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Abstract

Harmful gas is a major hazard in underground engineering construction, and accurate
prediction of its risk level is essential for tunnel safety. Existing prediction methods for
harmful-gas risk in non-coal strata tunnels are limited by empirical scoring, subjective indi-
cator assignment, and insufficient quantitative characterization of reservoir performance.
To address these limitations, this study proposes an SSA-CatBoost prediction model for
harmful-gas risk levels in non-coal strata tunnels. Eight influencing indicators were selected
as input variables. Among them, reservoir performance was quantitatively characterized by
measured porosity and permeability, while the other six indicators were quantified using
engineering-based scoring criteria. A database containing 138 real harmful-gas tunnel
cases was constructed, and CatBoost was used as the base classifier. The Sparrow Search
Algorithm was introduced to optimize the hyperparameters of CatBoost. The proposed
SSA-CatBoost model achieved an average accuracy of 93.63% in five-fold cross-validation
and an accuracy of 92.86% on the independent test set. Compared with CatBoost, SSA-
SVM, and SSA-XGBoost, the proposed model showed the highest cross-validation accuracy.
Engineering validation further showed that all selected validation samples were correctly
classified. In addition, replacing empirical reservoir-performance scoring with measured
porosity and permeability improved the recognition performance of adjacent risk levels,
with the Fl-scores of Level III and Level IV increasing from 0.667 and 0.727 to 0.909, re-
spectively. The novelty of this study lies in integrating measured reservoir-performance
parameters into a machine-learning-based harmful-gas risk prediction framework, thereby
reducing the subjectivity of conventional scoring systems and improving the quantitative
characterization of non-coal strata tunnel gas hazards.

Keywords: harmful gas; tunnel; machine learning; prediction; classification

1. Introduction

With the increasing global demand for infrastructure, the rise in underground engi-
neering construction has led to frequent underground geological disasters, especially gas
outbursts and combustion accidents [1-4]. Due to the toxicity and flammability of gases,
they pose extreme dangers in underground environments, often causing serious injuries
and fatalities. Faced with numerous new projects, achieving accurate and rapid prediction
of harmful-gas risk levels is crucial for ensuring construction safety [5-7]. Machine learning,
as an emerging technology, can effectively achieve this goal, particularly in multi-factor
and highly coupled prediction tasks, demonstrating powerful predictive capabilities to
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handle the complex nonlinear relationships involved in gas outburst processes [8]. Unlike
coal-seam-gas hazards, harmful-gas risks in non-coal strata tunnels are usually related to
complex geological conditions, including adjacent oil and gas reservoirs, gas migration
pathways, caprock integrity, groundwater conditions, tunnel burial depth, and the storage
and transport capacity of the surrounding strata. In such tunnels, harmful gases may accu-
mulate or be released during excavation, leading to toxic, flammable, or explosive hazards.
Therefore, the key problem addressed in this study is the prediction of harmful-gas risk
levels in non-coal strata tunnels under multi-factor coupling conditions.

Currently, extensive research has been conducted on coal-seam-gas prediction and
gas-related hazard assessment in underground engineering, including tunnel construction
and deep coal mining. Zhang and Lowndes [9] proposed a prediction method combining
fault tree analysis and artificial neural networks to evaluate the potential risk of coal and
gas outbursts. Wang et al. [10] established a coal and gas outburst prediction model based
on extension theory, constructing an evaluation system with multiple indicators and risk
levels to achieve quantitative outburst-risk prediction. Bi et al. [1] developed a coal mine
gas emission prediction model based on a hybrid machine-learning framework, which
improved the prediction accuracy of gas emission. Lin et al. [11] proposed a coal mine
gas emission prediction method based on multi-factor time series analysis, combining
Recursive Feature Elimination with Cross-Validation (RFECV) feature selection with a
Bidirectional Long Short-Term Memory (Bi-LSTM) model to improve the accuracy and
stability of gas emission prediction. Zheng et al. [12] used a parameter-optimized Extreme
Gradient Boosting (XGBoost) model to predict coal and gas outbursts and quantitatively
analyzed the contribution of each evaluation indicator. In addition to these methods,
artificial neural network (ANN) models have also been applied to nonlinear prediction
and sensitivity-analysis problems in geotechnical engineering. For example, Jolfaei and
Lakirouhani [13] used an ANN model to analyze the relationship between input parameters
and borehole failure geometry and to evaluate the sensitivity of effective parameters in
borehole failure.

However, due to the strong uncertainty and spatial heterogeneity of harmful-gas distri-
bution in non-coal strata tunnels, the direct application of coal-seam-gas prediction models
to non-coal tunnel engineering remains limited. Liu et al. [14] proposed a risk prediction
model for oil-type gas tunnels based on factors such as the burial depth of adjacent oil and
gas reservoirs and their distance from the tunnel. Zhu et al. [15] further introduced factors
such as groundwater conditions and the burial depth of adjacent oil and gas production
areas to enrich the indicator inputs, thereby enhancing the model’s explanatory power
and evaluation effectiveness. However, most input indicators in the above two studies
were quantified using scoring methods. In particular, reservoir performance was mainly
characterized by empirical grading assignment. Although this method is reasonable for
indicators that are difficult to measure directly, such as the distance to adjacent oil and
gas areas, empirical scoring may not fully reflect the physical characteristics of reservoir
performance, which can be directly measured through porosity and permeability tests.

Based on this research gap, this study aims to improve the objectivity and predictive
reliability of harmful-gas risk level assessment in non-coal strata tunnels by reducing the de-
pendence on empirical scoring. While retaining scoring indicators that are mainly obtained
from geological surveys, this study replaces the empirical scoring of reservoir performance
with measured porosity and permeability parameters, which can better characterize the gas
storage and migration capacity of the strata. A database containing 138 real harmful-gas
tunnel cases was constructed, and an SSA-CatBoost prediction model was established for
harmful-gas risk levels. Compared with ANN-based methods, the proposed SSA-CatBoost
model is a tree-based ensemble learning framework that is suitable for structured tabular
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engineering data and provides more direct feature-importance information. In addition,
SSA was introduced to optimize the hyperparameters of CatBoost, thereby improving the
stability and predictive performance of the model. The model performance was evaluated
using five-fold cross-validation, an independent test set, engineering validation cases, and
comparisons with other machine-learning models. The average accuracy of five-fold cross-
validation reached 93.63%, and the accuracy on the independent test set reached 92.86%. In
the engineering validation, all selected validation samples were correctly classified. The
novelty of this study lies in integrating measured reservoir-performance parameters into a
machine-learning-based prediction framework, thereby reducing the subjectivity of con-
ventional scoring systems and improving the quantitative characterization of harmful-gas
risk in non-coal strata tunnels.

2. Materials and Methods
2.1. Sampling and Physical Property Experiments

A core drill was used as the operating platform on the construction site, implementing
rotary drilling during geological exploration. Rock core samples for testing were all taken
from relatively complete rock formations. A total of 138 rock gas samples were collected
from tunnel boreholes, and all samples were tested for porosity and permeability.

Porosity was determined using the gas expansion method, with nitrogen or helium
as the measurement medium, based on Boyle’s law. During the test, a known volume
of standard gas at a set initial pressure undergoes isothermal expansion into the core
holder, which is initially at atmospheric pressure, allowing the gas to diffuse into the core
pores. Based on the pressure change before and after expansion and the known volumes,
combined with the gas state equation, the effective pore volume and grain volume of the
tested rock sample can be calculated, and then the sample porosity is obtained [10].

Permeability was tested using a core permeability tester, based on Darcy’s law. Under
a certain pressure condition, air flows through the core after passing through a flow meter.
Due to differences in permeability among different rock samples, different pressure drops
are generated when the airflow passes through the two ends of the core. Pressure sensors
transmit this information to a computer, which calculates the pressure difference across the
core ends and the corresponding flow rate, substitutes them into relevant formulas, and
finally obtains the sample permeability [10].

2.2. Sparrow Search Algorithm (SSA)

The Sparrow Search Algorithm (SSA), proposed in 2020, is a heuristic algorithm that
simulates the behavior of sparrow flocks during foraging and predator evasion [16]. During
foraging, sparrows exhibit three role behaviors: producers, responsible for finding food,
delineating foraging areas, and guiding the direction; scroungers, which guide the flock
to forage together after the producer finds food; and guards, responsible for identifying
danger and transmitting warning signals.

Assuming the matrix representation of the sparrow population is shown in
Equation (1):

X11%X12--- X1,4
X21 X22..- X24

| Xn,1 Xn2--- Xnd

where X represents the position matrix of the sparrow population; n is the number of
sparrows; d is the dimension of the decision variables; and Xij denotes the value of the
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jth decision variable of the ith sparrow. In this study, each sparrow represents a candidate
combination of CatBoost hyperparameters, and each element in the matrix corresponds to
the value of one hyperparameter to be optimized.
Then the fitness value of each sparrow in the population can be expressed as shown in
Equation (2):
f(riax1. .. x14])
f([x21%22 ... x2,4])

f([xn,lxn,.z cee xn,dD

where n is the number of sparrows; d is the dimension of the variables.
According to the different roles sparrows play during foraging, the producer’s position
is updated each time the population is updated, as shown in Equation (3):

Xf]ﬂ _ X%exp(ﬁ),l(z <ST )

- Xf,]. +QL,Ry > ST
where Xf}'l represents the position information of the i-th sparrow in the j-th dimension; t
is the current iteration number; a is a random number in the range [0, 1]; N is the maximum
number of iterations; Q is a random number following a standard normal distribution; L is
a1l x d matrix with all elements equal to 1; R; is the alarm value, R, € [0, 1]; ST is a safety
value, ST € [0.5,1] [13].

If R2 < ST, i.e., the alarm value is lower than the safety value, it indicates that the
population is in a safe state, and the search range can be expanded. Once R2 > ST, it
indicates that the alert system has detected danger and communicated this information
to the population. At this point, all sparrows must quickly evacuate to other safe areas
to forage.

The scrounger position is updated as shown in Equation (4):

Xworst—XE\ .
Qexp(mfz”)l > 2
X;;Fl + ‘Xi,j _ X}tjl ’A+L,otherwz’se

t+1 _
X i =

(4)

where Xp is the optimal position currently occupied by the producer; Xworst is the current
global worst position; A isa 1 x d matrix with elements randomly assigned 1 or —1, and

At =AT (AAT) _1. When i >n/2, it indicates that the i-th participant with a lower fitness
value may be hungry and needs to fly elsewhere to forage for more energy. In other cases,
the scrounger will search for food near the current producer’s best position.

The guard position is updated according to Equation (5):

Xéest + ,B‘Xf,] - Xiest ’fi > fg
f?l - t X! '7X7tuor‘t (5)
, % +K’ Gfarre | fi = o

where Xbest is the current global optimal position; {3 is the step size control parameter; K is
a random number, K € [—1,1]; f; is the fitness value of the current sparrow individual; fg
and fy are the global best and worst fitness values; ¢ is the smallest constant. When f; = fg,
it indicates that those vigilant individuals can perceive the danger of their own position
and will actively approach other sparrows to reduce the risk of being preyed upon; when
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f; > fg, it indicates that the number of sparrows is approaching its limit, and they face a
high risk of predator attack.

2.3. CatBoost Model

Categorical Boosting (CatBoost) is a high-performance machine-learning algorithm
based on gradient boosted trees [17,18]. Its core design goal is to efficiently handle categori-
cal features while avoiding gradient bias and prediction shift through an ordered boosting
strategy, thereby improving model generalization while maintaining high accuracy. This
study uses CatBoost to construct a harmful-gas risk level prediction model for non-coal
strata tunnels, mainly based on its unique advantages in the following aspects:

(1) Symmetric Trees and Categorical Feature Processing

CatBoost uses symmetric trees as base learners, where each level splits based on
the same feature, making model inference faster and less prone to overfitting. Its core
innovation is native support for categorical features. Traditional Gradient Boosting Decision
Tree (GBDT) models require preprocessing of categorical features (e.g., one-hot encoding or
label encoding), while CatBoost directly converts them into numerical features using target
statistics. Specifically, for a categorical feature k, its encoded value is calculated as follows.

Z]r-lzl [x]»,k = xi,k} Y] + a-P

Yk = x,«/k} ta

(6)

Xik =

where P is the prior term (usually the target mean of the dataset), and « is the smoothing
coefficient used to reduce noise from low-frequency categories.

(2) Ordered Boosting

Traditional GBDT models use the same dataset for multiple iterations when calculating
gradients, which can lead to gradient bias accumulation. CatBoost proposes an ordered
boosting mechanism, which achieves unbiased gradient estimation by randomly permuting
the sample order and sequentially training multiple intermediate models. The specific
process is as follows:

(1) Randomly permute the training set to generate a sequence o = {01,02,...,0,};

(2)  For the i-th sample, use only the first i—1 samples to train an auxiliary model M; to
calculate the gradient for that sample;

(3) The final gradient estimate is based on the outputs of all auxiliary models, ensuring
an unbiased gradient direction for each iteration.

(4) Loss Function for Multi-classification Tasks

For the multi-classification problem of predicting harmful-gas risk levels in non-coal
strata tunnels, CatBoost uses the multi-class cross-entropy loss function:

ng(xi)

N K
L=-). 1, nlog| ———— 7
2111 Zk:l lyik] g Z]K:l eFj(Xi) ( )

where K is the number of classes (equivalent to the number of harmful-gas risk levels in
non-coal strata tunnels in this study), and Fi(x;) is the raw output of the model for the k-th
class. The output is transformed into a probability distribution via the Softmax function,
and the loss function is optimized iteratively within the gradient boosting framework.

https://doi.org/10.3390/pr14132204


https://doi.org/10.3390/pr14132204

Processes 2026, 14, 2204

60f18

2.4. Cross-Validation

To improve the robustness and generalization ability of the prediction model, K-
fold cross-validation was used for model training and evaluation. This method mitigates
evaluation bias caused by a single data split through data resampling. Specifically, the
training set was divided into K mutually exclusive subsets of equal size. In each iteration,
one subset is selected as the validation set, and the remaining K-1 subsets are combined
as the training set. The model is then trained, and its performance metrics are calculated.
This process is repeated K times, ensuring each sample is used for validation once. Finally,
model performance is estimated by the average of the K results. This ensemble evaluation
strategy provides a more comprehensive and stable estimate of the model’s performance
on unseen data [9].

2.5. Classification Evaluation Metrics

To comprehensively evaluate the performance of the multi-classification model, this
study uses Accuracy and Fl-score as core evaluation metrics. Accuracy measures the
proportion of correctly predicted samples overall and is intuitive. The F1-score combines
Precision and Recall, providing a more robust evaluation when class distribution is im-
balanced [12]. The complementary use of these two metrics helps systematically analyze
the model’s predictive effectiveness across different classes. Their calculation formulas are

as follows:

recision = _ TR (8)

P = TP, 1 FP,

TP;

N=—"t 9
reca TP; + FN; ©)

2 X P; X R;
Flscore = ——-t_"1 10
P; + R; ( )

where TP represents true positives, FP represents false positives, FN represents false
negatives, N is the total number of classes, and i represents the index of each class in
the dataset.

1 n
accuracy = — )Y k,ii (11
Y=o
i=1

where n represents the total number of samples in the dataset, and k,ii represents the
number of correctly predicted samples in class i.

3. Development of the SSA-CatBoost Harmful Gas Prediction Model
3.1. Prediction Indicators and Scoring Criteria

For the classification scoring criteria of tunnels affected by oil- and gas-bearing strata,
this study referred to the existing scoring frameworks proposed by Liu et al. [14] and
Zhu et al. [15]. For the reservoir-performance characterization of the surrounding strata,
empirical scoring was no longer used. Instead, measured porosity and permeability were
adopted as petrophysical parameters to characterize gas storage and migration capac-
ity. The scoring criteria for the remaining six indicators are provided in Supplementary
Table S1. These scores were used only to quantify the input indicators K1-Ké for machine-
learning modeling. The final harmful-gas risk levels were not determined by summing
the scores in Supplementary Table S1 but were assigned according to field monitoring
records, engineering investigation data, and relevant safety criteria. In addition, the defini-
tions of K3 and K4 consider the influence of geological structures, fractures, slip surfaces,
and caprock integrity on gas migration, sealing, and accumulation conditions [19,20]
(see Figure 1 and Table 1).
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Figure 1. Schematic illustration of the semi-quantitative scoring indicators for harmful-gas risk
assessment in tunnel sections. The six scoring-based indicators (K1-K6), together with the measured
petrophysical parameters, namely porosity and permeability, constitute the eight input variables

used in the model.

Table 1. Quantitative scoring table for gas sections in shallow natural gas tunnels.

Influencing Gas Section Risk Criterion Risk Criterion Risk Criterion Risk Criterion
Factors Characteristics and Score 1 and Score 2 and Score 3 and Score 4
Plane position Crossine the
Oil and Gas relationship with ~ Crossing the core N8 Crossing the Far from the oil
. ) pollution zone: i ) ]
Factors oil and gas areas area: 14 105 diffusion zone: 7  and gas area: 3.5
(K1) '
Relative
. burial-depth
Oiland Gas ) tionship with 0~100: 20 100~500: 15 500~1000: 10 >1000: 5
Factors .
oil/gas
reservoirs (K2)
Gas migration
. and . Favorable for Favorable for Non-oil and gas  Not connected to
Geological accumulation S .
o natural gas natural gas migration oil and gas areas:
Factors condition of I
. storage: 20 escape: 15 direction area: 10 5
geological
structures (K3)
Geological Caprogk. Intact stratum:  Relatively intact Relatively Fractured
characteristics fractured
Factors 10 stratum: 7.5 stratum: 2.5
(K4) stratum: 5
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Table 1. Cont.

Influencing Gas Section Risk Criterion Risk Criterion Risk Criterion Risk Criterion

Factors Characteristics and Score 1 and Score 2 and Score 3 and Score 4
. Groundwater . .

Geological conditions in the Dry: 6 Moist: 4.5 Seepage: 3 Gushing/flowing

Factors water: 1.5
tunnel (K5)

Engineering Tunnel burial . . . i

Factors depth (m) (K6) >200: 20 100~200: 15 60~100: 10 <60: 5

3.2. Database Construction

This study extensively surveyed existing tunnel engineering data from the main canal
and irrigation-area tunnels of the Tingzikou Irrigation Area Phase I Project and the Pidu
River Water Supply Phase II Project. Geological information was collected, and scoring
evaluation and physical-property tests were conducted for 138 harmful-gas tunnel cases.
The actual harmful-gas risk levels of these cases were determined based on field monitoring
and engineering records. The scoring process followed the evaluation criteria proposed in
Section 3.1. Among the collected samples, there were 45 Level I samples (no risk, 32.6%),
38 Level II samples (slight risk, 27.5%), 30 Level III samples (moderate risk, 21.8%), and
25 Level IV samples (high risk, 18.1%). Some representative sample data are provided in
Table S1.

3.3. SSA-CatBoost Tunnel Harmful Gas Prediction Model

In this paper, 138 collected harmful-gas tunnel samples were included in the SSA-
CatBoost model for analysis. To reduce the influence of class imbalance on model evalua-
tion, a stratified 80%/20% split was used to divide the dataset into a training set and an
independent test set so that the class distribution was approximately preserved in both
subsets. The training set contained 110 samples, and the independent test set contained
28 samples. The independent test set was retained only for final model evaluation and
was not used during SSA hyperparameter optimization. The mapminmax function was
used to normalize the input data before model training. Because the input variables have
different units and numerical ranges, including scoring indicators, porosity, and permeabil-
ity, normalization was applied to maintain preprocessing consistency and facilitate model
comparison. It should be noted that CatBoost is a tree-based ensemble model, and mono-
tonic normalization is not strictly required because tree-based splitting mainly depends on
feature ordering and threshold selection. Therefore, normalization was mainly used for
preprocessing consistency rather than as a necessary condition for improving model perfor-
mance. Considering that the prediction performance of CatBoost is affected by several key
hyperparameters, SSA was used to optimize the main CatBoost parameters in this study.
The optimized parameters included the number of iterations, tree depth, learning rate, and
L2 leaf regularization coefficient. The search ranges were set as follows: iterations = 50~300,
depth = 3~8, learning rate = 0.01~0.30, and 12 leaf reg = 1~10. The SSA parameters were
set as follows: population size = 30, maximum number of iterations = 50, safety threshold
(ST) = 0.8, producer ratio = 0.2, and guard ratio = 0.1. During the optimization process, the
cross-validation accuracy was used as the fitness function, and the parameter combination
with the highest fitness value was selected as the optimal CatBoost parameter set. Based on
this, the SSA-CatBoost harmful-gas risk prediction model was constructed (Figure 2).
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Figure 2. Flowchart of the SSA-CatBoost prediction model.

4. Results and Validation
4.1. Test Results

The 138 samples were divided into a training set and an independent test set using a
stratified 80%/20% split. Five-fold cross-validation was performed on the training set for
model training and evaluation, achieving an average accuracy of 93.63%. The independent
test set contained 28 samples, among which 26 samples were correctly classified. The overall
accuracy on the independent test set was therefore 92.86%. Considering the limited size of
the independent test set, the Wilson 95% confidence interval of the test-set accuracy was
calculated as 77.35-98.02%. This confidence interval reflects the uncertainty associated with
the relatively small number of test samples. Table 2 presents the confusion-matrix-based
evaluation metrics for each risk level on the independent test set.

Table 2. Confusion-matrix-based evaluation metrics for each risk level on the independent test set.

Confusion Matrix Measurement Indicators

Harmful Gas Risk Class-Wi
Level TP FN FP TN aSS=WIS€  Precision (%) Recall (%) Fl-Value
Accuracy (%)

Level I (no risk) 8 1 0 19 96.43 100.00 88.89 0.941
Level II (slight risk) 8 0 1 19 96.43 88.89 100.00 0.941
Level Hrligi‘)"derate 5 1 ) 96.43 100.00 8333 0.909
Level IV (highrisk) 5 0 1 2 96.43 83.33 100.00 0.909

As shown in Table 2, the one-vs-rest class-wise accuracy values were 96.43% for all four
risk levels. The Fl-scores for Levels I-IV were 0.941, 0.941, 0.909, and 0.909, respectively,
indicating satisfactory multi-class prediction performance on the independent test set. The
recall values for Level II and Level IV both reached 100%, suggesting that all samples in
these two risk levels were correctly identified. The precision values for Level I and Level III
both reached 100%, indicating that the model showed a low tendency to misclassify other
risk levels as Level I or Level III.
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For the remaining metrics, the recall for Level I was 88.89%, indicating that one Level
I sample was misclassified into another risk category. The recall for Level Il was 83.33%,
suggesting that this risk level had relatively higher classification difficulty, possibly be-
cause of feature overlap with adjacent risk levels. Overall, the results of both five-fold
cross-validation and independent test-set validation indicate that the SSA-CatBoost model
achieved good classification performance for harmful-gas risk levels in non-coal strata
tunnels. However, because of the limited size of the independent test set, the test-set results
should be interpreted with appropriate caution.

4.2. Engineering Validation

To verify the predictive performance of the SSA-CatBoost harmful-gas prediction
model in actual engineering, two other hydraulic tunnels were used for engineering valida-
tion. The Shizishan Tunnel is located in Qingshan Village, Peng’an County, Nanchong City.
The tunnel mileage stake numbers are from Zong 131 + 956.64 to Zong 135 + 089.00, with
a total length of 3235.59 m. It traverses the Jurassic Upper Suining Formation (J3S), with
lithology mainly interbedded sandstone and siltstone. The structure is primarily controlled
by the east-west trending Dacheng, Guanyinchang, Nanchong, and Xianduhe anticlines.
The tunnel is deeply buried (100-200 m) and belongs to the Yingshan oil and gas influence
area. Its main oil-producing layers are the Lianggaoshan Formation, Sha-1 Member, and
Daanzhai Member, with lithology mainly gray-black shale interbedded with fine siltstone
and brown-gray shell limestone interbedded with black shale.

The Jinjiliang Tunnel project is located in Yingshan County, Nanchong City. It starts
from the middle slope foot of the Xiaoshiti mountain, passes through Fengdou Village,
Huashiban, Jinjiliang, Hejiagou, Mawangzhai, and ends at the middle slope of the Tu Diya
mountain. The entrance stake number is Zong 116 + 949.19, and the exit stake number
is Zong 121 + 231.24, with a total length of 4282.05 m and a maximum burial depth of
163.4 m. The strata traversed by the tunnel body are ]3s silty mudstone interbedded with
thin to medium-thick sandstone and argillaceous siltstone. The geological structure is
simple with gentle rock layers. Joint fissures are developed, the rock mass is soft, and rock
permeability ranges from slight to moderate. The rock mass softens easily when exposed
to water. The formation itself lacks hydrocarbon generation capacity; the gas source is
the Jurassic Lianggaoshan Formation and Ziliujing Formation source rocks. The scores,
porosity and permeability test results, and prediction results for the two tunnels are shown
in Table 3. The actual risk level was determined based on the maximum gas concentration
obtained from on-site construction monitoring, compared with the US “Handbook for
Methane Control in Mining” and the International Tunneling Association’s “Guidelines for
Good Occupational Health and Safety Practice in Tunnel Construction”. The results show
that all selected validation samples were correctly classified, suggesting that the model has
potential applicability to additional engineering cases (Figures 3 and 4, Table 3).

Table 3. Engineering Validation Results.

Maximum
. 1 Concentration ]
Project KI K2 K3 Ki K5 Ké Po(1)‘051ty Pernjgabﬂ;ty from On-Site Actual Predicted
(%) (10—3 um®) o . Level Level
Monitoring
(LEL%)
Jinjiliang 1, 5 50 10 6 13 1074 0.231 20.514 v v
Tunnel 1
Jinjiliang 4, 5 59 10 6 14 344 0.1815 20.012 v %
Tunnel 2
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Table 3. Cont.
Maximum
. . Concentration .
Project K1 K2 K3 Ki K5 Ké P0£031ty Pern_lgsabﬂ;ty from On-Site Actual Predicted
(%) (10-3 um?) o Level Level
Monitoring
(LEL%)
Jinjiliang 14 5 20 10 6 135 9.03 0.252 25.020 v v
Tunnel 3
Jinjiliang 4, 5 59 10 6 14 858 0.148 13.750 I I
Tunnel 4
Jinjiliang 4, 5 20 75 45 5 285 0.0626 5.028 I il
Tunnel 5
Shizishan 5 5 55 3 25 87 0.0152 0.000 I I
Tunnel 1
Shizishan = 5o 3 16 7 35 13 765 0.105 7.370 11 11
Tunnel 2
Shizishan = 5¢ 5 155 75 4 17 846 0.132 15.790 101 I
Tunnel 3
Shizishan 6 3 9 8 35 13 4.39 0.0539 0.000 I I
Tunnel 4
Shizishan =5 17 75 4 17 83 0.118 17.110 I I
Tunnel 5
Shizishan ¢ 3 16 5 4 75 634 0.0289 2.840 I 11
Tunnel 6
Shizishan =5 5 25 25 25 5% 0.0156 0.000 I I
Tunnel 7
Elevation(m)
1800
1600
1400
1200
1000
: I I , , ) " ILength(m)
West 0+570~West 0+919 West 2+429 West 3+596 West 3+896~West 6+590 West 6+889~West 7+153

Legend Silty mudstone Sandstonc E Tunnel - No risk :] Slight risk - Moderate risk
Figure 3. Profile and gas zoning map of the Shizishan Tunnel.

Elevation(m)

1400

1200

10007

1 1 L1 Length(m)
Total 116+949.19 Total 119+434.00 Total 121+138.00 Tuaal 121+231.24

Jp _,_ Silty mudstone Sandstone E Tunnel - High gas - Low gas |:| Micro gas

Figure 4. Profile and gas zoning map of the Jinjiliang Tunnel.

https://doi.org/10.3390/pr14132204


https://doi.org/10.3390/pr14132204

Processes 2026, 14, 2204

12 0f 18

5. Discussion
5.1. Comparison with Other Machine-Learning Algorithms

To further evaluate the statistical performance of the proposed SSA-CatBoost model,
five-fold cross-validation was performed on SSA-CatBoost, CatBoost, SSA-SVM, and SSA-
XGBoost. The results are shown in Table 4. Among all compared models, SSA-CatBoost
achieved the highest average accuracy of 93.63%, followed by ANN (90.91%), PSO-Catboost
(88.18%), SSA-XGBoost (86.36%), CatBoost (85.45%), and SSA-SVM (81.82%). Furthermore,
the 95% confidence interval for SSA-CatBoost was 90.54-96.72%, indicating that the model
exhibited relatively stable predictive performance on the current dataset (Table 4).

Table 4. Statistical results of five-fold cross-validation for different models.

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Mean Std o o

Model (%) (%) (%) (%) (%) Accuracy (%) (%) 2> CLC%)
SSA-Catboost 9545 9090 9090 9545 9545 93.63 249 90.54-96.72
Catboost 9545 8636 7727 8636 8182 85.45 674  77.08-93.82
SSA-SVM 8182 818 7727 8636 818 81.82 321 77.83-85.81
SSA-XGBoost 8182 8636 9090 8636 8636 86.36 321  82.37-90.35
ANN 9090 8636 9090 9090 9545 90.91 321 86.91-94.89
PSO-Catboost ~ 81.82 8636 9090 9090  90.90 88.18 406  83.13-93.22

To further test the statistical advantage of SSA-CatBoost compared to the other models
in cross-validation, paired t-tests were conducted between SSA-CatBoost and the other
models based on the accuracy of each fold. The results are shown in Table 5. The results
indicate that the differences between SSA-CatBoost and CatBoost (p = 0.037), SSA-SVM
(p = 0.00045), and SSA-XGBoost (p = 0.035) are all statistically significant at the 0.05 signifi-
cance level.

Table 5. Paired t-test results between SSA-Catboost and comparison models.

Comparison Mean Difference (%) t Value p Value
SSA-Catboost vs. Catboost 8.18 3.09 0.037
SSA-Catboost vs. SSA-SVM 11.81 10.61 0.00045

SSA-Catboost vs.

SSA-XGBoost 7.27 3.14 0.035

5.2. Indicator Importance Evaluation

To verify the improvement in model performance brought by replacing empirical
reservoir-performance scoring with measured porosity and permeability, an ablation com-
parison was conducted between the scoring-based reservoir-performance variant and the
measured-parameter variant. In the scoring-based variant, reservoir performance was
represented by empirical scores, whereas in the measured-parameter variant, this empirical
score was replaced by measured porosity and permeability.

The independent test-set results are shown in Figure 5 and Table 6. Compared with
the model using empirical reservoir-performance scoring, the measured-parameter variant
showed improved classification performance on the independent test set. The recognition
result for the no-risk category remained largely stable, whereas the precision, recall, and
Fl-score for the slight-risk, moderate-risk, and high-risk categories improved to varying
degrees. Among them, the improvement for the moderate-risk and high-risk categories was
the most evident, with their Fl-scores increasing from 0.667 and 0.727 to 0.909 and 0.909,
respectively. This result indicates that converting reservoir performance from empirical
scores to measurable petrophysical parameters, namely porosity and permeability, helps

https://doi.org/10.3390/pr14132204


https://doi.org/10.3390/pr14132204

Processes 2026, 14, 2204 13 of 18

reduce information loss caused by subjective assignment, enhances the model’s ability to
characterize class boundaries, and particularly improves the discrimination of adjacent
risk levels.

Confusion Matrix Confusion Matrix .
3
IS 1S 1 0 0 7
[\] [\]
- 5 - 0 1 0 5
2 ]
K] =
o - o
= ! g 4
Z =
B 3 B 0 0 4 2 -3
I -1 I 0 0 1 -1
-0 . -0
0 1 2 3 0 1 2 3
Predicted Class Predicted Class

(a) (b)

Figure 5. Confusion matrices of the SSA-Catboost independent test set before and after replacing
indicators: (a) after indicator replacement; (b) before indicator replacement.

Table 6. Confusion matrix evaluation results for each category in the independent test set before

indicator replacement.

Evaluation Metrics of the Confusion Matrix

Harmful Gas Risk Level Wi
TP FN FP TN Class-Wise

Precision (%) Recall (%) F1-Score

Accuracy (%)
Level I (No risk) 8 1 0 19 96.43 100.00 88.89 0.941
Level II (Slight risk) 7 1 1 19 92.86 87.50 87.50 0.875
Level III (Moderate risk) 4 2 2 20 85.71 66.67 66.67 0.667
Level IV (High risk) 4 1 2 21 89.29 66.67 80.00 0.727
To further examine whether this improvement was only caused by a single inde-
pendent test split, five-fold cross-validation was also conducted for the two reservoir-
performance variants. As shown in Table 7, the scoring-based reservoir-performance vari-
ant achieved a mean accuracy of 91.81%, whereas the measured-parameter variant achieved
a higher mean accuracy of 93.63%. This result suggests that the performance improvement
after introducing porosity and permeability was also reflected in cross-validation.
Table 7. Five-fold cross-validation comparison between the scoring-based and measured-parameter
reservoir-performance variants.
. Fold1 Fold2 Fold3 Fold4 Fold5 Mean Std o o
Variant @) %6 ) (%) () Accuracy (%) (%) 07 €L
Measured-paramefer o545 9090  90.90 9545  95.45 93.63 249 90.54-96.72
variant
Scoring-based
reservoir-performance 90.90 90.90 90.90 90.90 95.45 91.81 203  89.28-94.34
variant
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It should be noted that high harmful-gas risk does not necessarily correspond to
high matrix permeability. Some high-risk samples showed very low permeability, such
as 0.0085 x 1072 um?, indicating that permeability alone cannot determine the final risk
level. Physically, low matrix permeability may limit gas dissipation and favor gas retention
under sealed conditions. During tunnel excavation, however, faults, fractures, bedding-
parallel slip surfaces, or excavation-induced damage may provide local release pathways
for the retained gas. Therefore, a high-risk level may still occur in low-permeability
strata when strong gas-source proximity, favorable structural migration or accumulation
conditions, effective caprock sealing, and sufficient tunnel burial depth are present. This
result further indicates that harmful-gas accumulation and release in non-coal strata tunnels
are controlled by multi-factor coupling rather than by a single petrophysical parameter.

To further improve the interpretability of the SSA-CatBoost model, SHAP analysis
was conducted to evaluate the contribution of each input variable to the prediction of
different harmful-gas risk levels. The class-wise SHAP summary plots are shown in
Figure 6. In the SHAP plots, a positive SHAP value indicates that the corresponding feature
increases the model output for a given risk level, whereas a negative SHAP value indicates
a decreasing effect.

For Level I, which represents no gas risk, K3 and K1 were the most influential vari-
ables. Low values of K1 and K3 generally produced positive SHAP values for Level I,
indicating that tunnel sections far from oil/gas areas and without favorable gas migration
or accumulation structures were more likely to be classified as no-risk sections. In contrast,
high values of K1 and K3 tended to reduce the probability of Level I classification.

For Level IV, which represents high gas risk, K1, K3, K4, and K6 showed the strongest
influence. High values of these indicators generally contributed positive SHAP values,
suggesting that proximity to oil/gas areas, favorable gas migration and accumulation
conditions, better caprock sealing conditions, and greater tunnel burial depth increased
the probability of high-risk classification. This result is consistent with the geological
understanding that harmful-gas risk is jointly controlled by gas-source proximity, structural
migration pathways, sealing conditions, and engineering burial depth.

For Level I and Level III, the SHAP distributions were more dispersed, and several
indicators showed overlapping effects. This indicates that the intermediate risk levels
were controlled by multiple coupled factors and had more pronounced feature overlap
with adjacent classes. This result also explains why the classification difficulty of the
intermediate risk levels was greater than that of the no-risk and high-risk levels.

Porosity and permeability did not dominate the prediction results alone, but they
contributed to the discrimination of different risk levels, especially for the moderate-
and high-risk classes. Their inclusion provides measured petrophysical information on
gas storage and migration capacity, supplementing the semi-quantitative geological and
engineering indicators. Therefore, the SHAP results further support the replacement of
empirical reservoir-performance scoring with measured porosity and permeability in the
proposed model.
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Figure 6. Class-wise SHAP summary plots of the SSA-CatBoost model for different harmful-gas

risk levels: (a) Level I, no risk; (b) Level II, slight risk; (c) Level III, moderate risk; and (d) Level IV,
high risk.
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5.3. Limitations

This study still has certain limitations. First, constrained by data sources, the re-
search sample size is relatively limited for a four-class classification problem. Although
138 harmful-gas tunnel samples were collected, the smallest class, Level IV, contained only
25 samples. In addition, the independent test set contained only 28 samples, meaning
that a single misclassification may noticeably affect the reported accuracy and class-wise
metrics. Therefore, although the model achieved good performance on the current dataset,
the independent test-set results should be interpreted with caution. Future work should
incorporate more engineering cases, especially high-risk samples, and supplement test
data for key parameters such as permeability and porosity to enhance the robustness and
applicability of the model.

Second, the current model evaluation strategy still has limitations. The independent
test set was retained only for final model evaluation and was not used during SSA hy-
perparameter optimization. However, the five-fold cross-validation procedure does not
fully separate hyperparameter tuning from model evaluation in the same way as nested
cross-validation. Therefore, the cross-validation results may still contain some optimistic
bias. Future studies should adopt repeated or nested cross-validation when larger datasets
become available.

Third, the quantification of the evaluation indicator system remains incomplete. Al-
though this study quantitatively improved the reservoir-performance indicator by introduc-
ing porosity and permeability, other indicators were still incorporated into the modeling
process in the form of scores or grades. Parameters such as RQD, in situ stress, joint density,
and other rock-mass integrity indicators may also influence gas migration, storage, and
excavation-induced release. However, complete and consistent data for these parameters
were not available for all samples in the current database. Subsequent research should
further promote the development of the evaluation system from empirical scoring toward
measured-parameter and mechanism-constrained characterization, thereby enhancing the
scientificity and interpretability of the model.

6. Conclusions

(1) A harmful-gas risk level prediction model based on CatBoost was developed, and
the Sparrow Search Algorithm (SSA) was introduced to optimize the key hyperparameters
of the model, thereby improving its classification performance and generalization ability
under multi-factor coupling conditions. Finally, the SSA-CatBoost harmful-gas risk level
prediction model was constructed.

(2) Eight key input parameters were selected to construct a database containing 138 real
harmful-gas tunnel cases, in which reservoir performance was quantitatively characterized
by permeability and porosity, and the remaining indicators were characterized by scoring
methods. Based on this, the SSA-CatBoost prediction model was established. The results
show that the model achieved an average accuracy of 93.63% in five-fold cross-validation
and a prediction accuracy of 92.86% on the independent test set, demonstrating high
prediction accuracy and good generalization ability.

(3) The SSA-CatBoost model was systematically compared with other machine-
learning models. The results show that the proposed model has higher prediction accuracy
and superior comprehensive classification performance, reflecting good engineering ap-
plicability. Furthermore, compared with the model constructed using the scoring method
to characterize reservoir performance, the improved model incorporating permeability
and porosity showed enhanced recognition performance across all risk levels, indicating
that the quantitative characterization of reservoir performance parameters contributes to
improving the objectivity and accuracy of harmful-gas risk prediction.
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