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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 coefficient of determination (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, ef‐
ficiency, and economic applicability. With the increas‐
ing 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 con‐
ditions, unreasonable blasting design, and construction 
deviations may cause the actual tunnel contour to ex‐
ceed the designed profile, a phenomenon known as 

overbreak (Fig. 1). Overbreak can increase excavation 
and support costs, delay construction progress, and lo‐
cally 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 optimiz‐
ing 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, drill‐
ing accuracy, rock mass quality, and blasting parame‐
ters. Mandal and Singh (2009) evaluated the extent 
and causes of tunnel overbreak, while Foderà et al. 
(2020) analyzed the factors influencing overbreak vol‐
umes in drill-and-blast tunnel excavation. Gong et al. 
(2026a) provided experimental evidence on fracture 
behavior and fracture-surface morphology, which is 
helpful for understanding rock damage characteristics 
related to excavation response. Barton (2002) provided 
Q-system-related correlations for site characterization 
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and tunnel design, and Ganesan and Mishra (2021) 
emphasized drilling inaccuracy and the distinction be‐
tween 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 have suggested that improved drilling 
accuracy, optimized charge placement, and refined con‐
tour control can reduce overbreak (Kim and Moon, 
2013; Lee et al., 2016). These studies provide an im‐
portant engineering understanding of overbreak for‐
mation and control. However, many empirical, experi‐
mental, or field-based approaches remain closely linked 
to specific geological conditions, rock damage charac‐
teristics, and construction practices, which limit their 
direct use in a unified and interpretable evaluation 
framework.

With the development of numerical simulation, 
experimental testing, and 3D modeling techniques, 
simulation-based and experimental–numerical appro‑
aches 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 in‐
vestigate blast-induced overbreak and underbreak in 
underground roadways. Chen JH et al. (2021) investi‐
gated 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 un‐
derbreak behavior of prestressed tunnels under decou‐
pled charge blasting. These studies have improved the 
mechanistic understanding of tunnel overbreak, but nu‐
merical 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 predic‐
tion. Jang and Topal (2013), Sun et al. (2013), and 
Mottahedi et al. (2018) used regression models, neu‐
ral networks, fuzzy logic, adaptive neuro-fuzzy infer‐
ence system, and support vector machines to predict 
overbreak under different geological and blasting con‐
ditions. Jang et al. (2019), Koopialipoor et al. (2019), 

Fig. 1  Schematic diagrams of tunnel scanning and overbreak (construction site image adapted from Foderà et al. (2020)): 
(a) construction site scanning; (b) overbreak and underbreak diagrams; (c) construction sites
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and Jang (2020) further improved overbreak analysis 
by introducing the overbreak resistance factor, optimi‐
zation algorithms, and tunnel overbreak management 
systems. More recently, ensemble learning, metaheuris‐
tic optimization, Bayesian optimization, data augmen‐
tation, and gene expression programming have been in‐
troduced to enhance prediction performance and model 
applicability (Hong et al., 2023b; Liu et al., 2023; Torres 
et al., 2023; 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 inter‐
pretable engineering decision support.

Similar data-driven approaches have also been 
widely used in blasting-response and geotechnical pre‐
diction 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 en‐
semble 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 (Verma et al., 2018; He et al., 
2024b). Nevertheless, the multifactorial nature of over‐
break, together with limitations in data quantity, quality, 
and diversity, still restricts the broader applicability of 
purely prediction-oriented models.

To address these limitations, we propose a 
cloud-model-based comprehensive evaluation (CE) and 
prediction framework for tunnel overbreak by inte‐
grating 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 (OA) 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 rou‐
tinely 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 (RR)-based objective weighting 
method was combined with expert judgment to estab‐
lish the final CE model. Cloud modeling was then used 
to visualize overbreak risk grades and their transitional 
characteristics, while the CE score was further used 
for quantitative OA prediction.

2 Data collection and analysis 

2.1 Data sources

The dataset used in this study was collected from 
the HXT Tunnel during drill-and-blast excavation (He 
et al., 2023, 2024a). 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 and 
3122 m long, respectively. The surrounding strata con‐
sist mainly of quaternary residual slope deposits, quartz‐
ite interbedded with muddy sandstone, muddy sand‐
stone interbedded with quartzite, and limestone.

A total of 523 excavation records were used for 
overbreak evaluation and prediction. The dataset in‐
cludes both geological and blasting-related information, 

Fig. 2  (a) Topographical and (b) geological conditions along the HXT Tunnel alignment
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with the OA taken as the target variable. Based on a 
literature review, expert consultation, and data avail‐
ability, seven routinely obtainable indicators were se‐
lected as model inputs: RMR, CSA, CDR, PF, AL, HD, 
and DH. RMR was included to represent the combined 
influence of uniaxial compressive strength (UCS), rock 
quality designation (RQD), spacing of discontinuity 
(SD), condition of discontinuity (CD), groundwater con‐
dition (GC), and orientation of discontinuity (OD). 
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 were collected from 
the HXT Tunnel dataset, with OA used as the output 
indicator. The distributions of the 523 records are shown 
in Fig. S1 of the electronic supplementary materials 
(ESM). Although the values of each indicator are con‐
centrated within certain ranges, dispersion is still evi‐
dent, reflecting the variability of geological conditions 
and blasting parameters during tunnel excavation.

To examine the relationships between the input in‐
dicators and OA, a correlation analysis was conducted 
(Fig. 3). CSA showed a negative correlation with OA, 
whereas the other indicators showed positive correla‐
tions. CDR had the strongest correlation with OA, 
with a correlation coefficient of 0.91. From a purely 
machine-learning perspective, highly correlated indi‐
cators may sometimes be removed to reduce redun‐
dancy. However, in the fuzzy evaluation framework 
adopted in this study, such indicators can provide 

representative information for risk grading, and there‐
fore are retained. The other indicators also showed 
relatively strong correlations with OA, with correla‐
tion coefficients greater than 0.55, supporting their use 
in the overbreak evaluation system.

Overall, the dataset exhibited clear heterogeneity 
among the geological and blasting indicators, indicat‐
ing that overbreak is influenced by multiple interact‐
ing 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 trans‐
ferability 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 bound‐
aries (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 pre‐
diction framework. The overall procedure includes indi‐
cator grading, weight determination, CE, cloud-model 
visualization, and OA 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 OA, were graded according to the evalua‐
tion criteria adopted from previous studies and the dis‐
tribution 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: medium-low risk; Level 3: medium risk; 
Level 4: medium-high risk; Level 5: high risk. The eval‐
uation 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 Fig. 3  Dataset correlation analysis
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blasting indicators were graded according to the estab‐
lished criteria. Second, multiple weighting methodolo‐
gies were used to determine the relative importance of 

the indicators. Third, the CE score was calculated by 
integrating the graded indicators and their weights. Fi‐
nally, cloud modeling was used to visualize the over‐
break risk level, and the CE score was further used for 
quantitative OA prediction.

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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ê ù
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ú
x11 x12 ××× x1m
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   
xn1 xn2  xnm

 (1)

where xij (i=1, 2, … , n; j=1, 2, … , m) is the value of 
the jth indicator for the ith evaluation object.

Five conventional objective weighting methods 
were first adopted as comparative strategies: CV method, 
which reflects the relative dispersion of each indicator 
(Zhao and Zhong, 2009); MCC method, which evalu‐
ates the independent information contained in each in‐
dicator (Xiao et al., 2023); CRITIC method, which 
considers both contrast intensity and conflict among in‐
dicators (Chen C et al., 2021; Krishnan et al., 2021); 

Fig. 4  Evaluation indicators and criteria

Fig. 5  Complete evaluation and prediction flowchart for 
OA. CV, MCC, CRITIC, EW, and PCA are the efficiency of 
variation, multi-correlation coefficient, criteria importance 
through intercriteria correlation, entropy weight, and principal 
component analysis, respectively; SE is the subjective 
evaluation
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EW method, which determines weights according to 
information entropy (Liang et al., 2019; Zhou et al., 
2022a, 2022c, 2022d); PCA method, which trans‐
forms 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 weight‐
ing perspectives, including dispersion, redundancy, in‐
formation content, and dimensionality reduction. Their 
detailed formulations are provided in Section S2 of the 
ESM.

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

zij =
xij - μ j

σ j

 (2)

where zij is the standardized value of xij; μ j and σ j are 
the mean and standard deviations of the jth indicator, 
respectively.

The RR method was then performed using the 
standardized indicators as input variables and the mea‐
sured OA as the output variable. The regression model 
and its objective function can be expressed as:

ŷi = β0 +∑
j = 1

m

β j zij  (3)

L =∑
i = 1

n

( yi - ŷi )
 2
+ α∑

j = 1

m

β 2
j  (4)

where yi and ŷi are the actual and predicted OAs of 
the ith sample, respectively; β0 is the intercept term; 
β j is the standardized regression coefficient of the jth 
indicator; L is the objective function of RR; α is the 
regularization parameter selected by five-fold cross-
validation.

After model fitting, the absolute values of the stan‐
dardized regression coefficients were normalized to de‐
rive the final objective indicator weights:

wj =
|| β j

∑
j = 1

m

|| β j

 (5)

where wj is the normalized weight assigned to the jth 
indicator.

As shown in Fig. 6, different candidate α values 
were evaluated using multiple metrics, including coef‐
ficient of determination (R2), root mean square error 
(RMSE), mean absolute error (MAE), and a20, where 
a20 denotes the proportion of predictions within ±20% 
of the measured values, and R2 was used to reflect the 
explanatory capability of the fitted model (Nakagawa 
and Schielzeth, 2013). The optimal α 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 

Fig. 6  Optimization and fitting performance of the RR-based weighting method: (a) variation of cross-validated R2, a20, 
RMSE, and MAE under different candidate α values; (b) actual-versus-predicted comparison
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the risk of overfitting and improve the stability of 
the weighting process, which is consistent with pre‐
vious machine-learning-based engineering prediction 
studies (Armaghani and Asteris, 2021; Asteris et al., 
2021).

In addition to objective weighting, expert judg‐
ment was used to provide subjective weights based on 
engineering knowledge. This is necessary because over‐
break is controlled by multiple interacting geological 
and blasting factors, and some engineering mechanisms 
may not be fully captured by 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 
Section S2.6 of the ESM.

The final CE weights were obtained by combin‐
ing the best-performing objective weights with the sub‐
jective weights. This combined weighting strategy fol‐
lows 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:

wCE
j =

wobj
j +wsub

j

2
 (6)

where wCE
j , wobj

j , and wsub
j  are the combined, objective, and 

subjective weights of the jth indicator, respectively.
Based on the obtained combined weights, the CE 

score of the ith sample was calculated as:

Si =∑
j = 1

m

wCE
j rij  (7)

where Si is the CE score of the ith sample; rij is the 
graded score of the jth indicator for the ith sample.

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

A =
Nc

N
´ 100% (8)

where A is the classification accuracy; Nc is the number 
of correctly classified samples; N is the total number 
of samples.

Further details of the CE procedure are provided 
in Section S2.7 of the ESM.

3.3 Introduction to cloud modeling theory

Cloud models, which are based on fuzzy mathe‐
matics and probability theory, can be classified into 
forward and inverse cloud models according to the gen‐
eration 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 over‐
break risk grade (Fig. 7) (Li et al., 2009). Ex was deter‐
mined as the central value of each evaluation grade in‐
terval and served as the central axis of the cloud model. 
En was calculated based on the width of the corre‐
sponding interval to reflect the uncertainty of the quali‐
tative concept and the width of the cloud model. He 
was set as a small constant proportional to En to char‐
acterize the uncertainty and randomness of entropy, 
which is reflected by the thickness of the cloud model 
(Yao et al., 2025b; Zhou et al., 2026).

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 col‐
lected from the HXT Tunnel were used to conduct 

Fig. 7  Schematic diagram of the cloud model
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overbreak risk evaluation and prediction analysis. In 
this section, the weighting results obtained from dif‐
ferent methods are first compared to identify the most 
suitable weighting strategy for the HXT Tunnel dataset. 
The evaluation accuracy of each method is then as‐
sessed under the established overbreak grading criterion, 
based on which the final CE model is determined. Sub‐
sequently, cloud modeling is used to visualize the over‐
break risk level and the transitional characteristics 
between adjacent grades using both the measured OA 
values and the CE results. Finally, the relationship be‐
tween the CE score and the measured OA 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. 6b. For the RR method, 
the optimal α 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 were 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 distribu‐
tions obtained by different methods showed clear dif‐
ferences. The CV and MCC methods produced rela‐
tively less concentrated distributions, although CSA 
received a noticeably lower weight than the other indi‐
cators. The CRITIC method assigned the largest weight 

to CSA, while the remaining indicators showed mod‐
erate 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, and AL, but very low weights to 
CSA and PF. In contrast, the RR, SE, and CE methods 
showed a more consistent engineering-oriented weight‐
ing 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.

4.2 Evaluation accuracy of different weighting 
methods

Using the weights obtained from the eight weight‐
ing 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. S2 of the ESM.

The PCA method 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 75.00% to 79.00%. Among the objective 
methods, the RR method achieved the highest accuracy 
of 83.75%, indicating that the RR-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 ob‐
jective weights with the subjective weights, the final 
CE model achieved the highest accuracy of 85.28%.

Table 1  Weights of evaluation indicators obtained by different weighting methods

Method

CV

MCC

CRITIC

EW

PCA

RR

SE

CE

Weight

CSA

0.0681

0.0727

0.2787

0.5083

0.0100

0.2064

0.1500

0.1782

CDR

0.1687

0.1672

0.1320

0.0736

0.1600

0.4488

0.3900

0.4194

HD

0.1395

0.1475

0.1512

0.0988

0.2000

0.0421

0.0100

0.0261

DH

0.1747

0.1612

0.1176

0.0677

0.2900

0.1886

0.2000

0.1943

AL

0.1399

0.1446

0.1031

0.0999

0.2000

0.0443

0.0400

0.0422

RMR

0.1593

0.1546

0.0955

0.0622

0.1030

0.0618

0.1300

0.0959

PF

0.1499

0.1521

0.1219

0.0895

0.0070

0.0080

0.0800

0.0440
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The CE model was therefore selected as the final 
overbreak evaluation model. Although some samples 
were misclassified, most of them were located near 
adjacent grade boundaries, indicating that the classi‐
fication errors were generally limited. This result sug‐
gests that the combined subjective–objective weight‐
ing strategy can improve the stability and applicability 
of overbreak risk evaluation for the HXT Tunnel 
dataset.

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 assessment.

Fig. 9  Data evaluation charts for each theoretical model: (a) CV; (b) MCC; (c) CRITIC; (d) EW; (e) PCA; (f) RR; (g) SE; 
(h) CE

Fig. 8  Comparison of weights obtained by different weighting 
methods
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4.3.1　Integrated evaluation based on the cloud model

The overbreak grading standard cloud map was 
generated according to the grading criteria in Fig. 4. 
The Ex was determined based on each grade interval, 
while En and He were set to 4.0 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, medium-low-risk, medium-risk, medium-high-risk, 
and high-risk levels, respectively.

To assess the reliability of the subsequent evalua‐
tion, the mean and mode values of the measured OA 
were calculated and mapped onto the grading standard 
cloud model. The corresponding results are shown in 
Fig. 11. As shown in Fig. 11a, the cloud corresponding to 
the mean value is distributed mainly in the medium-risk 

interval, although part of the droplet cloud extends 
toward the adjacent medium-high-risk interval. In 
Fig. 11b, the cloud corresponding to the mode shifts 
further toward the higher-value side while remaining 
within the medium-high-risk interval. Therefore, based 
on the mean- and mode-based mappings, the actual over‐
break risk of the HXT Tunnel is considered to lie be‐
tween the medium-risk and medium-high-risk levels.

4.3.2　Comprehensive evaluation of overbreak in the 
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 interpreta‐
tion using representative statistical values, namely, the 
mean and mode, of the indicator dataset.
(1) Evaluation based on the mean of indicators

For the mean-based evaluation, Figs. 12a–12g show 
the overbreak risk classification cloud maps of each 
indicator, and Fig. 12h shows the CE 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 CE cloud is distributed mainly in the 
medium-risk range, with a very small part of the droplet 
cloud extending toward the medium-high-risk interval. 
This indicates that the mean-based CE corresponds 
mostly to medium risk, with a slight tendency toward 
medium-high risk.
(2)　Evaluation based on the mode of indicators

For the mode-based evaluation, Figs. 13a–13g 
show the overbreak risk classification cloud maps 

Fig. 11  Classification cloud maps of actual overbreak: (a) mean value; (b) mode value

Fig. 10  Cloud map of grading criteria for overbreak evaluation
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of each indicator, and Fig. 13h shows the correspond‐
ing CE cloud map. AL, DH, and RMR are distrib‐
uted mainly around the medium-risk interval, whereas 
CSA, HD, PF, and CDR are concentrated mainly in 
the medium-high-risk interval. After comprehensive 
weighting, the mode-based CE cloud is located mainly 
in the medium-high-risk interval, while part of the 
droplet cloud remains within the medium-risk inter‐
val. Therefore, the mode-based CE can be classified 

as medium-high risk, with a transitional character‐
istic between the medium-risk and medium-high-risk 
intervals.
(3)　CE results based on cloud modeling

By comparing the CE cloud maps derived from 
the mean and mode values, the overbreak risk of the 
HXT Tunnel can be identified as lying between the 
medium-risk and medium-high-risk intervals. The mean-
based result is classified mostly as medium risk but 

Fig. 12  Overbreak risk classification cloud maps using mean values (red droplet cloud): (a) AL; (b) CSA; (c) DH; (d) HD; 
(e) PF; (f) RMR; (g) CDR; (h) CE

11



|    J Zhejiang Univ-Sci A   

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 OA-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 re‐
flects the same upward risk tendency.

These results indicate that the proposed cloud-
model-based evaluation framework can reasonably cap‐
ture 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 interpreta‐
ble description of uncertainty and grade tendency in 
practical engineering evaluation.

Fig. 13  Overbreak risk classification cloud maps using mode values (red droplet cloud): (a) AL; (b) CSA; (c) DH; (d) HD; 
(e) PF; (f) RMR; (g) CDR; (h) CE
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5 Forecast of overbreak area 

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

y = 0.11x - 1.92 (9)

where x is the CE score; y is the OA.
The fitted regression relationship shows a clear 

positive correlation between the CE score and OA 
(Fig. 14). The model achieved an R2 value of 0.85. A 
scatter plot is presented together with the 95% confi‐
dence band and 95% prediction band. These results 
indicate that the CE score can be used as an effective 
indicator for quantitative OA prediction, thereby 
linking qualitative risk evaluation with quantitative 
estimation.

6 Conclusions 

Given the adverse effects of overbreak on tun‐
nel construction cost, schedule, and safety, this study 
proposed a cloud-model-based CE and prediction frame‑
work by integrating fuzzy evaluation theory, multiple 
weighting methods, and RR-based objective weight‐
ing. 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 over‐
break risk evaluation and prediction during tunnel 
construction. It can be used to identify the potential 
overbreak risk based on routinely obtainable geolog‐
ical and blasting parameters, thereby providing sup‐
port for blasting design optimization and construc‐
tion control.

(2) Among the tested objective weighting meth‐
ods, the RR method achieved the best evaluation 
performance. By combining the best-performing ob‐
jective 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 inter‐
vals. The cloud model provides a visual representation 
of risk grades and their transitional characteristics, al‐
lowing both single-indicator and comprehensive over‐
break risk evaluation.

(4) The CE score showed a clear linear relation‐
ship with the predicted OA. The fitted prediction model 
achieved an R2 of 0.85, indicating that the evaluation 
score can be used as an effective indicator for quanti‐
tative overbreak area prediction.

In summary, the proposed framework provides 
an interpretable and practical tool for overbreak evalu‐
ation and prediction in tunnel blasting construction. 
However, the dataset used in this study was obtained 
from a single tunnel project. Therefore, the applicabil‐
ity of the model should be further validated using multi-
project datasets under different geological and con‐
struction conditions.
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