both the deep learningmodel and traditional
algorithms performed well. However, for the asphalt road, the
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deep learning model maintained strong recognition performance,
while traditional algorithms were ineffective. This demonstrates
the model's potential for diverse applications beyond natural
geological contexts.

Table 6 presents the quantitative differences in the results of
different models, highlighting the superior recognition capability
and outstanding generalization performance of the YOLOv8x-seg
model. Although certain models achieve better performance on
specific images, the YOLOv8x-seg model demonstrates more sta-
ble overall performance, maintaining consistent recognition ac-
curacy across diverse scenarios.

6. Discussion

In this section, we discuss the advantages and limitations of our

research findings and propose solutions to address the identified
shortcomings.

6.1. Advantages

While geologists have recognized the potential of deep learning
for rock mass discontinuity recognition, limitations in data sour-
ces, data volume, and image size have restricted the application of
models to only single or simple scenarios. Whether more diverse
and abundant data, as well as more complex geological contexts,
can help to build models with stronger generalization capabilities
remains an area for further exploration. To address these limita-
tions, this study establishes the first open-source, large-scale, deep
learning database for rock mass discontinuities. The proposed
discontinuity recognition model has been tested across various

Fig. 11. Recognition results of the trained model for discontinuities in different geological backgrounds worldwide.

Table 5
Quantitative evaluation of recognition results from different models in complex geological backgrounds worldwide.

Source F1-score Recall Precision

YOLO Deeplabv3+ Unet YOLO Deeplabv3+ Unet YOLO Deeplabv3+ Unet

France 0.7321 0.4255 0.3441 0.725 0.317 0.2234 0.7393 0.6467 0.7484
Spain 0.7364 0.2955 0.1817 0.8117 0.1793 0.1016 0.6739 0.8395 0.8565
Portugal 0.7229 0.4268 0.3298 0.8375 0.8084 0.216 0.6359 0.29 0.6978
Norway 0.7786 0.6629 0.5361 0.8856 0.7812 0.3866 0.6946 0.5757 0.8744
America 0.8645 0.7927 0.5417 0.8298 0.6945 0.3805 0.9022 0.9233 0.9403
Brazil 0.7411 0.6445 0.5419 0.8083 0.7441 0.3977 0.6842 0.5683 0.85

Average value 0.7626 0.5413 0.4126 0.8163 0.5874 0.2843 0.7217 0.6406 0.8279

W. Zhang, G. Xu, T. Li et al. Journal of Rock Mechanics and Geotechnical Engineering 18 (2026) 3742–3759

3753



scenarios by fully leveraging neural network capabilities,
demonstrating strong generalization capabilities. We hope that
this work will assist all researchers in the field of geology.

Additionally, our research demonstrates that three-
dimensional (3D) models can be constructed from two-
dimensional (2D) images of rock masses, as demonstrated in
Fig. 13. Converting recognition results into 3D better represents
real-world scenarios and overcomes the limitations of traditional
2D images, which often fail to capture the actual spatial forms of
discontinuities. This 3D modeling process helps geologists better
understand and assess the morphology of discontinuities (Drews
et al., 2018).

For large-scale geological backgrounds, the model can also
demonstrate promising recognition performance. Using the

method outlined in Fig. 14, the model is applied to different re-
gions within complex geological conditions and successfully rec-
ognizes and maps rock mass discontinuities of various sizes and
shapes (Fig. 15). The research findings can be applied to large,
complex geological backgrounds and are helpful for geological
studies of different scales (Fig. 16). To the best of our knowledge,
this represents a significant advancement compared to the limited
application scenarios and scales of existing research.

6.2. Limitations and improvements

Although our model has been trained on a large dataset and has
demonstrated strong performance in recognizing rock mass dis-
continuities across various scenarios, it exhibits limitations when

Fig. 12. Recognition results of the trained model for discontinuities in underground rock masses (Scenario 1), soil bodies (Scenario 2), and artificial structures (Scenario 3).

Table 6
Quantitative evaluation of recognition results from different models in underground rock masses, soil bodies, and artificial structures.

Scenario F1-score Recall Precision

YOLO Deeplabv3+ Unet YOLO Deeplabv3+ Unet YOLO Deeplabv3+ Unet

1 (first line) 0.6196 0.5917 0.358 0.7316 0.444 0.2244 0.5373 0.8866 0.8841
1 (second line) 0.558 0.4446 0.2729 0.4753 0.2938 0.165 0.6756 0.9138 0.7879
2 (first line) 0.7596 0.7435 0.1605 0.6907 0.6699 0.0873 0.8439 0.8353 0.9943
2 (second line) 0.604 0.7315 0.5226 0.4496 0.6492 0.3636 0.9201 0.8376 0.9286
3 (first line) 0.8045 0.4605 0.0325 0.7004 0.314 0.0165 0.945 0.8627 1
3 (second line) 0.6122 0.6062 0.3406 0.4918 0.479 0.2141 0.8107 0.8253 0.832

Average value 0.6597 0.5963 0.2812 0.5899 0.475 0.1785 0.7888 0.8602 0.9045
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applied to soft rock discontinuities due to the insufficient repre-
sentation of such formations in the current database. While this
issue can be partially mitigated through data augmentation tech-
niques, such as contrast and brightness adjustments, we aim to
expand the dataset with more diverse examples of soft rock dis-
continuities to facilitate better usability and interpretation for
other geological professionals.

Beyond the diversity of rock types, a key challenge lies in
improving the model's ability to understand the geometric re-
lationships between rock masses and their discontinuities. Since
the data represent 3D spatial features in the form of 2D images (as
shown in Fig. 17), limitations in the UAV's perspective can cause
the edges of some planar discontinuities to resemble linear fea-
tures, making them prone to being misrecognized as discontinu-
ities. To address this issue, it is essential to expand the database

with more examples of rock masses that exhibit such geometric
features. This enhancement will enable the model to better
distinguish them from actual discontinuities.

To further enhance the recognition performance of the deep
learning model and support more geologists, we will continue
collecting rock mass discontinuity images globally, extending
beyond China. The current labeling strategy will be maintained to
ensure consistency across the dataset. The expanded database will
be openly shared online, providing free research support and
assistance to geologists worldwide.

7. Conclusions

Deep learning consists of two main components: algorithms
and data. Currently, deep learning in geological research focuses

Fig. 13. The recognition results transformed from 2D to 3D.

Fig. 14. Schematic diagram of a large-scale rock mass discontinuity recognition method: (a) The large-scale rock mass region; (b) The region to be divided into several square red
blocks, with each block being further subdivided into 3 × 3 image patches; and (c–k) Each patch to be recognized using the trained model.
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more on algorithms while overlooking the importance of data.
Researchers often improve deep learning algorithms using small,
self-constructed datasets, which limits performance improve-
ments. Therefore, we focused on data by creating a large-scale rock
mass discontinuity database to significantly enhance the

effectiveness of deep learning applications. This will address
existing gaps in current research and help researchers refine al-
gorithms based on large-scale rock mass discontinuity data, pro-
moting the development of new algorithmic theories.

To this end, we traversed three major terrain steps in China and
utilized UAV remote sensing to collect a large dataset of rock mass
discontinuity images. By establishing a unified standard for
discontinuity labeling, we developed the first open-source, large-
scale rock mass discontinuity database. The initiative addresses
the lack of open-source databases, which poses significant chal-
lenges for geologists during data preparation, often requiring
substantial time and effort to construct datasets before model
training. Additionally, limitations in current research on rock mass
discontinuity recognition include single data sources, insufficient
data volume, and inadequate representation of complex geological
backgrounds due to small data formats. As a result, models trained
on these datasets are often applicable only to relatively simple or
singular scenarios. Acknowledging the severe limitations imposed
by the scarcity of high-quality data in deep learning applications
for geology, an open-source database was established to address
this international research gap, providing geologists worldwide
with accessible resources for their work. Beyond addressing
practical research challenges, our goal is to promote collaboration
and innovation within the geological community by facilitating
the sharing of open data.

Using the established database, we trained a deep learning
model and evaluated its performance from two key perspectives:
training parameter assessment and recognition accuracy in com-
plex scenarios. For the commonly used deep learning metrics,
precision and recall, the model achieved commendable scores of
0.794 and 0.688, respectively, given the inherent complexity of
recognizing rock mass discontinuities. Despite interference from
factors such as vegetation occlusion, intricate rock textures, and
complex structural features, the model demonstrated robust per-
formance. Furthermore, its application was successfully extended
to diverse contexts, including rock masses collected from around
the world, underground rock masses, soil bodies, and man-made
structures, consistently demonstrating strong generalization

Fig. 15. Schematic diagram of large-scale rock mass discontinuity recognition results.

Fig. 16. The large-scale rock mass discontinuity recognition results.
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capabilities. Additionally, our research highlights the potential for
transformation from 2D to 3D recognition. With further ad-
vancements, 3D recognition could significantly enhance our un-
derstanding of the geometric characteristics of discontinuities and
their connectivity networks. This advancement would be of great
importance for analyzing crustal tectonic movements, stress
transmission, and groundwater flow.

To improve the recognition performance of the deep learning
model in handling specific rock types and geometric relationships,
we plan to enhance the model by expanding the database further.
In the future, we intend to collect rock mass discontinuity data
from various regions worldwide and continuously update our
database while maintaining its open-source nature. This effort
aims to assist more geologists in overcoming challenges related to
data acquisition and preparation. Considering that most current
deep learning studies rely on small-scale datasets, there remains a
significant gap in the development of discontinuity recognition
algorithms optimized for large-scale datasets. Therefore, we
encourage researchers to leverage our database for algorithm
development, fostering collaborative advancements in the auto-
mated interpretation of rock mass discontinuities.
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