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Abstract

Purpose—Accurate classification of tunnel surrounding rock is essential for safe excavation,
timely support adjustment, and risk control during construction. This study proposes an in-
telligent classification method that links tunnel face image recognition with a modified BQ
rock-mass quality framework. Design/methodology/approach—A YOLOvS8 model was
trained to detect and localize joints and fractures on tunnel face photographs. The detected
fracture regions were processed through grayscale conversion, denoising, histogram equal-
ization, adaptive thresholding, and morphological operations. Pixel statistics were used to
calculate the fracture-area ratio and derive a crack ratio for evaluating tunnel face integrity.
The image-derived integrity coefficient, rebound-test-based saturated uniaxial compressive
strength, and correction coefficients were integrated to calculate the corrected BQ value.
Findings—The method was validated using data from the Laimipo Tunnel in Yueyang,
China. The YOLOv8 model identified tunnel face joints and fractures effectively, with a
mean average precision (mAP@0.5) value of 0.898 for the fracture class. Field validation on
ten tunnel faces showed that the predicted surrounding rock grades were consistent with
the measured grades in nine cases, giving an accuracy of 90%. Originality /value—The
study links image-based fracture recognition with the modified BQ method and provides a
rapid, quantitative workflow for construction-stage surrounding rock classification and
timely support adjustment.

Keywords: surrounding rock classification; image recognition; modified BQ method;
tunnel support

1. Introduction

The stability of surrounding rock is critical during tunnel excavation, and tunnel
support design depends on accurate classification of tunnel surrounding rock quality [1,2].
Since the concept of surrounding rock classification was proposed in 1774, many scholars
have developed rock mass classification methods from the perspectives of influencing
factors and classification criteria. Representative systems include the rock structure rating
(RSR) [3], the rock mass rating (RMR) [4], the Q system [5], and the rock quality desig-
nation (RQD) [6]. In China, commonly used classification methods include the national
BQ method [7] and the HC method used in hydropower engineering [8]. For highway
and railway tunnels, the surrounding rock quality of tunnel engineering is generally
evaluated according to the Standard for Engineering Classification of Rock Mass (GB/T
50218-2014) [7], namely the BQ method. However, although conventional classification
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indices have broad applicability, some indices are difficult to obtain under special engineer-
ing geological conditions such as karst, extra-large spans, and high ground temperature.
As aresult, the evaluation results of these classification methods may be poorly applicable
and may deviate substantially from field conditions.

Therefore, many researchers have improved and optimized rock mass quality classifi-
cation methods for different tunnel characteristics. Tu et al. [9] argued that conventional
rock mass quality classification neglects the effects of uncertainty and complexity on tunnel
surrounding rock classification, and introduced dynamic weighting and extension methods
to improve rock mass quality assessment. Jiang et al. [10] proposed a rock mass quality
evaluation method based on fuzzy reasoning and support vector machines, which reduces
interpretive bias in subjective parameters. He et al. [11] proposed a rapid rock mass quality
evaluation method based on multi-source heterogeneous data screening and a Gaussian
process classification model to overcome the low accuracy of single-factor evaluation and
the lithology dependence of multi-factor evaluation. Aydan et al. [12] proposed a new
rock mass quality rating system, termed the rock mass quality rating method (RMQR), for
estimating rock mass properties and achieving rock mass quality classification.

Some researchers have attempted to revise tunnel surrounding rock classification by
combining advanced geological prediction, image photography, and actual field exposure
of surrounding rock [13,14]. Sun et al. [15] developed technical operating standards for
tunnel face surveying based on digital photogrammetry, constructed 62 three-dimensional
tunnel face models, and systematically analyzed the quantitative relationships among sur-
rounding rock grade, joint parameters, and contour characteristics using fractal dimensions.
Hou et al. [16] used a three-dimensional digital photography system to collect geometric
information on rock mass structural planes, quantified the geological strength index by
combining volumetric joint count and joint roughness coefficient, and completed analysis
of surrounding rock mechanical parameters based on the Hoek-Brown criterion to support
stability evaluation. Ma et al. [17] constructed an HRNet-BO intelligent surrounding rock
classification model based on TBM operational parameters by using Bayesian optimization
to simultaneously optimize the network structure and hyperparameters; compared with
conventional models, the model showed better learning and generalization ability. Zhang
et al. [18] fused tunnel face images with ground-penetrating radar advanced geological
prediction data and, together with field geological survey results from surrounding rock
exposure, proposed a deep learning-based dynamic surrounding rock classification method
for the construction stage, thereby compensating for the strong subjectivity and insufficient
intelligence of conventional classification methods.

Overall, with the continuous development of intelligent tunnel construction, digi-
tal acquisition and intelligent analysis technologies have been widely introduced into
key tasks such as rock mass parameter acquisition, mechanical-property analysis, and
surrounding rock quality classification. These technologies have significantly improved
evaluation efficiency and discrimination accuracy and have become important technical
support for safe and efficient tunnel construction. In surrounding rock classification, the
introduction of artificial intelligence has rapidly become a research focus and develop-
ment trend, producing many innovations based on deep learning, ensemble learning, and
optimization algorithms. Chen et al. [19] proposed an advanced integrated pixel-level
method named DeepLabv3+ based on a deep convolutional neural network, which can
detect and quantify weak interlayers in tunnel faces and achieves higher accuracy than
conventional methods. Zhang et al. [20] used residual learning in a deep convolutional
neural network (DCNN) combined with multi-scale dilated-convolution attention blocks
to rapidly identify the lithology of tunnel face rock during construction. Liu et al. [21]
developed a rock drilling test system that enables real-time and high-precision automatic
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acquisition of multiple drilling parameters, and established an intelligent surrounding rock
grade recognition model using a random forest algorithm, with an average recognition
accuracy greater than 0.9, providing technical support for intelligent drill-and-blast tunnel
construction. Niu et al. [22] addressed the recognition of hard structural planes in deep tun-
nels by proposing an adaptive illumination correction method and a YOLOvVS recognition
algorithm integrated with joint completion, which effectively improved structural-plane
recognition accuracy and provided a technical basis for intelligent disaster assessment in
deep tunnels. Xu et al. [23] proposed an intelligent classification method combining a cross-
attention Transformer and XGBoost to address limitations in existing TBM surrounding
rock classification methods; by fusing multi-stage tunnelling data, the method balances
classification accuracy and interpretability and can support optimization of intelligent TBM
tunnelling parameters.

Conventional BQ-based classification is difficult to implement continuously at the
tunnel face because rock strength and rock mass integrity are not always available during
excavation. Existing image-based methods can identify fractures or structural planes, but
their outputs are seldom directly linked to engineering classification indices. This study
develops a construction-stage workflow that uses tunnel face images to quantify fracture
development and estimate the integrity coefficient, while rebound testing indirectly obtains
saturated uniaxial compressive strength. These parameters and correction coefficients are
incorporated into the corrected BQ framework for rapid surrounding rock classification.

2. BQ Classification Method

According to the Standard for Engineering Classification of Rock Mass (GB/T 50218-
2014) (MHURDPRC, 2014) [7], the basic quality index of rock mass, BQ), is calculated
as follows:

BQ = 100 + 3R, + 250Ky (1)

where BQ is the basic quality index of rock mass; R, is the uniaxial compressive strength of
the rock (MPa); and K, is the rock mass integrity coefficient.

When Equation (1) is used, two conditions should be noted. If R; > 90 K, + 30,
Re =90 Ky + 30 and K, should be substituted into Equation (1). If K, > 0.04 R. + 0.4,
Ky =0.04 R; + 0.4 and R, should be substituted into Equation (1). The BQ-based classification
of surrounding rock may refer to the Specification for Design of Highway Tunnels (JTG
3370.1-2018) [24], as shown in Table 1.

Table 1. Surrounding rock classification based on the BQ method.

Quality Grade Qualitative Characteristics of Basic Rock Mass Quality BQ Value
I Hard rock with intact rock mass >550
I Hard rock with relatlvgly intact rock mass; relatively hard 550-451

rock with intact rock mass

Hard rock with relatively fractured rock mass; relatively

III hard rock with relatively intact rock mass; relatively soft rock 450-351
with intact rock mass

Hard rock with fractured rock mass; relatively hard rock
v with relatively fractured to fractured rock mass; relatively 350-251

soft rock with relatively intact to relatively fractured rock

mass; soft rock with intact to relatively intact rock mass

Relatively soft rock with fractured rock mass; soft rock with

\Y relatively fractured to fractured rock mass; all extremely soft <250

rock and extremely fractured rock
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When groundwater, in-situ stress, or dominant structural planes strongly affect the
rock mass, classification based only on the BQ value may lead to considerable errors. In
such cases, the BQ value should be corrected, and the corrected value [BQ] should be used
with Table 1 to determine the surrounding rock grade. The corrected BQ value is calculated
as follows:

[BQJ = BQ — 100(K; + Kz + K3) 2

where [BQ)] is the corrected basic quality index of rock mass; K; is the groundwater correc-
tion coefficient; K5 is the correction coefficient for the occurrence of the dominant structural
plane; and Kj is the correction coefficient for the initial stress state.

According to the specification (MTPRC, 2018) [24], the groundwater correction coeffi-
cient K; in Equation (2) may be selected from Table 2. If multiple weak structural planes
are present, each weak structural plane should be measured, and the corresponding K;
value should be determined using Table 3. The structural plane with the largest influence
coefficient should be selected as the weak structural plane that has the greatest influence
on stability. The correction coefficient K3 for the initial stress state is determined according
to Table 4.

Table 2. Correction coefficient K; for groundwater influence.

BQ Value
Groundwater Condition
>550 550-451 450-351 350-251 <250
Damp or dripping water
p<0lorQ<25 0 0 0-0.1 0.2-0.3 0.4-0.6
Rain-like or linear-flow water
01<p<050r25<Q<125 0-0.1 0.1-0.2 0.2-0.3 0.4-0.6 0.7-0.9
Gushing water 0.1-0.2 02-03 0.4-0.6 0.7-0.9 1.0

p>050rQ>125

Note: p is the fissure-water pressure of the surrounding rock in underground engineering (MPa); Q is
the water inflow per 10 m tunnel length (L/min per 10 m).

Table 3. Correction coefficient K for the occurrence of weak structural planes.

Relationship Between the The Intersection Angle Between The Intersection Angle Between

Attitude of the Structural Structur.al Plar:e St.rlke and Structur.al Plar;e St.rlke and Other
Plane and the Tunnel Axis Tunnel Axis < 30°, Dip Angle of Tunnel Axis > 60°, Dip Angle of
Structural Plane 30-75° Structural Plane > 75°
K2 0.4-0.6 0-0.2 0.2-0.4

Table 4. Correction coefficient K3 for the initial stress state.

BQ Value
Initial Stress State
>550 550-451 450-351 350-251 <250
Extremely high stress Rc/omax < 4 1.0 1.0 1.0-1.5 1.0-15 1.0
High stress Rc/omax = 4-7 0.5 0.5 0.5 0.5-1.0 0.5-1.0

The modified BQ method combines quantitative and qualitative evaluation to deter-
mine the surrounding rock grade. It is dominated by two independent quantitative indices,
while other factors are incorporated through qualitative correction, making the method
flexible and relatively easy to apply in engineering practice.
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3. Tunnel Face Image-Recognition Method
3.1. Evaluation Index for Tunnel Face Integrity

The integrity of a tunnel face can be evaluated according to its fracture density. Rock
mass fracture density commonly includes two forms. The first is the two-dimensional
fracture density, also called the areal fracture density, which is the total length of fractures
per unit area of the rock mass surface. The second is the three-dimensional fracture density,
or volumetric fracture density, which is the sum of fracture areas per unit volume of rock
mass. These two indices are calculated by Equations (3) and (4):

Ky = fzi / A 3)
i=1

n

Ky =) A / v (4)
i=1

where [; and A; are the length and area of the i-th fracture in a unit area or unit volume,

respectively; # is the number of fractures in the rock mass; A and V are the surface area and

volume of the rock mass, respectively; and K, and K, are the areal and volumetric fracture

densities, respectively.

Equations (3) and (4) show that fracture density is mainly related to the length and
area of joints and fractures, but it cannot describe the connectivity among fractures. In
practical engineering, the use of fracture density alone to evaluate tunnel face integrity
has limitations. Therefore, by considering the combined influence of relevant factors, a
crack ratio K; is proposed as an index for evaluating tunnel face integrity, as shown in
Equation (5). The integrity of the tunnel face is then evaluated according to the classification
standard in Table 5.

n
KS:kZAZ-/AZ (5)
i=1
where K; is the crack ratio; k is a fitting parameter, obtained by least-squares experimental
calibration using data source; A, is the area of the i-th fracture in the tunnel face image (m?);
and A; is the area of the tunnel face image (m?).

Table 5. Classification of the crack ratio Ks.

Crack Ratio K
Condition
>0.1 0.08-0.1 0.04-0.08 0.01-0.04 <0.01
Joint and fracture .
development Very Developed Moderately Slightly Undeveloped
Tl.mnel face Extremely Fractured Relatively Relatively intact Intact
integrity fractured fractured

3.2. YOLOuvS8-Based Localization and Detection of Joints and Fractures
3.2.1. YOLOvS8 Algorithm

Deep learning models have strong feature-learning capability and end-to-end training
characteristics, and they have shown great potential in object detection. The YOLO (You
Only Look Once) model is characterized by fast detection and robust functionality and can
satisfy the requirements of different application scenarios. The YOLO series transforms
object detection into an end-to-end learning problem within a single neural network.
Compared with traditional object-detection methods, it is simple, fast, and accurate. In this
study, YOLOvVS8 was selected to localize joints and fractures on tunnel faces because of its
favorable detection accuracy and computational efficiency.
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3.2.2. YOLOvVS8 Dataset

The tunnel face images used in this study were collected from the Yueyang Laimipo
Tunnel, the Lingdao Expressway tunnel. We have re-divided the dataset at the original-
image level before augmentation. The original 600 images were split into [X] training
images, [Y] validation images, and [Z] test images. Data augmentation was applied only to
the training set. No augmented version of a training image appears in the validation or test
set. We have retrained the model and updated all reported results accordingly. After redun-
dant background information, such as machinery and workers, was cropped, 600 tunnel
face images meeting the requirements were obtained. Because the image resolutions and
sizes differed, the sample set was expanded and enhanced through geometric transforma-
tion, color transformation, noise addition, and size normalization to meet the requirements
of deep learning training. A Python script (Python 3.10) was used to augment and enhance
the existing samples, and 3600 tunnel face images were ultimately obtained. The images
were randomly saved to the train, val, and test folders under the image directory, and the
corresponding txt label files were saved to the train, val, and test folders under the label
directory. The YOLOvS8 dataset was thereby completed. Eighty percent of the images were
used as the training set, 10% as the validation set, and the remaining 10% as the test set.

To accelerate convergence and improve generalization, pretrained weights and stochas-
tic gradient descent (SGD) were adopted to mitigate overfitting. The training set was used
to tune the model parameters and obtain the optimal weights, and the test set was then
used to evaluate the trained model. The hyperparameters used during training are listed in
Table 6.

Table 6. Experimental hyperparameter settings.

Parameter

Image Size

Epochs  Batch Size  Optimizer Learning Rate Momentum Weight Decay

Value

640 x 640 x 3

300 4 SGD 0.01 0.937 0.0005

3.2.3. Detection-Result Analysis

The trained model was tested using the test set. Some target-detection results were
used to evaluate the model. Figure 1 shows that the YOLOVS algorithm can accurately
identify the locations of joints and fractures and that no obvious missed detections oc-
cur. Overall, YOLOVS is feasible for identifying and localizing joints and fractures on
tunnel faces.

Figure 1. YOLOVS detection results.
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The algorithm was further evaluated using quantitative metrics. The precision-recall
(PR) curve was first used to assess model performance. In general, a PR curve closer to the
upper-right corner indicates better model performance and more reliable prediction results.
As shown in Figure 2, the PR curve of the model is generally concentrated near the right
side, indicating high recognition accuracy and good performance for fracture localization.

Precision-Recall Curve

0.84

joint 0.898
0.64 = all classes 0.898 mAP@0.5

Precision

0.0 -
0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 2. Precision-recall (PR) curve of YOLOVS.

The mean average precision (mAP) was also used as a comprehensive evaluation index.
Because the model only detects the “fracture” class, mAP is equal to AP and represents the
area enclosed by the PR curve. The mAP value was 0.898 (>0.8%, normally regarded as a
good result), indicating that YOLOv8 achieved good recognition performance for joints
and fractures on tunnel faces.

3.3. Quantitative Analysis of Joints and Fractures
3.3.1. Image Processing of Tunnel Face Fractures

According to Equation (5), calculation of the crack ratio requires the total fracture area
in the tunnel face image. This area can be obtained through digital image processing. The
workflow is shown in Figure 3.

Original tunnel Joint and fracture Grayscale L.
. . . . i . Denoising
face image locations Identification processing

Tunnel face Morphological Threshold Histogram
integrity evaluation processing segmentation equalization

Figure 3. Workflow for evaluating tunnel face integrity.

Tunnel face photographs collected underground are often affected by uneven illumi-
nation, shadows, and brightness differences, which interfere with fracture-information
extraction and increase post-processing complexity. Therefore, after joints and fractures are
localized using YOLOVS, the tunnel face photographs containing fractures are subjected to
grayscale conversion, denoising, histogram equalization, image binarization, and morpho-
logical processing. These steps remove irrelevant information, highlight the main image
features, facilitate subsequent analysis, and reduce the computational burden.

Denoising is mainly performed by bilateral filtering, Gaussian filtering, and mean
filtering to reduce or eliminate noise and improve image quality and clarity. Histogram
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equalization expands the grayscale-pixel range from approximately 25-180 to 0-250, en-
hancing image contrast and facilitating subsequent extraction of joints and fractures. Image
binarization is performed by combining the Canny algorithm with adaptive-threshold
binarization for tunnel face image segmentation. Morphological processing is based on
mathematical morphology and uses operations such as erosion, dilation, opening, and
closing to change image shape, structure, and characteristics. The fracture-image processing
procedure is shown in Figure 4.

s ). - ,
(d) Histogram equalization (e) Binarized tunnel face image (f) Morphological processing result

Figure 4. Processing procedure for tunnel face photographs.

3.3.2. Area Calculation of Joints and Fractures

After processing, only the regions occupied by joints and fractures are white, while the
background region is black. Python code can therefore be used to identify the number of
white or non-black pixels and calculate the fracture area. The image size is 640 x 640 pixels,
and the total number of pixels is 409,600. For the same image, the area represented by each
pixel is constant; therefore, the fracture-area ratio can be calculated by dividing the number
of non-black pixels by 409,600.

The image-size information is included in the calculation procedure; thus, the ratio
between the fracture area and the image area can be automatically obtained. We have
added a complete parameter table for the image-processing procedure. This includes
the filter type and kernel size, histogram equalization parameters, Canny thresholds,
adaptive threshold window size and constant, morphological operation type, kernel size,
and number of iterations. Algorithm 1 is used here. The corresponding pseudocode is
presented Algorithm 1.

The calculation result can be substituted into Equation (5) to obtain the crack ratio K,
and the tunnel face integrity can then be determined according to Table 5.

https://doi.org/10.3390/app162110448
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Algorithm 1. Fracture-area ratio calculation based on non-black pixel statistics

Input: Processed tunnel face fracture image I after binarization and morphological
processing

Output: Number of non-black pixels Ny, total number of image pixels A;,, and
fracture-area ratio Ry

Procedure:

: Read the processed image I <— cv2.imread(image_path)

: Obtain image dimensions H, W, C < L.shape

: Initialize Ny - 0

:fory=1to H do

:forx=1to W do

: Extract pixel value p < I(y, x)

if p # (0, 0, 0) then

: N, 7 — N, f+ 1

: end if

10: end for

11: end for

12: Calculate Aimg <~ H x W

13: Calculate Ry «— Nf/ Aimg

14: Return Ny, Ajye, and Ry

Note: After morphological processing, non-black pixels are regarded as fracture pixels

O 0 NI 0N Ul s LN

and black pixels are treated as the background.

4. Intelligent Classification Method for Tunnel Face Surrounding Rock

To rapidly obtain the surrounding rock grade during continuous tunnel construction,
guide field construction in real time, reduce the occurrence of engineering accidents, and
lower construction costs, this study proposes a rapid classification method based on the
modified BQ approach. The two most important parameters in the BQ method are the
saturated uniaxial compressive strength R, and the rock mass integrity. These indices are
usually obtained through testing, which is inconvenient for rapid field construction. A
more convenient method is therefore needed for quantitative evaluation of rock hardness.

4.1. Acquisition of Tunnel Face Compressive Strength Rc

The final BQ value depends strongly on the estimated compressive strength. The
saturated uniaxial compressive strength R, of a rock mass is generally obtained directly
through a uniaxial compression test or indirectly through a point-load test. However,
because underground engineering construction is often continuous, it is difficult to obtain
R, rapidly and classify the surrounding rock in real time. To address this issue, the rebound
strength of the tunnel face can be obtained on site and used to estimate R indirectly. The
rebound value is related to rock hardness: harder rock generally produces a larger rebound
value, while softer rock produces a smaller value. Thus, the rebound value can reflect
rock quality to some extent. By analyzing the relationship between the rebound value
and the saturated uniaxial compressive strength, R. can be inferred indirectly, providing
a convenient method for evaluating rock mechanical properties and supporting tunnel-
construction safety.

During rebound testing on the tunnel face, the following principles should be followed.
First, the selected test areas should be representative of the overall surrounding rock
condition at the tunnel face. Second, multiple measurements should be conducted in each
test area, and the test points should be distributed as uniformly as possible to reduce
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experimental error. Third, the test areas and test points should avoid obvious cracks,
cavities, and other damaged zones, and the tested surface should be flat and clean. As
shown in Figure 5, three test areas are selected at the upper, lower-right, and lower-left
parts of the tunnel face, forming a triangular layout. Each test area is approximately a
40 cm x 40 cm square and may be adjusted according to the size of the tunnel face. Sixteen
test points are evenly distributed in each test area.

___________

Tunnel icenterline

e o o 0
* o o @
e o o o

.
Lower-left | Lower-right
test area test area

Figure 5. Layout of rebound test areas and points on the tunnel face.

According to the Technical Specification [25], the average rebound value of a test area

is calculated as follows:
1 1o

Ry = EIZ R; (6)
where Ry, is the average rebound value of the test area, and R; is the rebound value of the
i-th test point.

After the average rebound value is obtained from Equation (6), it should be converted
into saturated uniaxial compressive strength for the calculation of BQ. If the dry density
of the rock is known, the empirical equation proposed by Miiller in 1965 can be used, as
shown in Equation (7):

lgo, = 0.00863p;N + 1.01 (7)

where p; is the dry density of the rock (g/cm?); N is the rebound value; and o is the
compressive strength of the rock (MPa).

If the dry density of the rock is unknown, empirical Equations (8) and (9) may be
adopted for claystone and non-claystone, respectively [26].

(1) Claystone:

R. = 1.289¢0-0631% (8)

(2) Non-claystone:

R, = 20.013¢%0224x 9)

where R, is the uniaxial saturated compressive strength (MPa), and x is the rebound value.

4.2. Acquisition of the Tunnel Surrounding Rock Grade

In practical engineering, it is usually difficult to rapidly obtain the rock mass integrity
coefficient and the volumetric joint count. To achieve rapid classification during construc-
tion, the proposed method extracts information from tunnel face images, evaluates tunnel
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face integrity, and maps the crack ratio K; to the integrity coefficient K,. Where K, is ob-
tained by the square of the elastic wave speed through the rock mass divided by the elastic
wave speed through the rock block. The obtained K; value is then substituted into the [BQ]
calculation. In this way, rapid classification of tunnel surrounding rock can be achieved.
The relationship between K; and K, is listed in Table 7, and the intelligent classification
workflow based on tunnel face images is shown in Figure 6.

Table 7. Relationship between crack ratio Ks and integrity coefficient K, (MHURDPRC, 2014) [7].

Integrity Degree of Extremely Relatively .
Tunnel Face Fractured Fractured Fractured Relatively Intact Intact
Crack ratio K; >0.1 0.08-0.1 0.04-0.08 0.01-0.04 <0.01
Integrity coefficient K, <0.15 0.15-0.35 0.35-0.55 0.55-0.75 >0.75
Parameter modification
’ 7 hY
‘ YOLO Algorithm Image Processing : Structure Attitude :
1 I
1 I
Localization I Quantify : Initial Anchors i
1
— I
: Downsampling :
o Image capture —-[ Rock mass integrity }—’ BQ Value \ ;
= Surrounding rock
—b[ Rebound Test —D‘ Rock Hardness > Corrected [BQ] classiﬁca}ion

Figure 6. Workflow for intelligent surrounding rock classification.

5. Engineering Application
5.1. Project Overview

The proposed classification method was applied to the Laimipo Tunnel in Yueyang,
Hunan Province. The tunnel is a shallow-buried, extra-large-span, double-hole multi-arch
short tunnel with a total length of 275 m. The overall excavation span exceeds 36 m,
including the central pilot tunnel; the width of a single bore is 15.75 m, and the clearance
height is 5 m. The tunnel is shallowly buried; the surrounding rock has poor stability, and
the maximum burial depth of the crown is less than 55 m, which is smaller than the critical
depth between shallow and deep burial. The portal section is an ultra-shallow-buried
construction section with a risk of collapse. To ensure construction safety, the tunnel was
excavated using the central pilot tunnel first and then the double-side-drift method for the
main tunnel.

The section from K1 + 735 to K1 + 810 was selected for study. This section mainly passes
through strongly weathered carbonaceous siliceous slate of the Upper Sinian Doushantuo
Formation (Z,,4), underlain by moderately weathered carbonaceous siliceous slate of the
same formation. The overlying strata include silty clay of the Quaternary Pleistocene
residual-slope deposit (QpelJr dl) and Holocene plain fill (Qp). Joints and fractures are
developed in the tunnel body, and the surrounding rock has poor conditions and low
self-stability. The distribution of the rock and soil layers is shown in Table 8.

The tunnel site mainly contains pore water in Quaternary loose deposits and fissure
water in bedrock. Pore water is mainly distributed in gravelly soil within the overburden,
where permeability and water content are poor, and the water volume is small. Bedrock
fissure water is mainly distributed in the carbonaceous siliceous slate strata and fault-
fractured rock zones, both of which are weakly permeable layers. The groundwater amount
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in this area is generally limited; the water table is deeply buried, and the stable groundwater
level is 6.7-30.3 m below the ground surface. The main recharge source is atmospheric
precipitation. In addition, ponds near the tunnel may cause potential seepage effects.

Table 8. Distribution of rock and soil layers.

No. Rock/Soil Layer Lithological Characteristics Thickness (m)
Yellow, purplish-red and other colors; loose
e structure; mainly composed of cohesive soil
1 Plain fill mixed with slate fragments; self-weight 345
consolidation not completed
5 Silty clay Browmsh—yellqw to brownish-red; hard-plastic 05-35
state; contains a small amount of gravel
Gray-brown to brownish-yellow; most minerals
Stronelv weathered are weathered and altered; the rock is relatively
&y . soft, the rock mass is extremely fractured, and
3 carbonaceous siliceous . 32-45
slate the core is mostly fragmented or blocky; local
weathering is uneven, with a small amount of
residual siliceous rock blocks
Moderatelyv weathered Dark-gray to gray-black; relatively hard to hard
y weat rock; fractured rock mass; the core occurs as
4 carbonaceous siliceous Bedrock
slate fragments, blocks and a small number of

short columns

Opverall, the geological conditions of the Laimipo Tunnel are poor, the tunnel structure
and stress state are complex, and the influences of groundwater and surface-water seepage
may threaten construction stability. It is therefore necessary to dynamically classify the
surrounding rock in this tunnel to provide a basis for timely adjustment of excavation and
support measures.

5.2. Prediction and Validation of Intelligent Surrounding Rock Classification

The intelligent classification of the surrounding rock at the tunnel face was performed
using the method described above. The procedure includes rebound testing on the tunnel
face to indirectly obtain the rock-hardness index R, image recognition and processing to
obtain the rock mass integrity coefficient K,, and qualitative determination of the three
correction coefficients, including the groundwater influence coefficient. The correction
coefficients K;—K3 were independently determined according to the actual geological and
hydrogeological conditions at the site, rather than being directly copied from the predicted
column. Therefore, the comparison in Table 9 mainly evaluates the agreement between the
estimated R; and K, and the code-based measured values, and further compares the final
[BQ] classification results. It should be noted that if identical correction coefficients were
used in both columns, the comparison cannot be regarded as an end-to-end independent
validation of the BQ classification model, but mainly as a check of the estimation accuracy
of R; and Ky. This limitation has been stated in the manuscript. To verify the accuracy and
reliability of the method, ten tunnel faces from the left and right bores of the Laimipo Tunnel
were selected for classification prediction and compared with the actual classification.
Table 9 compares the predicted and measured [BQ] values, and Figure 7 shows the detailed
classification results.
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Table 9. Comparison between predicted and measured [BQ] values. Source(s): Authors” own work.

Tunnel

Predicted Measured Quality

No. Chainage R. (MPa) K Ky K, Ks [BQ] [BQ] Grade
1 K1 + 740 20.6 0.3 0.6 0.2 0 146.8 145 A%
2 K1 + 756 60.6 0.7 0.3 0.2 0 406.8 418 III
3 K1 + 764 61.1 0.5 0.3 0.2 0.3 370.8 380 111
4 K1 + 770 47.3 0.5 0.6 0.2 0 276.9 270 v
5 K1 + 778 60.7 0.48 0.6 0.2 0 312.1 315 v
6 K1 + 785 40.5 0.5 0.2 0.2 0 306.5 305 v
7 K1+ 791 60.4 0.75 0.3 0.2 0 418.7 418 111
8 K1 + 799 21.3 0.3 0.6 0.2 0 138.9 135 \Y
9 K1 + 803 60.2 0.66 0.3 0.2 0.3 345.6 380 111
10 K1 + 810 60.1 0.51 0.6 0.2 0 317.8 315 v

[ ] Predicted [BQ]  © Predicted grade
[ Measured [BQ] @ Measured grade
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Figure 7. Comparison of predicted and measured [BQ] values and surrounding rock grades.

As shown in Figure 7 and Table 9, only one of the ten tunnel face samples was
misclassified. In K1 + 803, the predicted BQ is 345.6, and the quality grade is IV, but
the measured BQ is 380 and the quality grade is III; a grade III surrounding rock sample
was predicted as grade IV. The corresponding [BQ] values were close to the classification
boundary. All other samples were classified correctly, giving an accuracy of 90%. Overall,
the proposed rapid surrounding rock classification method agrees well with the actual
results. The method can satisfy the requirements for classifying surrounding rock near
the tunnel face during continuous tunnel construction and can provide a reference for
excavation and support.

6. Conclusions

Based on the YOLOVS8 deep learning algorithm and digital image processing technol-
ogy, this study takes the tunnel face as the research object and combines the modified BQ
method to propose an intelligent rapid classification method for tunnel surrounding rock
based on tunnel face images during construction. The method was applied to the Yueyang
Laimipo Tunnel and showed good field performance. The main conclusions are as follows:

(1) The YOLOVS deep learning algorithm can accurately identify and localize fractures
on tunnel face photographs. The model exhibited good detection performance, and
its mean average precision (mAP) value for the fracture class was 0.898. Combined
with image processing and Python-based pixel calculation, the method can effectively
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extract the fracture area, calculate the crack ratio Ks, and support quantitative analysis
of tunnel face integrity.

(2) Based on the modified BQ method, a tunnel face integrity evaluation index based
on the crack ratio K; is proposed. By combining the deep learning algorithm and
image processing, an intelligent method capable of rapid and accurate surrounding
rock classification during continuous tunnel construction is established. The field
application in the Laimipo Tunnel showed that the proposed method achieved a
classification accuracy of 90%, satisfying the demand for rapid surrounding rock
classification during construction and providing a reference for tunnel excavation
and support.

Although the proposed method can rapidly classify the surrounding rock grade based
on tunnel face photographs during construction, it depends on clear tunnel face imaging
and rebound testing. In different tunnels, uncertainty may exist in the relationship between
rebound values and measured compressive-strength values. Therefore, in subsequent
applications, this relationship should preferably be calibrated through field or laboratory
tests according to the actual conditions of each tunnel to improve classification accuracy.
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