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ABSTRACT

This study explores predictive models for blast-induced ground vibrations using blast vibration
data. Both conventional prediction models and modern machine learning (ML) models,
specifically Random Forest (RF) and XGBoost were employed to forecast Peak Particle Velocity
(PPV). The dataset, sourced from a land development site, includes 17 blast vibration records with
detailed parameters such as hole depth, explosive weight, and distance to measuring points. The
performance of the developed ML models was compared against site-specific conventional
predictor equations. The models were evaluated based on the coefficient of determination (R2),
and the findings indicate that the XGBoost and Random Forest models outperform traditional
methods, providing more accurate PPV predictions. This study underscores the effectiveness of
modern tools like ML models in improving the reliability of blast vibration predictions for safer and
more efficientland development operations.

Keywords: Machine Learning, Random Forest, XGBoost, blasting, Peak Particle Velocity, coefficient
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INTRODUCTION

Blast-induced ground vibrations are a major challenge in the mining and construction industries,
potentially causing structural damage and environmental concerns. A significant portion of
explosive energy is wasted as ground vibrations, making their prediction and control essential.
Traditional prediction models, like those from the United States Bureau of Mines (USBM), are widely
used to estimate Peak Particle Velocity (PPV) but often lack accuracy due to their failure to account
for site-specific variables.

In contrast, modern machine learning (ML) techniques like ensemble models (e.g., Random Forest
and XGBoost) offer improved predictive capabilities by incorporating a wider range of factors,
leading to more precise, site-specific forecasts. This study compares these conventional and
modern approaches using a comprehensive dataset from Mine A. The dataset includes 17 blast
vibration records and detailed blast design parameters. The research aims to identify the most
effective predictive model, thereby providing actionable insights to improve safety and efficiency
in blasting operations.

Mechanism of Ground Vibration

Ground vibrations caused by blasting operations are a significant concern in both mining and civil
engineering projects. These vibrations result from the detonation of explosives, which generate
intense dynamic stresses in the surrounding rock mass. Understanding the mechanism of ground
vibration is crucial for predicting and mitigating its impact on nearby structures and environments.
Several factors influence the characteristics and impact of ground vibrations like the quantity of

153




Fusiling Sustainable Growm!
CENTRAL COALFIELDS LTD.

explosive used, distance between the blast site to the monitoring point, geological conditions and
blasting pattern.

MachineLearning (ML) Models

Modern machine learning ensemble models have emerged as powerful tools for prediction tasks
due to their ability to handle non-linear relationships and complex interactions between multiple
input parameters. For this study, two tree-based ensemble models, Random Forest and XGBoost,
were selected.

Random Forest (RF): Random Forest is an ensemble learning method that functions by
constructing a multitude of decision trees during the training phase. For regression tasks, the final
prediction is the mean prediction (average) of all the individual trees. This method, which
combines bagging (bootstrap aggregating) and feature randomness, is highly effective at
preventing overfitting and can manage a large number of input features without significantissues.
Bagging creates multiple random subsets of the training data, training a diverse set of trees.
Feature Randomness considers only a random subset of features at each split, which reduces
correlation between trees and creates a more robust model.

Figure 1: Representation of Random Forest flowchart [13]

XGBoost (XG): XGBoost, which stands for Extreme Gradient Boosting, is an advanced and highly
efficient implementation of the gradient boosting algorithm. It builds models in a sequential,
stage-wise fashion. Each new tree is trained to correct the errors made by the previously trained
ensemble. XGBoost is widely recognized for its high predictive accuracy, speed, and scalability,
often outperforming other algorithms in structured data competitions. It also has advanced
features like the ability to handle missing data values.

Figure 2: Representation of XGBoost flowchart [13]
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GEOMINING CONDITIONS

Numerous blasting studies have been conducted across various Indian mining projects, as
mentioned in [1-7]. One such blasting study was conducted at Mine A. The geo-mining conditions
at this mine are characterized by 7 benches with a total depth of 62m. The top two benches consist
of OB material (phyllite) and the remaining benches are Limestone. The typical blasting pattern,
close view of the benches, on-site preparations for a trial blast, and the resulting post-blast muck
pile at this location are shownin the figures 3-6.

Figure 3: Typical blasting pattern followed at Mine A

Figure 4: Close view of the benches at Mine A

Figure 5: Preparation for experimental trial blast at Mine A
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Figure 6: Post blast muck pile at Mine A
ANALYSISOFDATA

The compiled dataset comprises 17 blast vibration records. Typically, having more than 50 data
points in a dataset is recommended to achieve reliable results. The parameters considered for
developing the ML models included number of holes, hole depth, burden, spacing, total charge,
maximum charge per delay, powder factor and the distance from the blasting face to the
monitoring point. The statistical description of the blast datais providedin Table 1.

In addition to these core parameters, the dataset includes detailed information on geological
conditions and the specific types of explosives used, which are crucial for refining the accuracy of
predictive models. The comprehensive nature of the dataset ensures that the ML models can
account for a wide range of variables that influence blast-induced vibrations. By including diverse
blasting scenarios and conditions, the dataset enables the development of robust models that can
be generalized to various sites and operational settings. When compiling the dataset, predictive
models for the PPV were formulated using both conventional scaled-distance laws and ML models,
allowing for a thorough comparison and validation of different predictive approaches.

Table1: Summarized blast details of the experimental data

Prediction of blast vibrations by conventional predictor equations

Scaled distance (SD) laws are essential in mitigating the potential damage caused by blast
vibrations by predicting Peak Particle Velocities (PPVs) based on scaled distances. This predictive
capability enables engineers to adjust the Maximum Charge Per Delay (MCPD) to ensure PPV levels
remain within acceptable protection standards. These equations typically consider the mass of
explosives detonated per delay and the observation distance as the primary factors influencing
the energy of the ground motion generated by blasts.
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Various ground vibration predictor equations, proposed by different researchers and utilized in this
study, are presented in Table 2. To evaluate the parameters associated with these equations, the
scaled distance and PPV are plotted on a log-log plane. This process is repeated individually for
each site, resulting in a distinct prediction equation for each site, characterized by unique
constants.

The accuracy of these models was assessed using the coefficient of determination (R?). Table 2
also shows the relative comparison of different predictor equations, showing that the Ambressys
and Hendron methodology was the most effective predictor across all sites for the train data,
followed closely by the USBM predictor.

Regression plots of ground vibration data with various prediction models were plotted, which
provided a visual comparison of the predictive performance of each model. These plots highlight
the relationship between the predicted and observed PPV values, demonstrating the effectiveness
and reliability of the USBM and Ambressys and Hendron methods in predicting blast-induced
ground vibrations. This comprehensive analysis helps in refining the predictive models and
enhancing the safety and efficiency of blasting operations.

Table 2:Empirical PPV predictor presented by differentresearchers.

MLModelDevelopment

ML models are capable of accurately predicting an output when provided with specific input data.
In this study, ML models are utilized to predict Peak Particle Velocity (PPV) based on various input
parameters. The data was loaded into a pandas Data Frame. To understand the relationship
between input parameters and the target variable (PPV), a feature correlation analysis was
performed. The highly correlated features were selected as the feature matrix (X), and 'PPV' was set
as the target variable (y). Figure 7 shows that Distance from Blast Site has the strongest linear
relationship with PPV, with a correlation coefficient of 0.7585. This is followed by Hole Depth (0.3040)
and Avg Charge per delay (0.2810). Features like Spacing (0.0145) and Burden (0.1860) show a
much weaker absolute correlation.

Theinput parameters for the ML models in this study are:

- Distance from Blast Site (m)
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- Holedepths (m) - Average charge per delay (Qmaxin kg)
- Numberofholes

- Powderfactor (Tones/Kg of Explosive)

- Totalamount of explosive (Qtotalin kg)

- Burden(m)

- Spacing(m)

Figure7: Absolute Feature Correlation with PPV

Figure 8 reveals inter-relationships between the input features themselves. For instance, Total
Explosive(kg) and No. of Holes are very highly correlated (0.94), which is expected. However, Powder
Factor is also highly correlated to burden in this dataset (0.84). This high multicollinearity is
important to note, though tree-based models like Random Forest and XGBoost are generally
robusttoit.

After correlation analysis the data was split into training and testing datasets. Specifically, 80% of
the input and output parameters are used for training, while the remaining 20% are used for testing.
Google Colab was used to make the correlation analysis, develop the ML models and then train and
test the data. First a Random Forest Regressor model was initialized and trained on the training
data (X_train, y_trqin). Then an XGBoost Regressor model was initialized and trained on the
training data (X_train, y_train). Each trained model (Random Forest, and XGBoost) was used to
predict PPV values on the entire dataset (X). The R2 score was calculated for each model using the
actual PPV values and the predicted PPV values for all blasts.

The regression analysis confirms the strong relationship between the predicted and actual PPV
values, showcasing the model's robustness. The final regression plots demonstrate the accuracy
and reliability of the ML models in predicting PPV, making it a valuable tool for assessing blast-
induced ground vibrations
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Figure 8: Correlation Heatmap of Numerical Features
RESULTS AND DISCUSSIONS

The plots of observed vs predicted, and determination coefficient were used for the evaluation of
the produced models from the different prediction models.

In this study, a dataset from the Mine A was utilized. This dataset includes observations of various
blast design parameters such as hole depth, number of holes, maximum explosive weight per
delay, total explosive weight, spacing, burden, and distance of measuring points. The dataset was
analyzed using both conventional and modern prediction tools like Machine Learning models.
These tools were employed to develop predictive models for Peak Particle Velocity (PPV). The
evaluation of these models involved comparing the observed and predicted PPV values and
determination coefficients.

Figure 9: Plot for Measured vs. predicted PPV for ML Models
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The highest determination coefficient from conventional predictor models was obtained from the
Ambressys Hendron method with a coefficient of determination (R2) of 0.6071. This indicates that
the Ambressys Hendron modelis relatively accurate in predicting PPV for this dataset.

The determination coefficients for the XGBoost ML model and Random Forest ML model were 0.9538
and 0.8944 respectively. This demonstrates that the ML models soutperformed the conventional
predictor models, providing more accurate predictions. The ML Model's higher determination
coefficient suggests that it better captures the complex relationships between the input
parameters and PPV.

Figure 9 depicts the plot of measured PPV versus predicted PPV for the ML models. This plot visually
represents the accuracy of the predictions made by the model. The closer the data points are to the
line of equality (where predicted PPV equals measured PPV), the more accurate the model. In this
figure, the XGBoost model shows a tighter clustering of data points around the line of equality,
indicating better predictive performance.

Overall, the XGBoost model demonstrated superior performance compared to the conventional
prediction models. The higher determination coefficient and lower standard errors of estimate
highlight the effectiveness of ML Models in accurately predicting PPV. This study underscores the
potential of modern predictive tools like ML Models in enhancing the accuracy and reliability of
blast vibration predictions, thereby contributing to safer and more efficient land development
operations.

CONCLUSION

The analysis of blast-induced ground vibration data was conducted using both conventional
prediction models and modern Machine Learning models. Among the conventional methods, the
Ambressys-Hendron model proved to be the most effective in predicting vibration data compared
to other traditional models. This study demonstrates that a single ML model can be effectively
employed to predict Peak Particle Velocity (PPV) across different sites.

The ML model was developed using a dataset of 17 vibration records, which was randomly divided
into training and testing subsets. Eighty percent of the data was used for training, while the
remaining twenty percent was used for testing the various models. The input parameters for
developing the ML model were distance from blast site, hole depth, average charge per delay,
number of holes, powder factor, total amount of explosive, burden, and spacing.

The coefficients of determination obtained from various conventional predictor models on the test
data were as follows: USBM (0.5701), Nicholls-USBM (0.5701), Duvall and Petkof (0.3086), Langefors
and Kihlstrom (0.3706), BIS (0.3699), Ambressys Hendron (0.6071), Ghosh-Daemen (0.5701). For ML
models, it was significantly higher at 0.9538 for XGBoost Model and 0.8944 for Random Forest
Model. Based on these values, it is concluded that the ML models outperformed all other models,
achieving a high coefficient of determination with low Root Mean Square Error (RMSE).

These findings emphasize the superior predictive capability of ML models for blast-induced
vibrations. The results highlight the advantages of using ML models for predicting blast-induced
vibrations, showcasing its potential to improve the accuracy and reliability of such predictions. This
study underscores the importance of adopting advanced predictive tools like advanced ensemble
ML models in geotechnical applications to enhance safety and operational efficiency.

Moreover, the integration of ensemble models can lead to better-informed decision-making
processes in blasting operations, reducing potential environmental impacts and improving the
overall effectiveness of land development projects. By leveraging modern computational
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techniques, this research paves the way for more sophisticated and accurate predictive models in
the field of geotechnical engineering.

Figure 10: Comparison of predicted PPV with measured.
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