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Abstract 
Tunnelling is a challenging task due to a lack of full understanding of the surrounding rock quality. This study proposes a solution 
driven by a refined computer vision (CV) method, complemented by rock mass drilling tests and Bayesian networks, to address this issue 
through a multi-source heterogeneous data approach. Initially, improvements are made to the popular Swin Transformer to improve the 
recognition and segmentation of intricate rock features. Notably, refined smart CV, owing to its U-shaped architecture and smart win-
dow self-attention computation, exhibits segmentation performance superior to that of conventional CV methods such as Swin Trans-
former, Deeplab V3+, and UNet. Building upon the segmentation outcomes of the refined CV, a parameter set comprising apparent rock 
parameters is established. Then, two datasets encompassing rock internal drilling parameters and mechanics, as well as design param-
eters, are curated. The combination of the aforementioned parameter sets is referred to as the rock quality comprehensive evaluation
dataset. However, analysis reveals data incompleteness issues within these datasets. To mitigate this problem, a novel tree-augmented
Bayesian network is designed, and a prediction accuracy of 91% is realized, surpassing popular decision trees, ensemble learning, and
deep learning methods. Furthermore, evaluation services are provided in mountain and submarine tunnels, suggesting that drilling
parameters significantly enhance the evaluation performance. Moreover, employing two sensitivity analysis metrics underscores the
prominent influence of rotating pressure and drilling speed parameters. This study endeavor presents diverse solutions for achieving pre-
cise and expeditious predictions of rock quality through various parameter sets, tailored to cater to diverse requirements of tunnels.
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1 Intr oduction

The evaluation of surrounding rock quality at tunnel 
faces represents a pivotal phase in tunnel design and con-
struction employing the New Austrian Tunnelling Method, 
forming the bedrock for scientifically designing tunnel sup-
port and ensuring the smooth implementation of construc-
tion activities (Chen & Liu, 2007; Ismail et al., 2019; Tu
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et al., 2019). Presently, prevalent methods for assessing 
rock mass quality predominantly revolve around estab-
lished metr ics such as rock quality designation, the quality
system (Barton et al., 1974), rock mass rating (RMR) sys-
tem, and rock mass index (Palmstrom, 1996). While there 
exists a consensus on the adoption of qualitative and quan-
titative multifactorial classification methods for selecting 
evaluation parameters (e.g., rock strength, rock mass integ-
rity, groundwater conditions, etc.), variations persist in 
parameter weighting, representation modalities, and the
grading of rock quality. Moreover, the acquisition of these
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automation. Existing methods mainly focus on apparent 
rock parameters, overlooking internal parameters such as 
internal integrity, internal fractures, and the extent of water
seepage, even though these parameters can now be
obtained through drilling and other means (S. Li et al.,
2017; Yue et al., 2004). This constraint hinders further 
enhancement of evaluation performance. Hence, the con-
tinued advancement of more accurate and intelligent meth-
ods for evaluating rock quality holds significance and
merits attention and effort from tunneling experts and
scholars globally (Chen et al., 2017; Hou et al., 2022;
Zhou et al., 2021).

The evaluation of rock quality necessitates the direct 
measurement and recording of critical parameters, includ-
ing rock strength, groundwater, joint spacing, and the pres-
ence of weak interlayers directly at the tunnel face. 
However, conducting these evaluations manually in front 
of the tunnel face poses inherent safety risks and can be 
subject to variations based on the expertise and experience
of the engineer, potentially leading to inaccuracies in pre-
diction. In response to these challenges, non-contact com-
puter vision (CV) methodologies have garnered
considerable attention among tunnel experts and engineers
for evaluating rock parameters (Chen et al., 2021a; Huang 
et al., 2021). CV approaches offer a safer, expedited, and 
more objective alternati ve to traditional manual assess-
ments (Patel & Chatterjee, 2016). Despite these advantages, 
CV-based identification strategies encounter notable chal-
lenges due to the intricate nature of fractures, groundwater, 
weak interlayers, and the diverse image backgrounds 
encountered at tunnel faces. The majority of CV models 
applied to rock feature analysis are adaptations of generic 
CV architectures such as convolutional neural networks 
(CNN) and Transformers, which have not been specifically
tailored for the nuances of rock evaluation parameters.
Consequently, the performance of CNN and
Transformer-based models in intelligently extracting these
parameters is somewhat limited (J. Chen et al., 2022; Wu
et al., 2023). Thus, there exists a compelling exigency to 
refine CV models for the precise identification of minuscule 
and complex boundary parameters, thereby enhancing 
their capacity to intelli gently identify interlayers, ground-
water features, and fractures. These advancements carry
profound implications for engineering practice.

Numerous researchers have conducted extensive studies 
on the evaluation of rock quality utilizing CV methodolo-
gies. For instance, Zhou et al. (2021) utilized CV tech-
niques to extract related evaluation parameters, including 
fractures and groundwater, to predict the rock quality. A 
CV model named FrasegNet and a deep learning (DL)
method are employed by Chen et al. (2021a) to assess the 
state of joint fractures in rock. Nevertheless, these 
approaches mainly emphasize rock surface features, which 
can be susceptible to influences from drilling and blasting 
operations. Notably, the internal parameters that most
accurately reflect overall rock quality have not been suffi-
ciently integrated into these methodologies, potentially
resulting in incomplete and inaccurate evaluations. To 
address these limitations, advanced horizontal drilling 
parameters-such as drilling speed, drilling pressure, and 
torque—that directly reflect the rock internal state should 
be incorporated alongsi de apparent parameters. This inte-
grated approach will enable a more comprehensive evalua-
tion, promising substantial enhancements in evaluation
accuracy (S. Li et al., 2017; Wang et al., 2021). 

Moreover, in the evaluation process, a multitude of 
evaluation parameters—such as groundwater, fractures, 
weak interlayers, mechanical properties, and design spec-
ifications—are typically taken into consideration by
scholars and engineers (Guo et al., 2023; Z hou et al.,
2021). Nonetheless, the challenges posed by confined 
spaces, limited illumination, and the compact nature of 
tunnel construction processes often hinder the acquisition 
of complete parameters concurrently. This limitation 
thereby curtails the efficacy of conventional methods 
commonly employed for predicting. Consequently, the 
task of predicting rock quality based on incomplete data-
sets needs significant consideration and attention. Baye-
sian network (BN) offer a viable approach for handling
incomplete datasets, serving as a type of probabilistic
graphical model that elucidates variable relationships
through node connections (Feng & Jimenez, 2015). BNs 
can effectively learn parameters and structures from 
incomplete datasets, leveraging Bayesian theorem to pre-
dict unknown in formation using prior and posterior
probabilities. Moreover, prior studies by Feng and 
Jimenez (2015) and N . Li et al. (2017b) have successfully 
demonstrated the applicability of BNs in predicting tun-
nel deformation and rock burst severity, respectively, uti-
lizing incomplete datasets. Therefore, the utilization of 
BNs to forecast quality based on incomplete datasets
holds substantial significance. Furthermore, within the
domain of geotechnical engineering assessment tasks,
Hou et al. (2022) applied a set of 10 characteristic param-
eters for real-time classification of rock masses, while N.
Li et al (2017a) focused on utilizing 7 parameters to pre-
dict rock bursts. Despite their respective successes, these 
studies did not explore the impact of different parameter 
combinations on outcomes, nor did they address the
inquiry regarding the potential correlation between the
number of parameters and effectiveness.

In this investigation, a substantial volume of valuable 
in-situ drilling parameters pertaining to rock characteristics 
is acquired from tunnel sites. An improved CV model is 
employed to quantitatively identify rock features. Six eval-
uation parameter sets are developed, encompassing appar-
ent, internal, mechanical, and design parameters. 
Leveraging the developed parameter sets and the newly 
designed BN, this study endeavors to achieve precise pre-
diction through the implementation of diverse parameter
sets, thereby offering tailored rock quality assessment ser-
vices for tunnels characterized by different attributes. Fur-
ther, it identifies the paramount parameters that exert the
most profound influence on rock quality.
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2 Methodo logy

The primary process for assessing rock quality is
depicted in Fig. 1. This study mainly employs an improved 
CV model and a BN. The former is utilized to quantify the 
segmented rock features, while the latter is employed for
data-driven evaluation based on the quantified features.
Details of two methods are provided below.

2.1 Improving CV model

The Swin Transformer (Swin T) model (Fig. 2( a)), a CV 
model rooted in the Transformer architecture, has been 
extensively employed in visual tasks such as image segmen-
tation within the field of underground engineering (Liu 
et al., 2021; Qin et al., 2024; Wu et al., 2023; Zhou et al.,
2023). Embracing a stratified design and self-attention mech-
anisms, it achieves profound insights into image comprehen-
sion and representation. Its self-attention mechanism relies 
mainly on two sub-modules: window-based multi-head 
self-attention (W-MSA) and shifted W-MSA (SW-MSA). 
The W-MSA module primarily focuses on local information, 
capturing interactions between pixels within the defined win-
dow. In contrast, the SW-MSA module is oriented towards 
capturing global information. Despite it s success, the model
faces challenges in accurately identifying complex features
such as water leakage and fractures (Chen et al., 20 21a;
Wu et al., 2023). Conversely, the UNet model has garnered 
substantial recognition for its prowess in discerning intricate 
features, and its basic structure is plotted in Fig. 2( b).  To
improve the efficacy of the Swin T in underground engineer-
ing, integrating the structural attributes of the UNet is bei ng
explored as a strategic enhancement.

The improved Swin T structure depicted in Fig. 3(a) 
consists of three key segments: the Encoding group, Skip-
ping group, and Decoding group (Fu et al., 202 4; Lin
Fig. 1. Workflow of the tunnel r
et al., 2022). Within the Encoding group are three smart 
Swin T modules, each integrating a W-MSA and a
designed smart SW-MSA (SSW-MSA) module (Fu et al.,
2024; Liu et al., 2021). Drawing inspiration from the UNet 
model’s exceptional architecture for enabling information 
exchange between encoders and decoders, features from 
both these components are interconnected via foundational 
bridges and skip connections across various layers. Posi-
tioned on the left and right sides of the Skipping group 
are patch merging and patch expansion modules, respec-
tively. The patch merging module effectively reduces fea-
ture map dimensions while augmenting channel capacity, 
thereby significantly boosting the model’s sensitivity to 
rock features with minute details. The improved Swin T 
with SSW-MSA module is designated as the face rock fea-
tures segmentation (FRFseg) model within this work. The 
FRFseg model, enhanced for image processing tasks, 
accepts input rock feature images. The image undergoes 
segmentation into multiple patches using a patch embed-
ding module, followed by processing through the encoder. 
Within the W-MSA module in the smart Swin T, these
patches are organized into windows for self-attention com-
putation. The resultant output from W-MSA is then for-
warded into SSW-MSA, leveraging a mechanism to
enable cross-window interactions across different channels.
Through the combined operations of W-MSA and SSW-
MSA, the model effectively extracts high-fidelity local
detail features alongside global representations. In the
fusion stage, features from each encoder scale are seam-
lessly integrated with their corresponding decoder counter-
parts. Subsequently, feature dimension reduction is
achieved via per-patch linear transformations, ensuring
consistency with the subsequent module’s input
requirements.

For the SSW-MSA module in FRFseg, the masks 
applied to self-attention matrices remain uniform and
ock mass quality evaluation.
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Fig. 2. Fundamental structures of (a) tradition al Swin T and (b) UNet.
are employed to obscure fine-grained details pertaining 
to interactions between distant pixels. This uniform 
masking approach lacks nuanced channel-specific feature 
representations, neglecting the inherent variation in fea-
ture importance across different channels. To utilize 
the full potential of channel-specific characteristics, the 
FRFseg model adopts channel-adaptive masking, where 
masks for each channel are dynamically determined
based on the channel’s characteristics. This adaptive
approach automatically learns which pixel interactions
to preserve and which to obscure. The intelligent masks
are depicted in Fig. 3(b). Notably, these intelligent 
masks mainly impact the self-attention matrices. The 
detailed formulation of the employed smart self-
attention module is presented below (Fu et al., 2024): 

Self-Attention Q K V Softmax QKT 

d 
Smart Mask V

1

where Q, K, and V are the Query, Key, and Value matrices 
in the input, respectively, with d representing the dimen-
sionality of K or Q. This intelligent mask in SSW-MSA is
of equivalent size to the self-attention matrix and produces
varying masks within its channels. Notably, it undergoes
automatic learning.

Compared to conventional fixed masks applied in Swin 
T, the intelligent mask demonstrates significant advantages 
by creating distinct masks across different channels to fully 
exploit channel functionalities. The SSW-MSA module 
notably enhances the recognition of complex detail features 
in the tunnel face by preserving accurate contextual infor-
mation and removing irrelevant interactions. Furthermore, 
leveraging the local and global detail information provided
by the W-MSA and SSW-MSA, the FRFseg effectively
integrates multi-scale detail information, demonstrating
superior information acquisition capabilities, particularly
in representing complex detail features such as interlayers
and joint fissures.
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Fig. 3. Framework of (a) FRFseg model and (b) SSM-MSA module.
2.2 Bayesian network

BNs, alternatively referred to as belief networks or 
directed acyclic graphs, have garnered significant attention 
and research focus within geotechnical engineering for pre-
dictive tasks owing to their efficacy in managing incomplete
datasets and uncertainty (Borsuk et al., 2004; Li et al.,
2017a; Ou et al., 2022). BNs are graphical models utilized 
for illustrating dependencies among random variables. It 
employs a directed graph structure to depict inter-
variable relationships and employs probability distribu-
tions for articulating these associations. Grounded in Baye-
sian theory, BNs offer a graphical representation that
adeptly navigates issues of uncertainty and incomplete
data, thereby finding extensive utility at the nexus of artifi-
cial intelligence and geotechnical engineering.

BNs generally consist of two components: nodes and 
edges. Nodes represent random variables, while edges 
denote dependencies between variables. The fundamental 
idea of BNs is to utilize conditional probabilities to depict 
the dependencies between nodes, thus constructing a com-
prehensive probability model. Assuming there exists a BN
composed of random variables v1, v2,∙∙∙, vn, its joint prob-
ability distribution can be expressed as
P v1 v2 vn 

n 

1 
P v i Pa vi 2

where P(vi) signifies the ensemble of parental nodes associ-
ated with node vi, and P(vi | Pa(vi)) represents the con di-
tional probability distribution of node vi conditioned on
its parental set.
The Naı̈ve BN, depicted in Fig. 4(a), stands as the sim-
plest and most commonly employed network, assuming 
conditional independence among all variables. However, 
in geotechnical engineering, many child nodes are often 
not entirely independent. For instance, in the probabilistic
modeling of tunnel excavation processes, the rock type,
construction method, and failure mode are frequently
interrelated (Špačková & Straub, 2013). Likewise, when 
predicting underground cavern overbreak, correlations 
between joints, layer surfa ces, and structural planes should
not be disregarded (Gong et al., 2008). To address this, a 
tree-augmented naı̈ve (TAN) BN is proposed, allowing 
for conditional relationships between variables (N. Li 
et al., 2017a). Its graphical structure is depicted in Fig. 4(b). 

In practical engineering problems, the obstacle of 
incomplete data is frequently encountered. TAN BN meth-
ods exhibit advantages in achieving prediction tasks based
on incomplete datasets, with the support of the
Expectation-Maximization (EM) algorithm (Dempster, 
1977; Feng & Jimenez, 2015). The EM algorithm encom-
passes mult iple iterative steps.

Step 1: initialization step. The parameters of the BNs 
need to be set to their initial values. These parameters gen-
erally represent the conditional probabilities between
nodes.

Step 2: expectation step (E-step). It is essential to com-
pute the expectation of the missing variables based on the 
current parameter estimates. For each sample, calculate 
the probability of the sample belonging to a particular cat-
egory. Let x be the observed variable, Z be the missing
variable, and E(x) be the current variable estimate. The
objective of the E-step is to compute the expectation value

move_f0020
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Fig. 4. Schematic diagram of (a) Naı̈ ve BN and (b) TAN BN.
of Z, which typically involves computing the expected 
value of conditional probabil ities. The formula for expecta-
tion calculation is

Q Z E Z  x hold 3

where Q(Z) is the expectation of Z,  and  hold is the esti-
mated parameter. Specifically, for each sample and each 
possible missing variable, the conditional probability P 
(Z = z|x, hold ) is calculated. Then, it is multiplied by Z,
and finally, Q(Z) is obtained by summing over all possible
Z.

Step 3: maximization step (M-step). The lower bound of 
the log-likelihood function is maximized using the expected 
values of Z, thus updating the parameter estimates. The
maximization formula is

hnew argmax hQ h hold 4

where hnew represents the updated parameter estimate, and 
argmax_h Q refers to the parameter h that maximizes the Q
function.

Step 4: iterative step. Repeat E-step and M-step until the 
parameter estimates converge. The estimates from the pre-
vious iteration are utilized as the current values, and then 
E-step and M-step are executed to update the parameters. 
By iteratively performing the E-step an d M-step, the EM
algorithm gradually approaches the maximum likelihood
estimate. In light of this, with the aid of the TAN BN in
Netica software, the EM algorithm can be directly invoked.

3 Obtaining various param eter sets

In the domain of rock quality assessment, scholars often 
take into account parameters such as surface-apparent 
groundwater, fractures, internal borehole reference param-
eters during drilling, along with the rock physical–mechan-
ical properties and design parameters. Nevertheless, the
comparative predictive efficacy of these apparent, internal, 
physical–mechanical, and design parameter sets on rock 
quality has seldom been explored in conjunction. This 
work intends to construct distinct parameter sets derived 
from the aforementioned parameters, perform comparative
analyses on their influence, and identify the optimal param-
eter set for evaluation.

3.1 Tunnel face apparent parameter set

3.1.1 Establishing tunnel face features image set

For the precise segmentation of rock features based on 
the FRFseg model, the establishment of a high-quality 
image dataset for training CV models is indispensable. 
To ensure the representativeness and transferability of this 
dataset, three tunnel projects characterized by distinct geo-
morphological and geological features are considered as 
sources of image samples. These projects include the Qing-
dao Jiaozhou Bay Second Submarine (QJSS) tunnel, the 
Yunnan Xuanhui Expressway (XHE) tunnel, and the Yun-
nan Mengping Expressway (MPE) tunnel. The QJSS tun-
nel spans approximately 17.5 km. Located within a 
coastal granite formation, the predominant rock types con-
sist mainly of moderately to highly weathered granite and
granite gneiss, influenced by various fault zones. The
XHE tunnel extends over approximately 96.74 km, situated
within the karstic terrain of the northeastern Yunnan Pla-
teau. The route navigates a series of complex and unfavor-
able geological conditions. The MPE tunnel spans a total
length of about 40.4 km, located in the southern Yunnan
Plateau. Route maps, along with cross-sectional profiles
representing the QJSS and XHE tunnels, are depicted in
Fig. 5(a). 

To establish an extensive database capturing the intri-
cate details of rock features, an adaptive tunnel face image
acquisition (ATIA) system is deployed. As illustrated in
Fig. 5(b), the ATIA system comprises a Canon camera
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Fig. 5. (a) Geographical location and route of various tunnels, and (b) schematic diagram of ATIA system.
mounted on a tripod, alongside a suite of measurement 
tools and equipment, including an illuminometer, laser ran-
gefinder, thermo hygrometer, and two adjustable light 
sources. It is imperative to emphasize that during the image 
acquisition process, environmental variables such as tem-
perature, humidity, lighting conditions, as well as the pre-
cise distance between the capture point and different 
sections of the tunnel face, are diligently recorded manually 
using the ATIA system. It is paramount to highlight the 
meticulous procedures involved in the image acquisition 
phase for tunnel faces. Subsequently, leveraging data from 
the three rock tunnels and the ATIA system, a comprehen-
sive dataset comprising 2500 raw images depict ing rock
fractures, 3000 raw images illustrating groundwater pres-
ence, and 2500 raw images capturing weak interlayers is
curated. However, these raw images are not directly uti-
lized for the training of CV models. These images consti-
tute a relatively small dataset. It is crucial to first
understand the limitations imposed by small datasets on
the performance of CV methods. The utilization of small
training sets poses multifaceted constraints in the applica-
tion, primarily stemming from DL models’ heavy reliance
on data volume and the inherent complexity of CV tasks. 
The following provides some aspects of these constraints: 
(1) limited model generalization capability; (2) insufficient 
robustness and training stability; (3) constrained model 
performance. Although the limitation imposed by small 
datasets poses a challenge, it can be addressed through sev-
eral strategies. The solutions adopted in this work are as 
follows: Firstly, more rock images are collected from tun-
nel faces. Secondly, various transformations, such as rota-
tion, scaling, cropping, and flipping, are applied to the 
existing preliminary data to enhance data diversity. Lastly, 
image generation techniques, specifically generative adver-
sarial networks (GANs), are employed to produce new 
image samples based on the existing image set. By incorpo-
rating some random noise into the image generation pro-
cess, GANs can, to a certain extent, enhance the
generalization performance of the image set. Based on
the aforementioned methods, 20 000 images are obtained
for each of the features of interlayers, leakage, and frac-
tures, totaling 60 000 rock feature images. Additionally,
to investigate how the size of the training dataset affects
the performance of CV methods, particularly for the more
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sophisticated enhanced FRFseg method, 4000, 8000, 
12 000, 16 000, and 20 000 images of each rock feature 
are selected for training. Additionally, key evaluation met-
rics such as Accuracy, Recall, F1-score, and IoU are
employed to comprehensively evaluate the performance
of CV methods. Figure 6(a)–(b) illustrates the performance 
under these varying dataset conditions (with interlayers 
and leakage as examples). It is observable that as the size 
of the image set increases, the performance metrics of the 
CV model gradually improve. When the training dataset 
size is smallest, the model exhibits the worst performance 
across all metrics. The fastest improvement in evaluation 
metrics occurs between 4000 and 12 000 images. The best 
performance is achieved when the dataset size reaches 20 
000 images. However, the rate of improvement slows down 
between 12 000 and 20 000 images. The above observations
pertain to the impact of dataset sizes ranging from 4000 to
20 000 images on the performance of CV models. In the
segmentation experiments conducted in this study, it was
found that while increasing the number of images does
enhance model performance when Accuracy exceeds 90%,
the magnitude of this improvement is less significant com-
pared to the improvement seen before Accuracy reaches
Fig. 6. Performance of different numbers of image sets. (a) Interlayers
90%. Similar trends are observable in the curves of IoU, 
F1-score, and Recall, as well as during the training pro-
cesses of the Swin T, Deeplab V3+, and UNet. However, 
collecting excessive images poses significant disruptions 
and burdens on tunnel construction sites, construction 
engineers, and researchers. Therefore, balancing the num-
ber of images and the performance of CV models is also
a task that strives to accomplish. Furthermore, exploring
larger dataset sizes in the future is worthwhile, given suffi-
cient time and cooperation from tunnel projects.

3.1.2 Segmentation via FRFseg model

The established rock image dataset is processed using an 
integrated workstation featuring 64 GB of RAM and an 
Intel Core i9-processor. To ensure the predictive effective-
ness, several assumptions are adopted, as described below: 
(1) The feature distributions of the training data and test-
ing data are identical. (2) The hidden layer structure of 
the model can effectively capture the latent features of the
data. (3) The model architecture is sufficiently complex to
fit the target of the problem. (4) The hardware resources
are adequate to support the computational demands of
model training.
, (b) leakage, (c) Accuracy, and (d) Loss for various CV methods.
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The current research applies comparative models, 
including the unmodified Swin T, Deeplab V3+, and UNet, 
to benchmark against state-of-the-art methods in the field. 
The Accuracy and Loss curves during the segmentation
training process of the four models are depicted in Fig. 6 
(c)–(d). It is evident from the results that, utilizing the rock 
image dataset, the segmentation accuracy of the FRFseg 
surpasses other comparative methods, with the fastest con-
vergence rate observed in the improved method. These
findings demonstrate the excellent performance of the
improved model.

Figure 7 showcases the segmentation results of these 
models on various rock features. A detailed comparison 
of segmented outputs with marked images, particularly 
within highlighted areas, highlights the FRFseg model’s 
superior accuracy in segmenting images with intricate
boundaries and fine features. The FRFseg also demon-
strates better continuity and integrity in its segmented
outputs.

Following a comprehensive evaluation utilizing four 
metrics, the evaluation metrics of FRFseg consistently 
resid e at the outermost perimeter of the radar chart
(Fig. 8). The FRFseg method demonstrates markedly supe-
rior intelligent segmentation performance for weak inter-
layers, groundwater, and fractures compared to the other 
models. These results highlight the exceptio nal perfor-
mance and capability of the FRFseg. During the testing
process, it was found that the FRFseg method also outper-
Fig. 7. Comparison of segmentation ou
forms several other Transformer-based methods, such as
TransUNet (Chen et al., 2021b) and ST-UNet (He et al.,
2022). The key factor contributing to its superiority is the 
SSW-MSA module. The core of its physical mechanism 
resides in the integration of the SSW-MSA module with 
self-attention matrices, which facilitates a more pro-
nounced focus on the pertinent image information 
required. This includes crucial features such as interlayers, 
water leakage, and fractures on the tunnel face. Further-
more, through the utilization of an intelligent masking 
mechanism, the model effectively eliminates irrelevant 
information interactions while preserving accurate contex-
tual data, thereby significantly enhancing its recognition
capability for intricate detail features on the tunnel face.
The synergistic effect of these physical mechanisms has
led to a substantial improvement in the performance of
the improved Swin T model for rock features. Moreover,
the precise segmentation of these features ensures accurate
parameter assessment for evaluating rock quality.

3.1.3 Establishing tunnel face apparen t feature parameter set

In the evaluation process, readily observable features 
such as interlayers, leakage, and fractures are primary con-
siderations, necessitating quantitative or qualitative record-
ing (Barnard et al., 2016; Zhou et al., 2021). To establish a 
precise and efficient dataset of rock apparent parameters, it 
is essential to quantitatively process these rock features
identified and segmented by the FRFseg model. As
tcomes using various CV methods.
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Fig. 8. Comparison of CV models for various metrics. (a) Interlayers, (b) leakage, and (c) fractures.
depicted in Table 1, the quantitative weak interlayer area 
(WIA), groundwater states (GWS), groundwater area, 
fracture trace number (FTN), maximum fracture trace 
length (MFTL), average fracture trace interval (AFTI), 
and fracture trace intensity (FTI) are employed in the 
designed tunnel face apparent feature (TFAF) parameter
set. Due to space limitations, the detailed quantification
method of these parameters is based on the segmented
images, which can refer to our previous studies (Chen 
et al., 2020; Chen et al., 2021a; Wu et al., 2023). 

3.2 Tunnel face internal features parameter set

Apart from the exhibition of apparent features, some 
internal drilling parameters such as drilling speed (DS), 
drilling speed stability (DSS), rotating pressure (RP), and
drilling water state (DWS) have garnered attention from
scholars (Chen & Yue, 2016;  S  . Li et al., 201 7; Sugawara
et al., 2003). Various studies have explored suitable drilling 
equipment and proposed methods for rock classification
and quality prediction based on drilling parameters (S. Li 
et al., 2017; Yue et al., 2004). The drilling data employed 
is collected from advanced horizontal drilling operations 
conducted in the tunnel faces. As illustrated in Fig. 9(a), 
the drilling operations employed a three-arm rock drilling 
rig, specifically the ZT31Y integrated multi-function rock
drilling rig, with a drill bit diameter of 76 mm. The hori-
zontal drilling process is visualized in Fig. 9(b). Each tun-
nel face is subjected to drilling at five designated
positions (as depicted in Fig. 9(c) for the drilling layout). 
Detailed drilling parame ters utilized are outlined in
Table 1. 

3.3 Tunnel design and physical mechanics parameter set

It is meaningful to note that various rock physical and 
mechanical parameters, such as uniaxial compressive 
strength (UCS) and weathering degree (WD), as well as 
design parameters like tunnel design depth (TDD), exert
considerable influence on rock quality. These parameters
play a pivotal role in predicting (Huang et al., 2024;
Zhou et al., 2021). Therefore, a tunnel design and physical 
mechanics (TDPM) set incorporating WD, UCS, and TDD 
is compiled for the analysis. The sources and introductions
of the parameters in TDPM set are presented in Table 1. 

3.4 Discretization of RQCE parameter set

To achieve a thorough and precise evaluation, a com-
bined dataset comprising 14 parameters is designated as 
the rock quality comprehensive evaluate (RQCE) parame-
ter set. This parameter set serves as a pivotal component in
the assessment and characterization of rock masses. The
basic information of the RQCE set is presented in Table 2.
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Table 1 
Various parameter sets for evaluating the rock quality.

Various dataset Various parameter Definition of parameter Obtain source 

TFAF WIA Area of interlayers depicted on tunnel 
face rock mass images

GWS Status of groundwater at tunnel 
faces: (1) Dry, (2) moist, (3) dripping,
(4) flowing, and (5) surging (Wu 
et al., 2023) 

GWA Area of groundwater depicted on the 
tunnel face rock mass images
Number of fracture traces on the 
segmented image of the tunnel rock
mass

FTN 

Maximal length of fracture traces 
depicted on rock mass segmented
images

MFTL 

AFTI Average spacing of fracture traces on
the rock mass

FTI Fracture trace length within a unit 
window on the tunnel face rock mass

TFIF DS Horizontal movement speed of 
advanced horizontal drilling in the
rock mass

DSS Stability level of the horizontal 
movement speed of advanced
horizontal drilling

RP The force that drives the drill bit to
rotate during horizontal drilling

DWS Water output status of the borehole 
in the tunnel face rock mass

TDPM UCS Uniaxial compressive strength of 
rocks, derived from in-situ point load 
tests conducted on rock samples
obtained from the field

WD Rock weathering degree, obtained 
from the geological sketch data of the
tunnel faces
Tunnel design depth of the working
face

TDD
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Fig. 9. (a) T31Y integrated multi-function rock drilling rig, (b) horizont al drilling operation process, and (c) drilling layout diagram.

Table 2 
Fundamental information of input and output parameters.

Various parameter Number Unit Maximum value Minimum value Std. dev 

Input WIA 210 m2 12.4 0 3.5 
GWS 210 – 4 1 1.1 
GWA 210 m2 26.6 0 6.3 
FTN 76 – 22.5 2 4.7 
MFTL 118 m 1.89 0.2 0.5 
AFTI 75 m 0.71 0.05 0.2 
FTI 185 m 27.4 0 7.4 
DS 205 m/min 1.67 0.09 0.4 
DSS 208 – 3 1 0.59 
RP 202 bar 80 21 12.3 
DWS 211 L/min 120 0 26.1 
UCS 201 MPa 69.2 3.2 18.2 
WD 201 – 5 4 0.96 
TDD 116 m 381 11 91.3 

Output RMR 210 – 5 1 1.02 
Theoretically, BN processing continuity and discrete data 
can be available, but BN has more advantages in process-
ing discrete data and is more convenient for obtaining
higher accuracy (Feng & Jimenez, 2015). To achieve an 
accurate evaluation, 11 continuous parameters in the 
RQCE set required discretization. Considering the predic-
tive targets of this investigation and the RMR classification 
system as the reference scale, rock quality based on the 
RMR system is averaged and categorized into five levels.
The continuous parameters in RQCE set are categorized
into five levels. The specific discretization results are
depicted in Fig. 1 0.

Furthermore, Table 2 displays the quantities, units, 
maximum values, and standard deviation (Std. dev) of 14 
parame ters. The calculation formula for Std. dev is
described below.

X Std dev 

n 

i 1 

R x i x
2

n
5

where xi is the i-th value of parameter X, and the aver-
age value of X . It is evident that not all parameters com-

x is 
prise 210 samples in Table 2. This indicates an 
incomplete data issue within the established parameter sets. 
To address this flaw, a TAN BN proficient in forecasting
tasks with incomplete sets is considered and employed.

4 BN construction and evaluation

4.1 Establishment of BNs

To design the structure of TAN BN, it is first necessary 
to determine the correlation among the evaluation param-
eters. The correlation among the 14 parameters is demon-
strated in Fig. 11. The darker color in this figure 
indicates the higher correlation between the two parame-
ters. It can be seen that the absolute values of the correla-
tion between DS and RP, DWS and GWS, GWS and 
GWA, FTN and AFTI, FTN and MFTL, FTN and
TDD, AFTI and MFTL, as well as TDD and AFTI, are
all greater than 0.6, indicating a strong correlation between
them (N. Li et al., 2017a; Loozen et al., 2013). Based on the 
correlation results, a TAN BN structure is proposed
(Fig. 12), where parameters with strong correlations have
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Fig. 10. Discretized intervals for different parameters.

Fig. 11. Correlation analysis of 14 parameters.
been assigned new parent nodes (Feng & Jimenez, 2015;
Liu et al., 2023). 

4.2 Performance comparison of various datasets

To verify the effectiveness of the designed TAN BN, 
multiple pre-established multi-source parameter sets are
employed for training and validation. These multi-source 
parameter sets are partitioned into training and validation 
sets in an 8∶2 ratio. However, these multi-source parameter 
sets are characterized by incomplete data. To accurately 
evaluate rock quality based on these incomplete parameter
sets, an EM algorithm is applied. In light of this, the EM
algorithm and the TAN BN are applied to evaluation
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Fig. 12. Framework of the designed TAN BN.
based on various parameter sets with incomplete data, 
thereby determining the optimal parameter set. It should 
be noted that the established TFAF, tunnel face internal 
features (TFIF), TDPM, RQCE sets, and their combina-
tions, such as TD PM + TFAF and TDPM + TFIF, are
utilized for the training and validation of the TAN BN.
The training and validation accuracies are illustrated in
Fig. 13. It is evident that the RQCE set exhibits the best 
performance, while the TDPM set performs the poorest. 
Compared to the baseline TDPM set, the addition of TFIF 
parameters in TDPM + TFIF yields higher accuracy than 
TDPM + TFAF, highlighting the significant enhancement 
in accuracy through the inclusion of drilling parameters. 
Notably, the TFIF set achieves an accuracy of 83% using 
only four parameters, emphasizing the capacity of drilling
parameters to more precisely reflect the true state of rock.
Additionally, tunnel engineers have expressed keen interest
in the non-contact safety approach based on TFAF, and
have also taken into account the evaluation results pro-
vided by this intelligent and quick method.
Additionally, the training and validation accuracies 
achieved on the RQCE parameter set are 96% and 9.

Furthermore, the conditional probability table (CPT) is 
a fundamental component of BNs, encapsulating the 
dependencies among parameters. Specifically, each node’s 
CPT delineates the conditional distribution of that param-
eter, given the values of its parent nodes. The CPT clearly 
elucidates the interd ependencies between different nodes,
indicating how the value of one node influences the values
of other nodes. These dependencies are crucial in the learn-
ing and inference processes of BNs. Figure 1 5 illustrates the 
conditional probabilities of four representative parame-
ters—WIA, FTI, RP, and WD. Using the CPT depicted
in Fig. 15, one can perform inference, calculating the pos-
terior probabilities of other nodes based on the observed 
values of known nodes. This inference process allows for 
the prediction of unknown nodes. For instance, when only 
the WIA is observed and its state is very small, there is a
93% confidence level in predicting as Level I. Similarly,
when only the RP is observed and its state is very large,
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Fig. 13. Performance comparison of different parameter sets.
there is an 87% confidence level in evaluating the rock qual-
ity as Level I.

4.3 Case testing and comparisons with existing data-driven
methods

The research conducted herein designs a TAN BN to 
support tunnel safety and excavation planning. To verify 
its robustness and generalizability, the TAN BN is evalu-
ated on 70 recently excavated tunnel faces. The BN pro-
vides predictive and evaluative services regarding rock
quality for these tunnel faces. Untrained data from these
excavations are utilized to test the TAN BN’s performance.
Test results are visualized in confusion matrices (Fig. 14 
(b)), demonstrating an average accuracy of 91%.

In the domain of geotechnical engineering for evaluation 
and classification, ML and DL methods are currently a
focal point of application (Feng et al., 2021; Zhou et al.,
2021). Commonly employed approaches encompass Naı̈ve 
BN, decision tree models exemplified by classification and 
regression tree (CART), hybrid learning models such as 
gradient boosting regression tree (GBRT), artificial neural
networks typified by MLP, as well as popular DL models,
Fig. 14. Evaluation results of rock quality based on de
represented by deep neural network (DNN), are util ized as
comparative references (Baghbani et al., 2022; Huang
et al., 2022; Mohammadi et al., 2015). Through compre-
hensive comparison and assessment, insights into the 
advantages and limitations of TAN BN for specific tasks 
can be gleaned, aiding in the selection of the most suitable 
method for practical implementation. To evaluate the effec-
tiveness of the designed TAN BN, evaluations for rock
quality are juxtaposed across various methods, as illus-
trated in Fig. 16. Meanwhile, hyperparameter optimization 
was conducted for comparative models, and their optimal 
hyperparameter configurations are presented in Table 3. 
During the training and test phase, it is determined that 
TAN BN exhibits superior accuracy compared to other 
candidate models. This underscores the benefit of TAN 
BN’s tree structure in capturing inherent patterns within 
the RQCE set. This observation highlights the superior
accuracy of the TAN BN in newly encountered tunnel
faces. Additionally, TAN BN exhibits enhanced transfer-
ability and adaptability.

5 Bayesian updates and sensitivity analysis

Bayesian updating, a statistical technique grounded in 
Bayes’ theorem, allows for the step-by-step revision of 
probability estimates for a specific event as new data is 
introduced. This methodology is especially crucial in ML
and artificial intelligence, where it facilitates models in
refining their internal probability distributions based on
newly acquired data (Lauritzen & Spiegelhalter, 1988; 
N. Li et al., 2017b). The core formula of Bayesian updating 
is expressed as follows:

P  A  B P  B  A P A P B 6

where P(A|B) denotes the conditional probability of A 
given B, referred to as the posterior probability. This rep-
resents the updated probability estimate of A. P(A) signifies 
the prior probability of A. By applying Bayesian updating, 
P(A) and P(B|A) are combined to refine the TAN BN’s
probability estimates for rock quality with new informa-
tion. This updating mechanism allows the designed BN
to effectively handle uncertainties. Section 4.3 is designated
signed TAN BN: (a) training, and (b) test process.
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Fig. 15. Conditional probabilities of various parameters and rock quality.

Fig. 16. Comparison of performance for various methods.
as the BN updating section. Moreover, the updated TAN 
BN facilitates the visual classification and prob abilistic
evaluation of rock quality. For example, as depicted in
Fig. 17(a), when WIA = Medium, GWS = Two, and other 
conditions, the rock quality is evaluated as Level IV, with a
conditional probability of 57.2%.
For sensitivity evaluation, mutual information (MI) and 
variance reduction (VR) are frequently utilized metrics, 
extensively applied to evaluate various underground engi-
neering problems (N. Li et al., 2017b). These metrics are 
instrumental in identifying key input parameters that sub-
stantially impact the model’s output, facilitating model 
optimization and decision-making processes. MI metric 
quantifies the interactions and dependencies among distinct 
input parameters and the output within a parameter set. 
The VR serves as a metric to assess the impact extent of 
model input on output variance. VR metric is often
regarded as the reduction in the variance of U due to the
appearance of x. When the VR calculation results are 0,
it indicates that there is no correlation between the input
and output parameters.

The results of MI and VR metrics, calculated for 14
parameters, are depicted in Fig. 18. Particularly, RP, DS, 
and FTN emerge as the top three parameters exerting the 
most substantial influence on rock quality, which is consis-
tent with the observations made in the tunnels providing 
quality prediction services. Tunnel site engineers have more 
confidence in evaluating the quality based on parameters 
obtained from advanced prediction operations such as
RP and DS. This increased confidence may be attributed
to the fact that RP represents the necessary force to over-
come rock strength and fracture the rock mass. Higher
rock strength, integrity, and stability require proportion-
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Table 3 
Hyperparameter settings for various models.

Algorithm Hyper-parameter Searching space Optimal value 

CART N estimators [20, 200] 95 
Max features [1, 10] 5 

GBRT N estimators 100, 300 230 
Max depth 1, 15 6 
Min samples split 1, 15 13 
Learning rate 1 × 10−3 ,  5 × 10−1 0.9 
Max features 1, 10 7 
Subsample 5 × 10−1 , 1 0.92 

MLP Alpha e × 10−5 ,  1 × 10−2 0.0016 
Momentum 0, 1 0.14 
Learning rate Constant, invscaling, adaptive Adaptive 
Activation Tanh, ReLU Tanh 
Init learning rate 1 × 10−3 ,  5 × 10−1 0.18 

DNN Hidden_layers [10, 16] 12 
Hidden_size [15, 25] 20 
Learning_rate [1 × 10−4 ,  1 × 10−2] 0.007 
Dropout [0.1, 0.5] 0.13 

Fig. 17. (a) TAN BN of specific working conditions, and (b) TAN BN of obtaining partial parameters.
ately higher RP, whereas lower strength and stability neces-
sitate reduced RP. Consequently, analyzing rotating pres-
sure provides a reliable parameter of rock quality. DS 
ranks as the second most impactful parameter, attributed 
to factors like rock strength, weathering state, and fracture 
development, which directly affect drilling difficulty. 
Harder, less weathered, and fissure-redu ced rock demands
more energy and time to break apart, resulting in slower
DS. Conversely, rocks exhibiting opposite characteristics
enable faster drilling. Therefore, DS offers a direct insight
into the internal state of rock mass (Kalantari et al.,
2019, 201 8). 
6 Discuss ion

It is noteworthy that a limitation of this study lies in the 
challenge of recording Level I rock mass at the tunnel exca-
vation sites within the tunnels providing rock quality 
assessment services, due to the adverse geological condi-
tions such as karst strata, soft rock, and the influence of 
groundwater and weak interlayer. Consequently, the data-
set is predominantly focused on rock grades ranging from
Level II to Level V, with limited data on Level I. Future
efforts will aim to address this limitation by collecting
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Fig. 18. Assessment of importance for various parameters.
comprehensive RMR data to expand the predictive capa-
bilities of the designed BN.

In tunnel engineering assessment tasks, the perfor-
mance of DL models often surpasses ML models in most 
cases. However, the TAN BN is designed based on the 
rock quality comprehensive evaluation set, which inte-
grates apparent, internal, rock physical–mechanical, and 
design parameters, and achieves a more satisfactory eval-
uation performance than DL methods. This superiority 
can be attributed to the higher complexity of DL models, 
which typically require a significant amount of data for 
training. On small datasets, where data availability is 
limited, DL may fail to fully capture the inherent pat-
terns and characteristics of the data, resul ting in poor
model generalization and inferior performance compared
to ML models. Moreover, DL methods are more prone
to overfitting on small datasets. Collecting a large
amount of tunnel data to achieve satisfactory perfor-
mance for DL often imposes a significant burden on tun-
nel engineers. Therefore, the implementation of the easily
interpretable TAN BN with a relatively small dataset to
achieve a more satisfying evaluation effect for engineers
than DL is worth exploring.

Moreover, the cost-effectiveness and feasibility of the 
proposed method deserve attention. The method possesses 
the capability to carry out prediction tasks even when only 
partial evaluation parameters are obtained. The most 
expensive parameter to collect is the drilling parameter. 
For some large-scale projects with budget constraints, 
some evaluation parameters in the TAN BN can be selec-
tively collected within the allowed cost range, while those
with excessively high costs can be omitted, thereby pro-
ceeding with the prediction and providing corresponding
confidence levels. This will enhance the cost-effectiveness
and feasibility of the proposed method in these projects.
To reduce the complexity of the proposed method, select-
ing a certain number of parameters is recommended for 
different tunnel projects based on their geological charac-
teristics, costs, and construction schedules, thereby facili-
tating the prediction of surrounding rock quality. As
depicted in Fig. 17(b), this paper utilizes the TAN BN con-
structed using Netica software, which allows for the predic-
tion using a subset of parameters provided by the project, 
without imposing excessive burdens on the project. Addi-
tionally, it is recommended that project personnel utilize 
Netica software to operate the TAN BN. Netica is a 
user-friendly and interactive software with a compact size. 
Operators on tunnel pr ojects do not need to delve deeply
into the mathematical and software backgrounds; instead,
they can simply click on the pre-established TAN BN
within Netica to achieve predictions. Thus, the complexity
of the underlying mathematics does not hinder the applica-
tion of the method proposed.
on rock specific characteristics.
(2)

of drilling parameters.
(3)

parameter.

7 Conc lusions

The following conclusions can be drawn from this study.

(1) Drawing from the basic structures of the Swin T and 
UNet, a smart FRFseg model is employed. Its U-
shaped architecture and smart W-MSA significantly 
enhance its ability to segment rock features. The seg-
mentation experiments of fractures, groundwater, 
and weak interlayers are carried out and compared
with the common methods. FRFseg model yields
the most superior segmentation results, suggesting
promising avenues for refining CV methods based

Six parameter sets are established, comprising appar-
ent rock parameters obtained through CV methods, 
internal parameters, as well as design and physical– 
mechanical parameters, totaling 14 parameters. The 
findings confirm that the rock quality comprehensive
evaluation set achieves the highest accuracy, reaching
91%. Further, the study underscores the critical role

Addressing the inherent data incompleteness in the 
rock quality comprehensive evaluation dataset, a 
novel tree-structured TAN BN is designed. A com-
parative analysis against popular ML and DL meth-
ods reveals TAN BN’s superior predictive accuracy, 
especially in managing incomplete datasets. Sensitiv-
ity analysis further identifies parameters significantly
impacting the evaluation, emphasizing the impor-
tance of RP and the minimal influence of WIA
Data availabili ty

The data employed to drive the TAN BN can be obtained 
from the following link: Https://github.com/BluesOctopus/

http://Https%3a//github.com/BluesOctopus/Data-driven-Bayesian-networks-Data-V1-.git
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Data-driven-Bayesian-networks-Data-V1-.git.  And  the  code
of the applied visual method is as follows: https://github.-
com/suofer/Smart-Swin-Transforme. 
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