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ABSTRACT

Large hydropower projects require extensive tunnel excavation, where the drill-and-blast method
(DBM) is widely adopted for excavating hard rock formations. However, DBM generates blast-
induced ground vibrations (BIGV), which may adversely affect surrounding rock masses and
nearby structures. Peak Particle Velocity (PPV) is widely used to evaluate vibration intensity and
assess structural safety. This study develops machine learning (ML)-based PPV prediction
models for tunnel blasting at the Tapovan-Vishnugad Hydroelectric Power Project, Uttarakhand.
A dataset comprising 332 field-monitored blasting events was used with a 70:30 training—testing
split. Three tree-based regression algorithms, namely Decision Tree (CART), Random Forest
(RF), and Extreme Gradient Boosting (XGB), were developed using six input parameters: tunnel
cross-sectional area (a), rock mass quality index (Q), blasthole length (L), charge per delay (W),
specific charge (SC), and monitoring distance (R). Model performance was evaluated using the
coefficient of determination (R?), root mean square error (RMSE), and mean absolute error
(MAE), and compared with the conventional USBM empirical predictor. SHapley Additive
exPlanations (SHAP) analysis was performed to evaluate parameter influence, while a parametric
optimization framework was developed for safe charge estimation under varying blasting
conditions.

The results show that ML models significantly outperform the empirical approach. Among the
developed models, RF achieved the best performance with R? values of 0.98 and 0.90 for training
and testing datasets, respectively, along with the lowest RMSE and MAE values. SHAP analysis
indicated that the influence of input parameters follows the order: R > W> Q > a > SC > L. The
proposed framework provides a reliable approach for estimating safe charge per delay for
different geological conditions and supports safer tunnel blasting practices.

Keywords: Tunnel blasting; PPV prediction; Machine learning; Random forest; SHAP analysis.

1. INTRODUCTION

Hydropower is an important renewable energy source that converts the kinetic energy of flowing
water into electricity using turbines and generators, making it a clean, reliable, and significant
contributor to the world's power needs by utilizing the Earth's water cycle (CCI India, 2025) The
development of large hydropower projects requires tunnelling for underground components such as
headrace tunnels, desilting chambers, machine halls, penstock tunnels, and tailrace tunnels, etc. The
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excavation of tunnels can be done using the drill and blast method (DBM), tunnel boring machine
(TBM) and road headers (Rana et al., 2022). Among these, DBM is the preferred technique for hard
rock excavation in such projects because of its low capital investment, suitability under diverse
geological conditions, adaptability to different shapes and sizes of tunnel openings, and
comparatively easy access in remote mountainous terrains (Mandal & Singh, 2009; Verma et al.,
2018). However, DBM also generates several adverse environmental impacts such as blast-induced
ground vibration (BIGV), air overpressure, noise, heat, and fumes (Murmu et al., 2018). Among
these, BIGV is particularly significant because it has the potential to damage the surrounding rock
mass and nearby underground and surface structures (Chen et al., 2025; Fissha et al., 2024). Peak
Particle Velocity (PPV) is a key parameter used to quantify BIGV and is widely adopted for safety
standards (IS, 1973).

Traditionally, scaled distance-based empirical models have been used for PPV prediction
(Ambraseys & Hendron, 1968; Duvall et al., 1926; IS, 1973; Nicholls et al., 1971). However, these
models generally consider only the maximum charge per delay and the distance between the blast
source and monitoring point, while neglecting several other geological and blasting-related
parameters that significantly influence vibration propagation (Khandelwal, 2014; Rana et al., 2022).
As a result, their prediction capability under complex tunneling conditions often remains limited.
To overcome these limitations, machine learning (ML) techniques have increasingly been adopted
for predicting blast-induced ground vibrations in both surface and underground excavations (Chen
et al., 2025; Fissha et al., 2024; Khandelwal, 2014; Khandelwal & Singh, 2006; Ullah et al., 2025;
Vishwakarma et al., 2024). Due to their ability to capture complex and nonlinear interactions among
multiple influencing parameters, ML approaches have demonstrated superior prediction
performance compared to conventional empirical methods. Various algorithms, including Artificial
Neural Networks (ANN), Support Vector Regression (SVR), and ensemble learning methods, have
been successfully applied for vibration prediction (Lawal et al., 2021; Ogunsola et al., 2025).
Nevertheless, challenges related to model interpretability, dependence on data quality, and practical
applicability under field conditions remain. In this regard, tree-based regression algorithms such as
Decision Tree (CART), Random Forest (RF), and Extreme Gradient Boosting (XGB) provide an
effective balance between prediction accuracy and interpretability. Furthermore, SHapley Additive
exPlanations (SHAP) analysis (Ponce-Bobadilla et al., 2024) enables quantitative assessment of
parameter influence, thereby improving the engineering transparency and applicability of ML-
based models.

Accordingly, the present study is an attempt to develop a PPV prediction model using CART, RF,
and XGB algorithms for tunnel excavation works associated with the TVHEP project. A total of
332 field-monitored blasting events were analysed for model development, with the dataset divided
into 70% training and 30% testing subsets. Six influential input parameters, including tunnel cross-
sectional area (a), maximum charge per delay (W), and rock mass quality index (Q), were
considered in the analysis. Model performance was evaluated using regression error curves (REC)
and statistical indices such as coefficient of determination (R?), Mean Absolute Error (MAE), and
Root Mean Squared Error (RMSE). In addition, SHAP analysis was performed for the best-
performing model to quantify the contribution of individual input parameters to PPV prediction.
Based on the findings, a blast design optimization framework is proposed for effective control of
blast-induced ground vibrations during tunnel excavation, thereby minimizing the risk of
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construction suspension while ensuring structural safety, excavation efficiency, and sustainable
tunneling practices.

2. PROJECT UNDER STUDY

Uttarakhand hosts several major hydropower projects due to its perennial river systems and
favorable mountainous terrain. Among these, the Tapovan-Vishnugad Hydroelectric Project
(TVHEP), located near Joshimath in Chamoli district, involves extensive tunnel excavation beneath
nearby villages and residential areas (Fig. 1). During the construction phase, local inhabitants
reported cracks and structural damage in residential buildings due to vibrations generated by tunnel
blasting operations for the TVHEP project. As a result, excavation activities were temporarily
suspended, causing significant delays in project execution and progress.
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Figure 1 - Location of TVHEP site and tunnel alignments (Naithani & Murthy, 2006)

Subsequently, tunneling operations were resumed under strict conditions to ensure that blast-
induced ground vibrations remained within the permissible PPV limits. Exceeding the prescribed
vibration limits could again lead to suspension of the project and may cause structural damage. The
inaccurate or less reliable PPV prediction may result in overly conservative blast designs adopted
to control vibrations, which can reduce excavation efficiency and increase construction time.
Therefore, precise prediction of PPV is essential to maintain vibration levels within permissible
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limits while avoiding unnecessarily conservative blast designs that may hinder excavation
productivity and delay project completion.

3. METHODOLOGY
3.1 Details of Experimental Project Sites

The Tapovan—Vishnugad Hydroelectric Project (TVHEP) is a run-of-the-river scheme constructed
across the Dhauliganga River in the Chamoli district of the Garhwal Himalaya (Figure 1), located
about 280 km from Rishikesh along NH-58. The project lies on the left bank of the Dhauliganga-
Alaknanda river system, with a barrage built across the Dhauliganga River and the tailrace tunnel
discharging into the Alaknanda River. It comprises a 70 m wide barrage and a 12.3 km long
headrace tunnel on the left bank that conveys water to an underground power-house, from where
discharge is released into the Alaknanda River through a 510 m long tailrace tunnel. The
underground powerhouse cavern measures 48.72 mx158.80 mx22.30 m, and the surge shaft has a
diameter of 13.5 m and a depth of 145.20 m. Other underground structures include a butterfly valve
house (42.35 m x 10.30 m x 17.70 m), a transformer cavern (148.15 mx18.30 mx27.50 m), and a
400-kVA switchyard (NTPC, 2006).

Geologically, the project site lies within the tectonically active Higher Himalayan region and is
strongly influenced by the Main Central Thrust located about 2 km south of the powerhouse
(Debnath, 2025). The rock mass is highly deformed, marked by intense folding, shearing, jointing,
and medium- to high-grade metamorphism, with the tunnel alignment passing through gneiss,
quartzite, augen gneiss, and mica schist. Frequent lithological variations and mixed-face conditions
resulted in predominantly poor rock mass quality (Class IV-V), necessitating heavy support
measures (Naithani and Murthy, 2006).

3.2 Dataset

Blasting investigations are conducted in different parts of the under-construction tunnels of the
project sites described in Section 3.1 under varying excavation conditions. The tunnel cross-
sectional area of each experimental tunnel was measured using survey equipment, and the tunnel
face rock mass quality was evaluated using the Barton O-System, as it is the most widely adopted
rock mass classification system for underground excavations (Barton et al., 1974; Singh and Goel,
2011). The drill-and-blast parameters, such as blasthole length (L), maximum charge per delay (W),
defined as the explosive weight designed to detonate within an 8 ms delay interval, and total
explosive charge weight (7C) were recorded for every blast round.

Blast-induced ground vibrations were monitored in terms of PPV using Micromate seismographs
manufactured by M/s Instantel Canada. To ensure reliable and accurate vibration measurements,
only calibrated seismographs were used, and the geophones were properly coupled with the ground,
following the standards recommended by the International Society of Explosives Engineers (ISEE,
2015). The distance from the blast face to the monitoring locations (R) for each round of blasting
operations was determined using survey equipment, such as a Total Station.
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After each blast round, tunnel advancement or blast pull (P) was measured using a total station, and
specific charge (SC) was calculated as per equation (1).

SC == (1)

a*P

where
TC= total explosive charge weight, kg,
a = Tunnel Cross-sectional area, m? and
p = tunnel advancement or blast pull, m.

During the field experiments, a total of 120 blast rounds were investigated, from which vibration
events were recorded. Multiple monitoring points were used per blast round. The collected data
were carefully screened to remove incomplete, inconsistent, and abnormal records to improve data
reliability. Finally, 332 blast vibration datasets were compiled for further analysis. Table 1 presents
the statistical summary of the dataset used in this study.

Table 1 - Summary of datasets recorded from project sites

Statistics a, m? 0 L,m | SC,kg/m® | W, kg R,m | PPV, mm/s
Total count 332 332 332 332 332 332 332
Minimum 26.00 0.03 1.00 0.33 3.20 25.00 0.18
Maximum 67.80 1490 | 4.00 3.15 44.00 | 400.00 38.90
Mean 42.86 2.73 2.20 1.45 16.97 | 145.07 7.04
Standard deviation | 10.37 2.61 0.69 0.57 11.07 80.59 7.94

3.3 Software

In this study, the blast-induced ground vibration data were first processed and analyzed using
Instantel’s THOR software. Subsequently, the scaled distance empirical predictor was developed
using Microsoft Excel. Finally, the machine learning models were implemented using python in
Jupyter notebook.

3.4 ML Modelling

This study employs three tree-based regression algorithms, namely Decision Tree (CART)
(Hasanipanah et al., 2017), Random Forest (RF) (Yan et al., 2024) and Extreme Gradient Boosting
(XGB) (Ding et al., 2020) to predict blast-induced PPV during tunnel excavation. These models
were selected due to their capability to effectively capture nonlinear relationships, multivariate
interactions, and variability inherent in field blasting data.

The CART model operates by recursively partitioning the dataset into homogeneous subsets
through binary splitting; to minimize the Mean Squared Error (MSE), the mathematical expression
is given in equation (2).

n

MSE = 3 (i = 9)° @
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where n: Total number of observations/data points; i: Index of each data point; y;: Actual
(observed) value of the i’ data point; 9;: Predicted value of the i data point.

Although CART models are simple and interpretable, they are susceptible to overfitting when
dealing with highly variable datasets. To overcome this limitation, the RF algorithm was employed
as an ensemble learning approach that combines multiple decision trees developed using
bootstrapped samples and random feature selection, thereby improving prediction accuracy and
generalization capability. Furthermore, XGB was utilized as an advanced gradient boosting
technique in which trees are developed sequentially, with each new tree correcting the errors of the
previous one while incorporating regularization to control model complexity and enhance
robustness.

The complete dataset was imported into Jupyter Notebook, where six input parameters (a, O, L, SC,
W, and R) and PPV as the output parameter were assigned. The dataset was subsequently divided
into training (70%) and testing (30%) subsets. To improve model stability and convergence, the
training and testing datasets were transformed using logarithmic scaling followed by Min—Max
normalization. Normalization parameters were computed using the training dataset and
subsequently applied to the testing dataset to avoid data leakage. The transformed training dataset
was then used to train the CART, RF, and XGB models.

To optimize model performance, the Particle Swarm Optimization (PSO) metaheuristic technique
(Bui et al., 2019; Kennedy & Eberhart, n.d.) was adopted for tuning the hyperparameters of
employed models. The PSO configuration consisted of C1 =1, C2 = 1.5, inertia weight (w) = 0.7,
30 iterations, and a swarm size of 25 particles for the global best strategy. In addition, a 5-fold
cross-validation approach (Trisnapradika et al., 2025) was implemented to enhance model
robustness and reduce overfitting. In this method, the dataset was divided into five equal subsets,
where four folds were used for training and the remaining one-fold for validation in each iteration,
and the final performance was averaged over all folds.

After hyperparameter optimization, the optimal model configurations were retained and the models
were retrained using the optimized parameters. The developed models were subsequently evaluated
using both the training dataset and an independent testing dataset to assess their predictive
performance under real-field conditions. Before evaluation, all predicted values were inverse-
transformed to their original scale.

3.5 Performance Evaluation Criterion

Evaluation of the performance of the predictive models was carried out using statistical matrix,
namely, the coefficient of determination (R?), mean absolute error (MAE), and root mean squared
error (RMSE). These metrics offer a comprehensive understanding of the model's accuracy and
robustness (Khoshvaght et al., 2025). The range of R? value varies from 0 to 1, MAE and RMSE
from 0 to c. A model is considered more effective when its R? value is closer to one, while the
values for MAE and RMSE should be closer to zero. In addition to the statistical indicators, the
regression error curve (REC) was also used, which enables a quick comparison of multiple models
in a single plot, where steep and higher curves indicate better performance (Bi and Bennett 2003).
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The area over curve (AOC) was also calculated; the lower value of 4OC indicates better
performance of ML models in predicting PPV. (Lower AOC values indicate smaller cumulative
prediction errors and therefore better predictive capability.)
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Figure 2 - Flowchart for PPV prediction modelling

4. DATA ANALYSIS AND DISCUSSION

The ML models developed as per the strategy outlined in Section 3.4 were evaluated for their
predictive performance as per the criterion mentioned in Section 3.5. The results of the ML models
for training (232 data points) and test (100 data points) phases are provided in Table 2. The results
of ML models were also compared against the widely used empirical USBM predictor. The USBM
predictor was selected because it is one of the most widely adopted empirical vibration prediction
models in blasting engineering.

It can be observed from Table 2 that the RF model demonstrated the best predictive performance
among all the developed models, achieving the highest R? values of 0.985 and 0.904 for the training
and testing datasets, respectively, along with the lowest MAE (0.612 and 1.427 mm/s) and RMSE
(1.036 and 2.131 mm/s) values. The small reduction in performance from training to testing
indicates strong robustness and generalization capability of the RF model for predicting blast-
induced PPV under varying field conditions. The XGB model also exhibited high prediction
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accuracy, with testing R?, MAE, and RMSE values of 0.895, 1.576 mm/s, and 2.321 mm/s,
respectively, performing slightly inferior to RF but better than CART. Although the CART model
achieved a high training R? value of 0.96, its testing performance reduced to 0.83 with
comparatively higher prediction errors, indicating lower generalization capability. In contrast, the
USBM empirical model yielded significantly lower R? values (0.69—0.73) and substantially higher
RMSE values (4.212-5.116 mm/s), highlighting the limitations of conventional empirical
approaches in representing the complex nonlinear behavior of blast-induced vibrations.
Furthermore, the scatter plots presented in Figure 3 show that RF predictions are more closely
distributed around the 1:1 reference line, confirming its superior prediction accuracy.
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Figure 3 - Scatter plot for measured PPV vs predicted PPV on validation dataset

Table 2 - Summary of model performance results

R? MAE RMSE AOC
Train | Test Train Test | Train Test Train | Test
CART | 0.964 | 0.83 1.021 2.005 | 1.573 | 2.880 1.021 | 2.005
RF 0.985 | 0.904 | 0.612 1.427 | 1.036 | 2.131 0.613 | 1.428
XGB 0.981 | 0.895 | 0.745 1.576 | 1.136 | 2.321 0.745 | 1.575
USBM | 0.692 | 0.733 | 3.841 4584 | 4212 | 5.116

Model

Figure 4 presents the Regression Error Characteristic (REC) curves for the developed ML models
during the training and testing phases, where the x-axis represents the allowable prediction error
(mm/s) and the y-axis denotes the proportion of predictions within the specified error threshold.
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Models exhibiting steeper REC curves and lower Area Over Curve (AOC) values indicate superior
predictive performance. Among the developed models, RF consistently exhibited the steepest REC
curves and the lowest AOC values in both training and testing phases, demonstrating the highest
prediction accuracy and strongest generalization capability. The XGB model showed comparable
but slightly inferior performance, whereas CART displayed relatively flatter REC curves and higher
AOC values, indicating lower predictive efficiency. Overall, the results obtained from Table 2,
Figure 3 & 4 confirm that ensemble-based ML models, particularly RF, provide the most reliable
and accurate prediction of blast-induced PPV for the present study.
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Figure 4 - Regression error curve for ML models for the training and testing phase
5. SHAP ANALYSIS

SHAP analysis was performed for the best-performing model, i.e., the Random Forest (RF) model,
to improve model interpretability and assess the influence of input parameters on blast-induced
vibration. The analysis considered all six input parameters (Q, a, L, SC, W and R) incorporated in
the ML-based PPV prediction model developed in this study. The SHAP summary plot obtained
from the analysis is presented in Figure 5, while the feature importance results are shown in Figure
6, illustrating the relative contribution of each parameter toward PPV prediction.
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Figures 5 and 6, obtained from the SHAP analysis, reveal that R (distance from the blast location)
has the greatest influence on PPV prediction, with an increase in R reducing vibration levels due to
the natural attenuation of stress waves through the rock mass. In contrast, higher W (maximum
charge per delay) significantly increases PPV at the monitoring location. The O-value (rock mass
quality) also shows a considerable influence on vibration propagation characteristics, highlighting
the importance of geological conditions in PPV prediction. Further, a (tunnel cross-sectional area)
and SC (specific charge) exhibit moderate influence, indicating their role in the distribution of
explosive energy during excavation. Further SHAP analysis reveals that the impact of the blasthole
length (L) parameter is comparatively low, which may be associated with its relatively limited
variability within the dataset and possible indirect interaction with other charge-related parameters.
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Figure 6 - SHAP feature importance analysis

6. BLAST DESIGN OPTIMIZATION

The developed machine learning framework for PPV prediction was further utilized for blast design
optimization to maintain blast-induced ground vibrations within permissible limits and ensure safe
and productive tunnel excavation at the TVHEP site. A parametric analysis was performed using
the optimized Random Forest (RF) model to determine safe maximum charge per delay for different
blasting scenarios.

Parametric analysis was carried out considering parameters as per the guiding principle of the tunnel
blasting operations (Olofsson, 1988; NTNU, 1995; Ouchterlony et al., 2001; Murthy, 2003). In the
parametric analysis, O-values of 1, 4, and 10 were considered to represent poor, fair, and good rock
mass conditions, respectively, along with tunnel cross-sectional areas (a) of 45 m? and 65 m?.
Corresponding to the 65 m? tunnel section, specific charge (SC) values of 1.0, 1.2, and 1.4 kg/m?
were adopted for Q-values of 1, 4, and 10, respectively, whereas for the 45 m? tunnel section, SC
values of 1.1, 1.3, and 1.5 kg/m?® were considered for the corresponding O-values. Higher SC values
were adopted for the smaller tunnel cross-section because smaller tunnel cross-sections generally
provide higher confinement and reduced free-face availability, which may increase transmission of
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explosive energy into the surrounding rock mass and consequently increase vibration intensity
(Verma et al., 2018). Blasthole length (L) is decided based on the designed round length as per
prevailing rock mass conditions and hence it was not considered as a major optimization parameter.
Moreover, blasthole length is primarily governed by excavation cycle requirements and desired
tunnel advance rather than vibration control criteria. The permissible PPV limit was fixed at 5 mm/s,
and the corresponding safe maximum charge per delay (/) was estimated for different excavation
conditions to maintain vibration levels within the allowable limit. Figure 7 presents the results of
the parametric analysis for different blasting scenarios, showing the safe charge per delay required
to control PPV within 5 mm/s at monitoring distances ranging from 50 to 200 m.

The results presented in Figure 7 indicate that tunnels with smaller cross-sectional areas and better-
quality rock masses have lower safe charge per delay values as compared to weaker rock masses of
the same cross-sectional area, because in hard rock masses, blast-induced vibrations are generally
more intense and attenuate gradually than in weaker rock masses, which was also observed during
the field investigations. Furthermore, smaller tunnel cross sections provide higher confinement,
which further increases the intensity of blast-induced vibrations.

Safe Maximum Charge per Delay W (kg)

60 80 100 120 140 160 180 200
Distance R (m)

Figure 7 - Parametric analysis for optimization of maximum charge per delay in
different blasting scenarios

7. LIMITATIONS OF THE STUDY

Although the proposed machine learning framework showed satisfactory performance in PPV
prediction, certain limitations should be acknowledged. The dataset was collected from Himalayan
hydropower tunnel projects dominated by metamorphic rock formations; therefore, the developed
models may require recalibration for application in different geological conditions. In addition, the
dataset size was relatively moderate, and larger datasets from diverse projects could further improve
model generalization and reliability.

The study considered six major input parameters; however, other influential factors, such as
direction of monitoring from the blast location, delay sequencing, blasthole geometry, explosive
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characteristics, in-situ stress, discontinuity orientation, and groundwater conditions, were not
included due to limited field data availability. Further, machine learning predictions are strongly
dependent on the quality and consistency of field measurements, and some variability in blasting
operations is unavoidable. Moreover, the proposed optimization framework is based on model
predictions and should be used as a practical guideline rather than a substitute for detailed blast
design and field trials. Also, the study does not incorporate uncertainty quantification or
probabilistic modeling, which could further improve confidence in predictions. Future research
should focus on integrating probabilistic approaches, such as Bayesian methods or Gaussian
Process Regression, to address this aspect.

8. CONCLUSIONS

BIGV remains a critical concern in tunnel excavation due to its adverse impact on operational
safety, structural integrity, and environmental sustainability. Therefore, accurately predicting PPV,
a primary measure of ground vibration intensity, is pertinent for effective blast design and risk
mitigation. In this study, with the objective of accurate prediction of PPV during excavation of
Tunnels for the TVHEP hydropower project in Uttarakhand, three tree-based machine learning
regression algorithms, namely CART, RF, and XGB, were employed using 332 datasets with six
input parameters including tunnel cross section area (a), rock mass quality (Q), blasthole length (L),
charge per delay (#), distance from the blast location (R) and specific charge (SC). For model
robustness and enhanced accuracy, hyperparameters were tuned using the PSO metaheuristic
approach with 5-fold cross-validation.

Performance comparison of the employed ML models shows that the RF has the highest prediction
accuracy with R? of 0.98 and 0.90 during training and test phase, respectively, closely followed by
XGB. Whereas the CART emerged as the weakest performer among the evaluated models. Further,
all the ML models outperformed the USBM empirical model. Further, the SHAP analysis indicated
that the R and W were the most influential parameters governing PPV prediction. Other parameters,
including Q, SC, a, also showed significant contributions. In contrast, L length exhibited the least
influence on PPV prediction. This may be attributed to the relatively limited variation in blasthole
length within the collected dataset, as well as the fact that blast-induced vibrations are primarily
governed by charge concentration rather than blasthole length itself.

Based on the best-performing RF model and SHAP analysis, a parametric optimization framework
was developed to estimate safe maximum charge per delay under varying geological and excavation
conditions while maintaining PPV within permissible limits. The proposed framework can assist in
designing safer and more efficient blasting operations by balancing vibration control, excavation
productivity, and structural safety. However, since the framework was developed using site-specific
data from the TVHEP project, calibration with local geological and blasting conditions is
recommended before application to other tunneling projects.
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