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Abstract: Tunnel overbreak is a common but unfavorable phenomenon in drill-and-blast excavation, leading to increased
construction costs, delayed schedules, and potential stability risks. Accurate evaluation and prediction of overbreak are therefore
important for tunnel construction control. In this paper, we propose a cloud-model-based comprehensive evaluation and prediction
framework developed by integrating fuzzy evaluation theory with subjective and objective weighting methods. A dataset
containing 523 records from the HuXiTai (HXT) tunnel was used, and seven routinely obtainable geological and blasting
indicators were selected to construct the evaluation system. Eight weighting strategies were compared, including conventional
objective methods, expert judgment, and a ridge-regression-based objective method. The best-performing objective weights were
further combined with subjective weights to establish the final comprehensive evaluation model. The results show that the
proposed model achieved an overbreak evaluation accuracy of 85.28%. In addition, the comprehensive evaluation score showed a
strong linear relationship with the measured overbreak area, yielding a prediction R2 of 0.85. The cloud model representation
further enabled intuitive visualization of overbreak risk levels and transitional characteristics between adjacent grades. Overall, the
proposed framework provides a practical and interpretable tool for overbreak risk evaluation and quantitative prediction in tunnel
blasting construction.
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1 Introduction

The drill-and-blast method remains one of the
most widely used excavation techniques in tunnel and
underground engineering because of its flexibility,
efficiency, and economic applicability. With the
increasing scale and complexity of tunnel
construction, higher requirements have been placed
on excavation quality, construction safety, and
overbreak control (Dong et al., 2022; Liu et al., 2024;
Zhang et al., 2024). During drill-and-blast excavation,
unfavorable geological conditions, unreasonable
blasting design, and construction deviations may

cause the actual tunnel contour to exceed the designed
profile, a phenomenon known as overbreak (Fig. 1).
Overbreak can increase excavation and support costs,
delay construction progress, and locally weaken the
surrounding rock, thereby affecting structural
stability and construction safety (Verma et al., 2018;
Liu et al., 2024). Therefore, accurate evaluation and
prediction of overbreak are important for optimizing
blasting design, identifying high-risk excavation
sections, and supporting timely control measures
during tunnel construction.

Previous studies have examined tunnel
overbreak from the perspectives of geological
conditions, drilling accuracy, rock mass quality, and
blasting parameters. Mandal and Singh (2009)
evaluated the extent and causes of tunnel overbreak,
while Foderà et al. (2020) analyzed the factors
influencing overbreak volumes in drill-and-blast
tunnel excavation. Gong et al. (2026a) provided
experimental evidence on fracture behavior and
fracture-surface morphology, which is helpful for
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understanding rock damage characteristics related to
excavation response. Barton (2002) provided
Q-system-related correlations for site characterization
and tunnel design, and Ganesan and Mishra (2021)
emphasized drilling inaccuracy and the distinction
between constructional and geological overbreak.
Dey and Murthy (2012) developed a method for
predicting blast-induced overbreak under
uncontrolled burn-cut blasting conditions, and Torres
et al. (2023) presented a post-work inspection method
for overbreak assessment. Field-based studies
suggested that improved drilling accuracy, optimized
charge placement, and refined contour control can
reduce overbreak (Kim and Moon, 2013; Lee et al.,
2016). These studies provided an important
engineering understanding of overbreak formation
and control. However, many empirical, experimental,
or field-based approaches remain closely linked to
specific geological conditions, rock damage
characteristics, and construction practices, which
limits their direct use in a unified and interpretable
evaluation framework.

Fig. 1 Schematic diagram of tunnel overbreak and scanning
(construction site image adapted from Foderà et al., 2020).

With the development of numerical simulation,
experimental testing, and three-dimensional modeling
techniques, simulation-based and
experimental–numerical approaches have been
increasingly used to analyze blast-induced damage
and overbreak evolution (Gong et al., 2026b). Daraei
and Zare (2018) predicted overbreak depth using
strength factors, while Hong et al. (2023a) combined
experimental and numerical methods to investigate
blast-induced overbreak and underbreak in
underground roadways. Chen et al. (2021b)
investigated overbreak control considering the

influence of initial support, Li et al. (2023) analyzed
the influence of key blasthole parameters on tunnel
overbreak, and Hong et al. (2023c) examined the
overbreak and underbreak behavior of pre-stressed
tunnels under decoupled charge blasting. These
studies have improved the mechanistic understanding
of tunnel overbreak, but numerical models generally
require detailed parameter calibration and are often
case-specific, which may limit their direct use for
rapid overbreak risk evaluation during routine
construction.

With the development of intelligent computing,
machine learning and soft-computing methods have
been increasingly applied to tunnel overbreak
prediction. Jang and Topal (2013), Sun et al. (2013),
and Mottahedi et al. (2018) used regression models,
neural networks, fuzzy logic, ANFIS, and support
vector machines to predict overbreak under different
geological and blasting conditions. Jang et al. (2019),
Koopialipoor et al. (2019), and Jang (2020) further
improved overbreak analysis by introducing the
overbreak resistance factor, optimization algorithms,
and tunnel overbreak management systems. More
recently, ensemble learning, metaheuristic
optimization, Bayesian optimization, data
augmentation, and gene expression programming
have been introduced to enhance prediction
performance and model applicability (Torres et al.,
2023; Liu et al., 2023; Hong et al., 2023b; Im et al.,
2025; Taheri et al., 2025). These studies have
demonstrated the potential of intelligent models for
nonlinear overbreak prediction, but many still
emphasize prediction accuracy rather than risk-grade
evaluation, uncertainty representation, and
interpretable engineering decision support.

Similar data-driven approaches have also been
widely used in blasting-response and geotechnical
prediction studies. Zhou et al. (2020) and Zeng et al.
(2021) developed intelligent models for blast-induced
vibration prediction, while Zhao et al. (2022) and
Ghani et al. (2024) showed that hybrid optimization
and ensemble learning can improve nonlinear
mapping and prediction robustness in complex
engineering problems. These studies, together with
recent reviews on tunnel blasting and overbreak
control, indicate that data-driven models can provide
useful support for construction safety and quality
control (He et al., 2024a; Verma et al., 2018).
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Nevertheless, the multifactorial nature of overbreak,
together with limitations in data quantity, quality, and
diversity, still restrict the broader applicability of
purely prediction-oriented models.

To address these limitations, we propose a
cloud-model-based comprehensive evaluation and
prediction framework for tunnel overbreak by
integrating fuzzy evaluation theory with subjective
and objective weighting methods. Unlike studies that
focus mainly on direct numerical prediction, the
proposed framework aims to combine qualitative risk
grading, uncertainty representation, and quantitative
overbreak area (OB) prediction within a unified
model. This idea is consistent with recent engineering
prediction studies emphasizing transparent,
interpretable, and practically usable data-driven
frameworks (Benzaamia et al., 2024, 2025). A dataset
containing 523 records collected from the HuXiTai
(HXT) tunnel was used, and seven routinely
obtainable geological and blasting indicators were
selected to construct the evaluation system, including
rock mass rating (RMR), cross-sectional area (CSA),
charge depth ratio (CDR), powder factor (PF),
advance length (AL), hole density (HD), and drill
hole depth (DH). Multiple weighting methods were
compared, and a ridge-regression-based objective
weighting method was combined with expert

judgment to establish the final comprehensive
evaluation model. Cloud modeling was then used to
visualize overbreak risk grades and their transitional
characteristics, while the comprehensive evaluation
score was further used for quantitative OB prediction.

The remainder of this paper is organized as
follows: Section 2 introduces the dataset and
evaluation indicators; Section 3 presents the proposed
methodology; Section 4 discusses the overbreak risk
evaluation results; Section 5 presents the quantitative
prediction of overbreak area; and Section 6
summarizes the main conclusions.

2 Data collection and analysis

2.1 Data sources

The dataset used in this study was collected from
the HuXiTai (HXT) tunnel during drill-and-blast
excavation (He et al., 2023, 2024b). The HXT tunnel
is a twin-bore highway tunnel located in Tonglu
County, Hangzhou, China, connecting Yaolin Town
and Hengcun Town (Fig. 2). The right and left tunnel
lines are 3125 m and 3122 m long, respectively. The
surrounding strata consist mainly of Quaternary
residual slope deposits, quartzite interbedded with
muddy sandstone, muddy sandstone interbedded with
quartzite, and limestone.

Fig. 2 Topographical and geological settings along the HXT tunnel alignment.

A total of 523 excavation records were used for
overbreak evaluation and prediction. The dataset
includes both geological and blasting-related
information, with the OB taken as the target variable.
Based on literature review, expert consultation, and
data availability, seven routinely obtainable indicators
were selected as model inputs: rock mass rating
(RMR), cross-sectional area (CSA), charge depth
ratio (CDR), powder factor (PF), advance length (AL),
hole density (HD), and drill hole depth (DH). RMR

was included to represent the combined influence of
rock strength, rock quality designation, discontinuity
spacing, discontinuity condition, groundwater
condition, and discontinuity orientation. These
indicators provide the basis for constructing the
subsequent overbreak evaluation and prediction
model.
2.2 Data characteristics and correlation analysis

The seven input indicators, namely RMR, CSA,
CDR, PF, AL, HD, and DH, were collected from the

Unedited
 



| J Zhejiang Univ-Sci A in press4

HXT tunnel dataset, with OB used as the output
indicator. The distributions of the 523 records are
shown in Fig. S1 of the Electronic Supplementary
Materials. Although the values of each indicator are
concentrated within certain ranges, dispersion is still
evident, reflecting the variability of geological
conditions and blasting parameters during tunnel
excavation.

To examine the relationships between the input
indicators and OB, a correlation analysis was
conducted (Fig. 3). CSA showed a negative
correlation with OB, whereas the other indicators
showed positive correlations. CDR had the strongest
correlation with OB, with a correlation coefficient of
0.91. From a purely machine-learning perspective,
highly correlated indicators may sometimes be
removed to reduce redundancy. However, in the fuzzy
evaluation framework adopted in this study, such
indicators can provide representative information for
risk grading and are therefore retained. The other
indicators also showed relatively strong correlations
with OB, with correlation coefficients greater than
0.55, supporting their use in the overbreak evaluation
system.

Fig. 3 Data correlation analysis chart.

Overall, the dataset exhibited clear heterogeneity
among the geological and blasting indicators,
indicating that overbreak is influenced by multiple
interacting factors rather than by a single dominant
variable. Similar data-driven studies have also
emphasized that predictive performance should be

interpreted together with the data source, parameter
coverage, and testing strategy (Zhou et al., 2020; Sarir
et al., 2021). Note that the 523 records used in this
study were collected from one tunnel project.
Therefore, the dataset supports within-project
evaluation and prediction, while the transferability of
the proposed framework should be further validated
using multi-project datasets under different
geological and construction conditions.

3 Fuzzy integrated evaluation based on
cloud modeling

Fuzzy evaluation theory has been widely used in
multi-indicator engineering risk assessment because it
can describe qualitative grades under uncertain
boundaries (Gong et al., 2022; Zhou et al., 2022b). In
this study, fuzzy evaluation theory was combined
with cloud modeling to establish an overbreak
evaluation and prediction framework. The overall
procedure includes indicator grading, weight
determination, comprehensive evaluation,
cloud-model visualization, and OB prediction.
3.1 Grading of evaluation indicators

The seven input indicators, namely RMR, CSA,
CDR, PF, AL, HD, and DH, together with the output
indicator OB, were graded according to the evaluation
criteria adopted from previous studies and the
distribution characteristics of the HXT tunnel dataset
(Li and Wu, 2019). The value range of each indicator
was mapped onto a corresponding score interval, and
the overbreak risk was divided into five levels: Level
1, low risk; Level 2, low-medium risk; Level 3,
medium risk; Level 4, medium-high risk; and Level 5,
high risk. The evaluation indicators and grading
criteria are shown in Fig. 4.

The complete evaluation and prediction process
is shown in Fig. 5. First, the original geological and
blasting indicators were graded according to the
established criteria. Second, multiple weighting
methods were used to determine the relative
importance of the indicators. Third, the
comprehensive evaluation score was calculated by
integrating the graded indicators and their weights.
Finally, cloud modeling was used to visualize the
overbreak risk level, and the comprehensive
evaluation score was further used for quantitative OB
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prediction.

Fig. 4 Evaluation indicators and criteria.

Fig. 5 Complete evaluation and prediction flowchart for
overbreak.

3.2 Weight determination and comprehensive
evaluation

To determine the relative importance of different
evaluation indicators, both objective and subjective
weighting methods were considered. Suppose that
there are m evaluation indicators and n evaluation
objects. The original evaluation matrix can be
expressed as:
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21 22 2
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n n nm

x x x
x x x

x x x
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   


(1)

where xij represents the j-th indicator for the i-th
evaluation object.

Five conventional objective weighting methods
were first adopted as comparative strategies: the
coefficient of variation (CV) method, which reflects
the relative dispersion of each indicator (Zhao and
Zhong, 2009); the multi-correlation coefficient (MCC)
method, which evaluates the independent information
contained in each indicator (Xiao et al., 2023); the
criteria importance through intercriteria correlation
(CRITIC) method, which considers both contrast
intensity and conflict among indicators (Krishnan et
al., 2021; Chen et al., 2021a); the entropy weight (EW)
method, which determines weights according to
information entropy (Liang et al., 2019; Zhou et al.,
2022a, 2022c, 2022d); and the principal component
analysis (PCA) method, which transforms correlated
indicators into uncorrelated principal components
while retaining the main information of the original
dataset (Bi et al., 2021; Lei et al., 2022). These
methods represent different data-driven weighting
perspectives, including dispersion, redundancy,
information content, and dimensionality reduction.
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Their detailed formulations are provided in Section
S2 of the Electronic Supplementary Materials.

To improve the objectivity and stability of the
weighting process, a ridge-regression-based
weighting method (RR), which combines linear
regression with coefficient regularization, was further
introduced in this study (Friedman et al., 2010). Since
the evaluation indicators have different numerical
scales, all input indicators were first standardized
using z-score normalization (Asteris et al., 2020):

ij j
ij

j

x
z





 (2)

Ridge regression was then performed using the
standardized indicators as input variables and the
measured OB as the output variable. The regression
model and its objective function can be expressed as:
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After model fitting, the absolute values of the
standardized regression coefficients were normalized
to derive the final objective indicator weights:
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(5)

where ijx is the original value of the j-th indicator for

the i-th sample; j and j are the mean and standard

deviation of the j-th indicator, respectively; ˆiy is the
predicted OB; 0 is the intercept term; j is the

standardized regression coefficient of the j-th
indicator; ijz is the standardized value of the j-th

indicator; iy and ˆiy are the actual and predicted OBs
of the i-th sample, respectively;  is the
regularization parameter selected by five-fold
cross-validation; m is the total number of indicators.

jw is the normalized weight assigned to the j-th

indicator.
As shown in Fig. 6, different candidate α values

were evaluated using multiple metrics, including R2,
RMSE, MAE, and a20, where R2 was used to reflect
the explanatory capability of the fitted model
(Nakagawa and Schielzeth, 2013). The optimal 
was 0.3144, under which the RR model achieved an
R2 of 0.8925, RMSE of 0.4982, MAE of 0.3844, and
a20 of 0.8279. These metrics were used following
common practice in machine-learning-based
engineering prediction studies (Le et al., 2022;Asteris
et al., 2024). The use of ridge regularization and
cross-validation also helps reduce the risk of
overfitting and improve the stability of the weighting
process, which is consistent with previous
machine-learning-based engineering prediction
studies (Armaghani and Asteris, 2021; Asteris et al.,
2021).

Fig. 6 Optimization and fitting performance of the ridge-regression-based weighting method: (a) variation of cross-validated R2,
RMSE, MAE, and a20 under different candidate  values; and (b) actual-versus-predicted comparison for the optimal model.

In addition to objective weighting, expert
judgment was used to provide subjective weights
based on engineering knowledge. This is necessary

because overbreak is controlled by multiple
interacting geological and blasting factors, and some
engineering mechanisms may not be fully captured by
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data-driven weighting alone (Yang et al., 2024). A
panel consisting of one frontline technical expert, two
industry professors, and two researchers
independently assigned weights to the seven
indicators, and the final subjective weights were
obtained by averaging their results. Further details of
the subjective weighting procedure are provided in
the Electronic Supplementary Materials (Section
S2.6).

The final comprehensive evaluation (CE)
weights were obtained by combining the
best-performing objective weights with the subjective
weights. This combined weighting strategy follows
the idea that subjective knowledge and objective data
information can complement each other in
multi-indicator engineering evaluation (Zhao et al.,
2021; Chen et al., 2025; Yao et al., 2025a). The
combined weight of each indicator can be expressed
as:

obj sub
CE

2
j j

j

w w
w


 (6)

where CE
jw , obj

jw , and sub
jw are the combined,

objective, and subjective weights of the j-th indicator,
respectively.

Based on the obtained combined weights, the
comprehensive evaluation score of the i-th sample
was calculated as:

CE

1

m

i j ij
j

S w r


 (7)

where iS is the comprehensive evaluation score of the
i-th sample, ijr is the graded score of the j-th indicator

for the i-th sample, and m is the total number of
indicators.

In this study, the classification accuracy under
the overbreak grading criterion was used to compare
different weighting strategies and select the most
suitable objective weighting method. The
classification accuracy is defined as:

c 100%NA
N

  (8)

where 퐴 is the classification accuracy, cN is the
number of correctly classified samples, and 푁 is the
total number of samples.

Further details of the CE procedure are provided
in the Electronic Supplementary Materials (Section
S2.7).

3.3 Introduction to cloud modeling theory
Cloud models, which are based on fuzzy

mathematics and probability theory, can be classified
into forward and inverse cloud models according to
the generation path. In this study, the forward normal
cloud model was adopted. Specifically, cloud droplets
were generated from three numerical characteristics,
namely expectation (Ex), entropy (En), and
hyper-entropy (He), to describe the randomness and
fuzziness of each overbreak risk grade (Fig. 7) (Li et
al., 2009). The expectation (Ex) was determined as the
central value of each evaluation grade interval and
serves as the central axis of the cloud model. The
entropy (En) was calculated based on the width of the
corresponding interval to reflect the uncertainty of the
qualitative concept and the width of the cloud model.
The hyper-entropy (He) was set as a small constant
proportional to En to characterize the uncertainty and
randomness of entropy, which is reflected by the
thickness of the cloud model (Zhou et al., 2026; Yao
et al., 2025b).

Fig. 7 Schematic diagram of the cloud model.

4 Overbreak risk evaluation results based on
cloud modeling and fuzzy theory

Based on the established cloud-model-based
fuzzy evaluation framework, the 523 excavation
records collected from the HXT tunnel were used to
conduct overbreak risk evaluation and prediction
analysis. In this section, the weighting results
obtained from different methods are first compared to
identify the most suitable weighting strategy for the
HXT tunnel dataset. The evaluation accuracy of each
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method is then assessed under the established
overbreak grading criterion, based on which the final
comprehensive evaluation (CE) model is determined.
Subsequently, cloud modeling is used to visualize the
overbreak risk level and the transitional
characteristics between adjacent grades using both the
measured OB values and the CE results. Finally, the
relationship between the comprehensive evaluation
score and the measured OB is analyzed to verify the
applicability of the proposed framework for
quantitative overbreak prediction.
4.1 Calculation of weights

The weights obtained by different methods are
summarized in Table 1, while the fitting performance
of the RR method is shown in Fig. 6. For the RR
method, the optimal regularization parameter selected
by five-fold cross-validation was 0.3144, under which
the model achieved an R2 of 0.8925, RMSE of 0.4982,
MAE of 0.3844, and a20 of 0.8279.

The RR weights ranked as follows: CDR
(0.4488), CSA (0.2064), DH (0.1886), RMR (0.0618),
AL (0.0443), HD (0.0421), and PF (0.0080). Thus,
CDR was identified as the most important indicator,
followed by CSA and DH. The final CE weights were
obtained by averaging the best-performing objective
weights and the subjective weights.

As summarized in Table 1, the weight
distributions obtained by different methods showed
clear differences. The CV and MCC methods
produced relatively less concentrated distributions,
although CSA received a noticeably lower weight

than the other indicators. The CRITIC method
assigned the largest weight to CSA, while the
remaining indicators showed moderate differences.
The EW method showed the most concentrated
distribution, with more than half of the total weight
assigned to CSA. The PCA method also produced an
uneven distribution, giving relatively high weights to
DH, HD, andAL, but very low weights to CSAand PF.
In contrast, the RR, SE, and CE methods showed a
more consistent engineering-oriented weighting
pattern, in which CDR received the largest weight,
while CSA and DH also made important contributions.
These differences can also be clearly observed in Fig.
8, which provides an intuitive comparison of the
weight distribution characteristics of the seven
methods.

Fig. 8 Comparison of weights obtained by different weighting
methods.

Table 1 Weights of evaluation indicators obtained by different weighting methods

Method
Weight

CSA CDR HD DH AL RMR PF
CV 0.06810 0.16870 0.13950 0.17470 0.13990 0.15930 0.14990
MCC 0.07270 0.16720 0.14750 0.16120 0.14460 0.15460 0.15210
CRITIC 0.27870 0.13200 0.15120 0.11760 0.10310 0.09550 0.12190
EW 0.50830 0.07360 0.09880 0.06770 0.09990 0.06220 0.08950
PCA 0.01000 0.16000 0.20000 0.29000 0.20000 0.10300 0.00700
RR 0.20640 0.44880 0.04210 0.18860 0.04430 0.06180 0.00800
SE 0.15000 0.39000 0.01000 0.20000 0.04000 0.13000 0.08000
CE 0.17820 0.41940 0.02605 0.19430 0.04215 0.09590 0.04400

4.2 Evaluation accuracy of different weighting
methods

Using the weights obtained from the eight
weighting methods, the evaluation results of the 523

HXT tunnel records were calculated and compared
with the actual overbreak grades. The evaluation
accuracy of each method is shown in Fig. 9, and a
supplementary comparison is provided in Fig. S4 in
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the Electronic Supplementary Materials.
The PCAmethod produced the lowest evaluation

accuracy of 56.21%, while the EW method achieved
an accuracy of 67.30%. The CV, MCC, and CRITIC
methods showed better applicability, with accuracies
ranging from 75% to 79%. Among the objective
methods, the RR method achieved the highest
accuracy of 83.75%, indicating that the
ridge-regression-based weighting strategy can better
capture the relationship between the evaluation
indicators and overbreak grades. The SE method
based on expert judgment achieved an accuracy of
84.70%. After integrating the best-performing
objective weights with the subjective weights, the
final CE model achieved the highest accuracy of
85.28%.

The CE model was therefore selected as the final
overbreak evaluation model. Although some samples
were misclassified, most of those were located near
adjacent grade boundaries, indicating that the
classification errors were generally limited. This
result suggests that the combined
subjective–objective weighting strategy can improve
the stability and applicability of overbreak risk
evaluation for the HXT tunnel dataset.

Fig. 9 Data evaluation chart for each theoretical model.

4.3 Cloud-model-based overbreak risk evaluation
After establishing the CE model, cloud modeling

was used to obtain the overbreak evaluation results
and generate cloud maps for overbreak risk
assessment.
4.3.1 Integrated evaluation based on cloud model

The overbreak grading standard cloud map was
generated according to the grading criteria in Fig. 4.
The expectation (Ex) was determined based on each
grade interval, while En and He were set to 4 and 0.6,
respectively. A total of 7000 cloud droplets were
generated for each grade. The standard cloud map is
shown in Fig. 10. The five risk grades correspond to
score intervals of 0–20, 20–40, 40–60, 60–80, and
80–100, representing low-risk, low-medium-risk,
medium-risk, medium-high-risk, and high-risk levels,
respectively.
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Fig. 10 Cloud diagram of grading criteria for overbreak
evaluation.

To assess the reliability of the subsequent

evaluation, the mean and mode values of the
measured OB were calculated and mapped onto the
grading standard cloud model. The corresponding
results are shown in Fig. 11. As shown in Fig. 11(a),
the cloud corresponding to the mean value is
distributed mainly in the medium-high-risk interval,
although part of the droplet cloud extends toward the
adjacent medium-risk range. In Fig. 11(b), the cloud
corresponding to the mode shifts further toward the
higher-value side while remaining within the
medium-high-risk interval. Therefore, both the mean-
and mode-based mappings indicate that the actual
overbreak condition of the HXT tunnel belongs to the
medium-high-risk level.

Fig. 11 Corresponding evaluation cloud diagram of actual overbreak: (a) mean and (b) mode.

4.3.2 Comprehensive evaluation of overbreak in
HXT tunnel based on cloud modeling

Because the predictive performance of the model
has already been evaluated in the previous section,
this section focuses on cloud-model-based risk
interpretation using representative statistical values,
namely the mean and mode, of the indicator dataset.
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Fig. 12 CE of overbreak based on cloud modeling using mean
values: (a) AL, (b) CSA, (c) DH, (d) HD, (e) PF, (f) RMR, (g)
CDR, and (h) overall evaluation.

(1) Evaluation Based on the Mean of Indicators
For the mean-based evaluation, Fig. 12(a)–(g)

shows the overbreak risk classification cloud maps of
each indicator, and Fig. 12(h) shows the
comprehensive evaluation cloud map. AL, CSA, DH,
HD, PF, and CDR are centered mainly in the
medium-risk interval, whereas RMR is centered in the
medium-low-risk interval. After comprehensive
weighting, the overall evaluation cloud is distributed
mainly in the medium-risk range, with part of the
droplet cloud extending toward the medium-high-risk
interval. This indicates that the mean-based
comprehensive evaluation corresponds mostly to
medium risk, with a tendency toward medium-high
risk.

Fig. 13 CE of overbreak based on cloud modeling using mode
values: (a) AL, (b) CSA, (c) DH, (d) HD, (e) PF, (f) RMR, (g)
CDR, and (h) overall evaluation.

(2) Evaluation Based on the Mode of Indicators
For the mode-based evaluation, Fig. 13(a)–(g)

shows the overbreak risk classification cloud maps of
each indicator, and Fig. 13(h) shows the
corresponding comprehensive evaluation cloud map.
AL, DH, and RMR are distributed mainly around the
medium-risk level, whereas CSA, HD, PF, and CDR
are concentrated mainly in the medium-high-risk
interval. After comprehensive weighting, the overall
mode-based evaluation cloud is located mainly in the
medium-high-risk range, while part of the droplet
cloud remains within the medium-risk interval.
Therefore, the mode-based comprehensive evaluation
can be classified as medium-high risk, with a
transitional characteristic between the medium- and
medium-high-risk levels.
(3) Comprehensive evaluation results based on cloud
modeling

By comparing the comprehensive evaluation
cloud maps derived from the mean and mode values,
the overbreak risk of the HXT tunnel can be identified
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as lying between the medium-risk and
medium-high-risk levels. The mean-based result is
classified mostly as medium risk but extends toward
the medium-high-risk interval, whereas the
mode-based result is classified mainly as
medium-high risk. This interpretation is generally
consistent with the actual OB-based assessment
shown in Fig. 11. In particular, the mode-based
comprehensive result agrees more closely with the
actual assessment, while the mean-based result
remains adjacent to it and reflects the same upward
risk tendency.
These results indicate that the proposed
cloud-model-based evaluation framework can
reasonably capture the overall overbreak risk level as
well as the boundary transition characteristics
between adjacent grades. Rather than forcing the
assessment into a rigid discrete class, the method
provides a more interpretable description of
uncertainty and grade tendency in practical
engineering evaluation.

5 Forecast of overbreak area

After completing the cloud-model-based
overbreak risk evaluation, the comprehensive
evaluation scores obtained from the CE model were
further used to predict the measured OB. Linear
regression was performed using the evaluation score
as the independent variable and the actual OB as the
dependent variable. The fitted prediction equation is
expressed as:

7.47 22.27y x  (9)
where x is the comprehensive evaluation score and y
is the predicted OB.

The fitted regression relationship shows a clear
positive correlation between the comprehensive
evaluation score and the measured OB (Fig. 14). The
model achieved an R2 value of 0.85. A scatter plot is
presented together with the 95% confidence band and
95% prediction band. These results indicate that the
comprehensive evaluation score can be used as an
effective indicator for quantitative OB prediction,
thereby linking qualitative risk evaluation with
quantitative estimation.

Fig. 14 Fitted regression relationship between comprehensive
evaluation score and measured overbreak area.

6 Conclusions

Given the adverse effects of overbreak on tunnel
construction cost, schedule, and safety, this study
proposed a cloud-model-based comprehensive
evaluation and prediction framework by integrating
fuzzy evaluation theory, multiple weighting methods,
and ridge-regression-based objective weighting. A
total of 523 records from the HXT tunnel were used,
and seven indicators, namely RMR, CSA, CDR, PF,
AL, HD, and DH, were selected to construct the
overbreak evaluation system. The main conclusions
are as follows:

(1) The proposed framework can support
overbreak risk evaluation and prediction during
tunnel construction. It can be used to identify the
potential overbreak risk based on routinely obtainable
geological and blasting parameters, thereby providing
support for blasting design optimization and
construction control.

(2) Among the tested objective weighting
methods, the RR method achieved the best evaluation
performance. By combining the best-performing
objective weights with subjective weights, the final
CE model achieved an evaluation accuracy of 85.28%,
indicating good applicability to the HXT tunnel
dataset.

(3) The cloud-model-based evaluation results
show that the overbreak risk of the HXT tunnel lies
between the medium-risk and medium-high-risk
levels. The cloud model provides a visual
representation of risk grades and their transitional
characteristics, allowing both single-indicator and
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comprehensive overbreak risk evaluation.
(4) The comprehensive evaluation score showed

a clear linear relationship with the measured
overbreak area. The fitted prediction model achieved
an R2 value of 0.85, indicating that the evaluation
score can be used as an effective indicator for
quantitative overbreak area prediction.

In summary, the proposed framework provides
an interpretable and practical tool for overbreak
evaluation and prediction in tunnel blasting
construction. However, the dataset used in this study
was obtained from a single tunnel project. Therefore,
the applicability of the model should be further
validated using multi-project datasets under different
geological and construction conditions.
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中文概要

题 目：基于云模型与模糊评价理论的隧道超挖综合评价

与预测方法

作 者：姚世斌 1，周健 1，何彪 2，李传奇 1

机 构：1中南大学，资源与安全工程学院，中国长沙，

410083；2科克大学，土木、结构与环境工程

系，爱尔兰科克

目 的：钻爆法隧道施工过程中，地质条件、钻孔精度、

装药结构和爆破参数等因素共同影响超挖

形成，导致实际开挖轮廓超出设计边界，进

而增加出渣、回填和支护成本，并可能影响

围岩稳定性与施工安全。本文旨在针对隧道

超挖评价中指标多源、边界模糊和等级过渡

不确定等问题，建立一种融合云模型、模糊

评价理论和主客观组合赋权的综合评价与

预测方法，实现隧道超挖风险等级识别、等

级过渡特征表征和超挖面积定量预测，为钻

爆法隧道施工中的超挖控制和爆破参数优

化提供参考。

创新点：1.建立了考虑地质条件与爆破参数的隧道超挖多

指标评价体系；2.对比多种客观赋权方法，并将

最优客观权重与专家主观权重融合，构建综合评

价模型；3.通过云模型实现超挖风险等级及等级

过渡的可视化表达；4.建立了综合评价得分与超

挖面积之间的预测关系。

方 法：1. 基于 HXT隧道 523组现场数据，选取围岩质

量评分、断面面积、装药深度比、单位耗药

量、循环进尺、炮孔密度和炮孔深度等 7个
指标，建立隧道超挖评价指标体系（图 4）；
2. 采用多种客观赋权方法和专家主观赋权

方法计算指标权重，并通过评价准确率筛选

最优客观赋权结果，进一步构建主客观融合

的综合评价模型（表 1）。利用云模型生成超

挖风险等级云图，对实测超挖面积及综合评

价结果进行可视化分析，表征超挖风险等级

及相邻等级过渡特征（图 10–13）；以综合评

价得分为自变量、实测超挖面积为因变量建

立线性回归模型，得到超挖面积预测公式

（公式(9)），并验证综合评价得分对超挖面

积的预测能力（图 14）。
结 论：1.岭回归赋权方法在客观赋权方法中表现最优，

评价准确率为 83.75%；融合专家主观权重

后，综合评价模型的评价准确率提高至

85.28%；2.云模型评价结果表明，HXT隧道

整体超挖风险位于中风险至中高风险之间，

且具有相邻等级过渡特征；3.基于指标众数

的综合评价结果与实测超挖面积评价结果

更为接近，说明所建模型能够较好反映隧道

超挖风险状态；4.综合评价得分与实测超挖

面积之间具有明显线性关系，预测模型的 R2

为 0.85，可用于超挖面积定量预测。

关键词：隧道超挖；风险评价；云模型；模糊评价；岭回

归；综合评价模型
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