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Abstract: In a limestone quarry mine, fragmentation is a crucial outcome of blasting operations. The 

optimization of blasting operations greatly benefits from the prediction of rock fragmentation. The main factors 

that affect fragmentation are rock mass characteristics, blast geometry, and explosive properties. This paper is 

a step towards the implementation of machine learning and deep learning algorithms for predicting the extent 

of fragmentation (in percentage) in opencast mining. Various parameters can affect fragmentation. But, in this 

paper initially, ten parameters (spacing, drill hole diameter, burden, average bench height, powder factor, 

number of holes, charge per delay, uniaxial compressive strength, specific drilling, and stemming) are collected 

to train the model. However, due to a weak correlation with rock fragmentation, drill diameter, Average bench 

height, compressive strength, stemming, and charge per delay are eliminated to reduce model complexity. A 

total of 219 data sets having five input features i.e., the number of holes, spacing, burden, specific drilling, and 

powder factor are used to develop the models. To predict rock fragmentation due to blasting in limestone 

quarry mines, both machine learning models (Random Forest Regression (Bagging), Support Vector 

Regression, and XG Boost Regression (Boosting)), as well as a deep learning model (Neural Network 

Regression), are applied to develop a model that can optimize the prediction of fragmentation. The Artificial 

neural network model optimization showed that the model with architecture 64-32-16-1 can perform well 

giving MSE (mean squared error) values of 41.32 and 28.59 on training and test data respectively. The R2 value 

for both training and test is 0.83.  Random Forest regression is also performing well compared to SVR and XG 

boost with the MSE value 12.37 and 9.89 on training and testing data respectively. Here, the R2 value for both 

sets are 94%. Based on the permutation importance and Shapely plot values, the powder factor has the highest 

impact, and the burden has the lowest impact on fragmentation. 

Keywords: fragmentation; artificial neural network; random forest regression; support vector regression; XG 

Boost Regression; sensitivity analysis 
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A limestone quarries mine is used for the extraction of limestone, which is a useful non-metallic 

mineral in several mineral industries. It is a raw ingredient used in the cement industry. Drilling and 

Blasting is the significant excavation method of limestone quarry mine compared to the mechanical 

excavation methods. Blasting operations take place to breakdown the rock material into the desired 

size and we call that fragmentation, which is defined as the extent to which a rock mass or rock 

sample is broken into small pieces either primarily by mechanical tools, blasting, caving, and 

hydraulic fracturing or secondary by the breakage happened in loading and transportation of the 

material to the mill [1]. Oversize of fragmented material and small-sized blasts lead to indirect cost 

escalation, unmanageable digging, and transportation of blasted muck pile, improper throw of 

fragmented rock material, ground vibration, fly rock at the time of blasting, and generation of 

overbreak [2]. 

Most of the time it is stated that rock blasting operation is a way of producing fragmentation in 

mining and construction areas. The fragmented material produced by blasting has a great influence 

on mining and construction in different aspects. [3] Cited from [4] that in mining and processing 

plants, rock fragmentation distribution has high influences on loading, hauling, crushing rate, 

crushing, grinding capabilities, and ore recovery in beneficiation processes. According to [5], the best 

fragmentation is a “blasting approach that offers the degree of fragmentation required to accomplish 

the lowest unit cost of the combined activities of drilling, loading, conveying, and crushing."   

Optimizing rock fragmentation results in increased excavator productivity, lower maintenance and 

repair costs for machinery used in loading and crushing operations, increased crusher productivity, 

and an impact on the complete process from start to finish, known as mine to the mill [6], [7]. The 

fragmented rock should be easily handled by the loading equipment and should fit with the available 

crusher/plant [8]. 

Prediction of fragmentation has a great role in the optimization of rock fragmentations by 

finding the accuracy of the result with the presence of exact values. It has been observed by different 

researchers those different empirical methods like the kuz-Ram model, Kuznetsov’s equation, Rosin-

Rammler’s equation, Cunningham’s uniformity index, and Modified Kuz-Ram model have been 

used to predict and improve the fragmentations resulting from blasting [9]–[12]. The kuz-Ram model 

is one of the approaches used for the prediction of rock fragmentation due to blasting. In the Kuz-

Ram model, the input data consists of the relevant blast design parameters. Three key equations are 

the backbone of this equation, and these equations are Kuznetsova's equation, the Rosin-Rammler 

equation, and the uniformity index. The formula was created by Kuznetsov and further developed 

by Cunningham [13]. [10] Stated the Kuz-Ram model, not as a quantitative prediction model, but as 

a tool to examine how different parameters could influence blast fragmentation. A uniformity index 

is introduced later due to the deficiency of the model to describe the distribution of the fine, below 

the mean size. It is hypothesized that the finer fractions are produced by the pulverizing or crushing 

action of the explosive in a blast hole. The crushing zone radius around each blast hole is determined 

based on the peak blast-hole pressure and the strength of the rock [14]. 

In this research, Artificial Neural Network (ANN) in comparison with machine learning models 

i.e., Random Forest regression (Bagging), Support vector regression, and XG Boost regression 

(Boosting) are used for the prediction of fragmentation.  An artificial neural network (ANN) is a 

computational model mostly used for nonlinear fittings, which can simulate structures and functions 

of the biological neural network. ANN works by connecting various processing units and it can 

mimic how a human brain works. It is composed of many neurons of highly interconnected structure 

which can capable of performing massively parallel computations for data processing and 

knowledge representation to perform the desired functions [15]–[18]. 

Rock breakage mechanism and factors affecting rock fragmentation: Rock breaking due to 

blasting is a mechanism for breaking rock by producing shock waves and stress waves through 

detonations of an explosive placed in a drilled hole. The explosive placed inside the rock is detonated 

to impact the surrounding rocks and occurs in three phases. The first phase is a shock wave produced 

from the detonated explosive that applies strong impact and crushes the rock near the explosive 

charge (surrounding the holes). The second phase deals with stress wave damping, which is caused 
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by shock waves moving outward from the blast hole in the rock [19], [20]. [21]Stated about shock 

wave interaction in the presence of a short delay for the improvement of fragmentation, when the 

delays were in the range of contacts compared with no shock wave interactions, the results showed 

no clear differences or significant improvements in the fragmentation. 

The stress waves break the rock by propagating in it in radial directions and forming a radial 

crack and spalling when they are reflected from a free face. [22] claims that shock wave interactions 

are always extremely limited, affecting just a small portion of the Aside from proper blast geometry 

and effective stemming, the different properties of an explosive play a role in achieving optimal 

fragmentation [25], [26]. We can choose the types of explosives according to their properties by 

correlating them with the rock conditions that can fit. Some of the properties of the explosive which 

may affect the fragmentation are energy content, gas volume, detonation velocity, density, etc. It is 

necessary to consider its environment to get a satisfactory picture of an explosive's rock blasting 

performance because the useful energy released by the explosive depends on a lot of factors like the 

properties of the explosive, overall volume and that stress waves in the field never have similar 

shapes. The third phase is the extension of the cracks formed in the second phase to break the rock 

and move the broken rock in a direction toward the free face. This is carried out by the gases produced 

behind the detonation front, which are called gas energy. The pressure of gases helps in the final 

breakdown of the rock by extending cracks and increasing the volume of rocks. The broken rock 

always moves in a direction toward the free face [23]. 

Factors affecting rock fragmentation: Different researchers explained that fragmentation is the 

breakage of rock material either using mechanical excavation or drilling and blasting operations. This 

outcome of blasting, which is called fragmentation, is influenced by several factors. Some are well-

known, while others are more difficult to grasp. The conditions of the rock are of great importance, 

which means that the influence of changes in other factors can vary considerably from one place to 

another. A change in a parameter in one type of rock, for instance, can make an important difference 

in the result, whereas the same change in other places may not be noticed at all. They classified the 

factors into two big categories: controllable and uncontrollable parameters. The main controllable 

parameters are blast design parameters, which can differ from one blasting operation to the next and 

are used to modify and adjust the output of the operations to give us preferable results.  They stated 

that the controllable parameters are classified into various groups. These groups are geometric 

parameters, which include burden, spacing between boreholes, bench height, drill hole diameter, 

hole length, charge depth, stemming height, sub-drilling, the drilling pattern, hole inclination 

(vertical or inclined), blasting direction, explosive parameters (types of explosives, energy, strength, 

priming systems, etc.), and time (delay timing and initiation sequence) [24]. confinement of the 

explosive, i.e., properties of the rock, hole diameter, and degree of coupling. The more predictable 

fragmentation resulted in explosive VOD being high. This is achieved due to an increase in explosive 

energy, which corresponds to an increase in fragmentation [27]. [19] observed that the results of 

blasting operations are determined by a different parameter. Jimeno stated that poor fragmentation, 

insufficient swelling of the muck pile, uncontrolled fly rock, high vibration levels, and low-frequency 

vibrations are results of blasting if the delay timing and the initiation sequence of blasting are not 

adequate. 
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Figure 1. Design parameters for bench blasting (source:[28]). 

The second thing that can affect the outcome of a blasting operation is things that can't be 

controlled. These things include but are not limited to, the geology of the rock, the strength of the 

rock, the properties of the rock, the presence of water, and the structure of the rock, which is usually 

shown by the way the cracks are distributed [29]. 

According to [30], rock properties have a high effect on the output of blasting when they are 

compared to other variables. Hagan stated the relationship between the importance of rock material 

strength and its rock mass strength as the mean spacing between the fissures, cracks, or joints. 

Besides, he explained that blasting operations are required in a rock mass with widely spaced joints 

to create new cracks in the rock mass to form fragmentation.  [10] also stated that the relation 

between the tensile strength of the rock and the fragmentations was that a tensile strength of more 

than 15 MPa should tend to give a rough fragmentation, whereas a tensile strength of fewer than 6 

MPa is supposed to give a fine fragmentation. 

[31] conducted extensive research on overburden blasting and fragmentation in three large 

opencast coal mines. They used RQD to represent all the rock mass structure parameters. Based on 

RQD, the rock masses have been investigated and are divided into massive and jointed branches [32]. 

After the division has been done, they consider the observed mean fragment size as the dependent 

variable and different rock mass properties, blast design parameters, explosive properties, firing 

sequence, and drilling error as independent variables. Separate multiple linear regression analyses 

were performed for massive and joint formations. The structural features of the rocks, like bedding 

planes, fractures, faults, etc. have high influences on the responses of the rock mass as well as blasting 

results, and those should not be ignored during blast design. Researchers who studied the response 

of rock structure to blasting results stated that structural features have a greater influence on blasting 

results than explosive properties and blast geometry [33]. 

Predictor model of rock fragmentation: Predictive modeling is the process of using known 

results or outputs to create, process, and validate a model that can be used to forecast future outputs 

from viable alternative input data. After blasting, we can quantify the size distribution of fragmented 

rock using direct and indirect methods. Sieving analysis of fragments is the only technique in the 

direct method. However, it is the most accurate technique when we compare it with the indirect 

methods, but it is not practicable due to its expense and time consumption. Indirect methods are 

methods that include observational, empirical, and digital methods, and these are developed to solve 

the shortcoming of direct method analysis [34].  

The prediction and assessment of the rock size distribution produced by blasting are important 

concerns in understanding the blasting process and its costs. In a quarry, the total cost of production 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 June 2023                   doi:10.20944/preprints202306.0891.v1

https://doi.org/10.20944/preprints202306.0891.v1


 5 

 

has a minimum value at an optimum fragmentation size [35]. Forecasting of the optimum 

fragmentation size will assist a quarry in choosing blasting parameters, crushers, loader capabilities, 

and conveyor systems to achieve the required material size at a known cost. By knowing the size 

distribution for particular blast and rock mass conditions, a blasting engineer can modify the blasting 

if it’s possible, so even the optimum fragmentation size may not be the required size [36]. 

Artificial neural network 

The artificial neural network (ANN) technique is a component of artificial intelligence 

developed since the 1980s, and it is now considered one of the most intelligent tools to imitate 

complex problems.  According to [37], “A neural network is often defined as a massively parallel 

distributed processor made from neurons that features a natural propensity for storing experimental 

knowledge and making it available for use.” This technique can extrapolate a result from the pattern 

that was performed during training. The network with enough input data can be trained, and the test 

can be done based on previous learning with new inputs having similar patterns [38]. A neural 

network is an intelligent hub that's ready to predict an output pattern when it recognizes a given 

input pattern. A large number of datasets are required for a neural network's initial training process. 

After completion of proper training, neural networks can detect similarities when presented with a 

new pattern and, accordingly, result in a predicted output pattern. Depending on the availability of 

computational capabilities, neural networks may be used as a direct substitute for auto-correlation, 

multivariable regression, linear regression, and other statistical analysis techniques[15]. 

[16] stated that an artificial neural network consists of artificial neurons or processing elements 

and is organized into three interconnected layers: the input layer, hidden layers, and output layer. 

The input layer contains input neurons (nodes) that send information to the hidden layer.  Outputs 

are produced using hidden layers through the output layer. Every neuron has weighted inputs 

(synapses in biological neurons), an activation function (defines the output given an input), and one 

output. ANNs are capable of learning, but they have to be trained. The learning strategies of ANN 

are supervised learning, unsupervised learning, and reinforcement learning. How the neurons of a 

neural network are structured is intimately linked with the training algorithm used to train the 

network with a different class of network architectures, i.e., single-layer feed-forward networks, 

multilayer feed-forward networks, and recurrent networks [18]. 

Artificial neural networks (ANNs) were used by [39]–[41] to predict ground vibration, forecast 

back-break, evaluate the effects of design parameters in fly rock, and predict and optimize blast-

induced impacts. [42] predict back-break in the Chadormalu iron mine's blasting operation (Iran). He 

experimented with several hidden layers and neurons before settling on a network with a topology 

of 10-7-7-1 as the best option. Using mean square error (MSE), variance account for (VAF), and 

coefficient of determination (R2) as comparison metrics, the ANN model outperformed traditional 

regression analysis. Sensitivity analysis showed that water content is the least effective parameter in 

the study, while weight is the parameter that has the biggest impact on the back break. [43] also 

addresses the simultaneous prediction of rock fragmentation and back break, using a radial basis 

function neural network (RBFNN) and a back propagation neural network (BPNN). A network with 

the architecture 6-10-2 is determined to be ideal for BPNN modeling, while RBFNN's architecture 6-

36-2 with a spreading factor of 0.79 offers the best predictive ability. As a result, it is found that the 

BPNN model is the most desirable since it offers the highest accuracy and lowest error. 

The backpropagation (BP) network is the most popular network architecture today as it contains 

the highlights of the neural network theory, is simple in structure, and is clear in mathematical 

meaning. It has been proved that any continuous function is often uniformly approximated by the 

BP network model with just one hidden layer[44]. [45], [46] used a Backpropagation network to 

predict the mean particle size of a rock fragmentation resulting from blasting. The backpropagation 

method was found to be optimum for predicting fragmentation. 

Regression Analysis 

Regression analysis is one of the statistical models used for predictions. Multiple regression 

analysis is an appropriate method when the research problem includes one unique metric variable 

that is associated with one metric experimental variable [47]. The purpose of multiple regression 
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analysis is to learn about the relationship between several independent or predictive variables and a 

dependent or criterion variable. The objective of this analysis is to use independent variables whose 

values are known to predict the worth of the unique dependent selected variable [48]. 

Supervised machine learning algorithms like support vector machine, random forest regression, 

and XG boost showed remarkable prediction efficiency in many disciplines due to their ability to 

generalize [49]–[57]. [58] created a powerful machine learning method known as SVM to address 

classification issues based on mathematical statistics. Regression issues can be resolved with SVM by 

using the ε-insensitive loss function [59], [60]. Random forest regression is a non-parametric 

regression method [61] that has proven its high accuracy and superiority [62]. According to [63], 

random forests construct K regression trees and average the outcomes of regression. The outputs of 

all individual trees are combined to provide the final anticipated values [64]. 

2. Methods and Materials 

Mining processes are highly variable. Starting with uncertainty about the nature of the resource 

being mined, mining operations take place in extremely dynamic and variable operating conditions, 

often resulting in a lack of control and visibility, reduced productivity, an increased cost of operation, 

poor-quality control of the ore being mined, and so on. The productivity of mining operations 

worldwide continues to fall despite continuous improvements to operations and even after adjusting 

for declining ore grades. On top of that, the industry continues to face volatile commodity prices, the 

maturity of existing mines, and innovation barriers. 

The world is growing with technology. But a large number of mines are still using conventional 

technologies and hence are facing the growing need to drive operations for more productivity as the 

mines are getting deeper and operations are becoming more complex. The amount of data generated 

from mining has increased exponentially over the last few years. An increase in computational power 

and the development of new analytic methodologies enable mining to conduct highly sophisticated 

analyses of this data. Traditional statistical methods that could process no more than a handful of 

production parameters are giving way to machine learning algorithms like decision trees, support 

vector machines, random forests, etc., and deep learning algorithms like artificial neural networks, 

which are capable of crunching through numerous factors concurrently even when those factors lack 

a linear relationship. 

Data generated across the mining processes needs to be captured and leveraged on a real-time 

basis to accurately predict the variability of various mining processes and bring consistency to 

operations. Complex mining tasks such as mine planning and equipment operations must use 

disruptive digital technologies to achieve a breakthrough in controlling mining variables for 

enhanced performance. 

As for ML and AI, humans learn from their day-to-day lives owing to their ability to think. For 

example, they can learn from education or from their thoughts and memories. However, unlike 

humans, computers learn through algorithms. This is called machine learning (ML). ML uses 

computer algorithms to simulate human learning and allows computers to identify and acquire 

knowledge from the real world, thereby improving the performance of certain tasks based on the 

newly acquired knowledge. The more advanced form of machine learning is deep learning, which 

incorporates neural networks with brain-like structures. 

So, as was said above, this paper is a step toward using machine learning and deep learning 

algorithms to predict the amount of fragmentation in opencast mining (in percentage). 

4.2. Data collection 

Collecting sample data is the first and most basic step in designing any machine learning or 

ANN model. It deals with the collection of the right dataset with decided input and output 

parameters. For the purpose of this paper, secondary data was collected from the blast record of the 

limestone quarry mining that was used. A number of inputs and output data were collected. In the 

dataset, there are a total of 219 data points and 11 features. There are a total of 10 input features (Drill 

Dia (mm), Spacing (m), Burden (m), Average Bench Height (m), Number of Holes, Specific Drilling 
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(m/m3), Powder Factor, Compressive Strength (kgf/cm2), Stemming, and Charge Per Delay) and 1 

output feature (Rock Fragmentation). 

Table 1. visualization Input and output datasets. 

 

By looking at the data in its raw format, it can be seen that the drill diameter is not changing so 

much with the changing value of rock fragmentation (most of the time the value is only 114.3). It 

means it may not be contributing to the variability of our output feature and hence can be eliminated 

to reduce model complexity. The same is the case with compressive strength. However, we will 

establish it with the help of a correlation plot and eliminate the unwanted features accordingly. 

If we refer to domain knowledge of drilling and blasting in mining, the powder factor in 

determining rock fragmentation is a very important factor. So, it will contribute significantly to the 

prediction of rock fragmentation with different models. 

Here, the quantity of data is very small, so we will be training both machine learning models 

(Random Forest Regression (Bagging), Support Vector regression, and XG Boost Regression 

(Boosting)) as well as a deep learning model (Neural Network Regression) and then assessing the 

best model for this type of data. 

Table 2. Variable features. 

 

In the dataset, out of 10 input features, 9 have decimal values, and the remaining feature has 

integer values (number of holes). The output feature, which is rock fragmentation, is also expressed 

in terms of decimal values. 
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Since there are no categorical features, there will not be any need to create dummy variables for 

the purpose of training different models. Also, there will not be any cases of treating imbalanced 

classes for the same purpose. 

4.3,. Pre-processing 

Data pre-processing is a technique that involves transforming raw data into a more coherent 

format. After data collection, the basic data pre-processing procedures are conducted to train the 

ANNs and MLs more efficiently. The data pre-processing involves checking out missing values, 

splitting the data into training and test sets, and finally doing feature scaling to limit the range of 

variables so that they can be compared and worked on in common. 

Table 4. Statistical Parameters. 

 

Table 3. Missing Values. 

 

A total of 219 datasets are prepared for the model. As we can see from the table above, there are 

no missing values for any of our input or output features. Hence, there will not be any need to apply 

techniques for treating missing values (mean, median, and mode treatment). Afterward, the datasets 

were grouped into training and testing data sets. 199 data points were considered for training the 

network, 9 data points (approximately 3.8% of total data) were kept for cross-validation, and 11 data 

points (approximately 5 % of total data) were considered for testing the model. 

4.4. Data Analysis 

In this study, a total of 11 input parameters (drill hole diameter (mm), spacing (m), burden (m), 

average bench height (m), number of holes, specific drilling (m/m3), powder factor (PF), compressive 

strength (kg/cm2), stemming, the charge per delay, and one output fragmentation) are used. The 

presentation of data in a graphical or pictorial format is known as "data visualization." To get insights, 

it enables decision-makers to see analytics displayed visually. Visualization action is the act of using 

visual representations of our data to identify trends and relationships. A variety of Python data 

visualization libraries, like Matplotlib and Seaborn, are used to do data visualization in this work. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 June 2023                   doi:10.20944/preprints202306.0891.v1

https://doi.org/10.20944/preprints202306.0891.v1


 9 

 

Statistical parameters, correlation plots, scatter plots, and histograms are used to visualize and 

recognize the relationship between the inputs and outputs of the datasets. 

 

Figure 2. Correlation plot. 
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Figure 3. Scatter plots and histograms. 

By looking at the results of the statistical table, correlation plot, and pair plot we can draw the 

following conclusions: 

� Drill diameter has a mean of 124 and a standard deviation of 33.5. Its value at the 25, 50, and 75 

percentiles is 114.3. It means 114.3 is the most frequently occurring value in it, and this feature 

may not show any variability with the output feature. Furthermore, its correlation value with 

rock fragmentation is only 0.32, which means it has a very weak correlation with rock 

fragmentation and hence cannot contribute anything to the model. 

� Specific drilling is another such feature that does not show any variability with the output 

feature as per the statistical description, as well as not showing any sign of a strong correlation 

with rock fragmentation. 

� Features like a burden, powder factor, compressive strength, and charge per delay show a 

normal distribution of their values, which may improve the results of the model by a very small 

value. Other features are either negatively skewed or positively skewed. 

� The feature that has the strongest correlation with rock fragmentation is Powder factor 

(correlation of 0.82). Its value ranges from 1.82 to 16.25 with a mean value of 8.55. 

� As per the pair plot, the powder factor is also showing a strong decreasing trend with rock 

fragmentation. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 June 2023                   doi:10.20944/preprints202306.0891.v1

https://doi.org/10.20944/preprints202306.0891.v1


 11 

 

� Unlike features like drill diameter, average bench height, compressive strength, stemming, and 

charge per delay, all other features show strong correlation, so eliminating these weakly 

correlated features will reduce model complexity.  

� All of the other features have strong correlations, but drill diameter, average bench height, 

compressive strength, stemming, and charge per delay don't. Getting rid of these weakly 

correlated features will make the model simpler. 

� For training support vector regression, we will need to scale the data as per the standard 

assumptions of support vector machine-based models. This we can do separately while training 

the model. 

 

Figure 4. Splitting of datasets into training datasets, validation datasets, and testing datasets. 

A feature scaling procedure before presenting the input data to the network is also a good 

practice since mixing variables with large and small magnitudes will confuse the learning algorithm 

on the importance of each variable and may force it to finally reject the variable with the smaller 

magnitude. Normalization is one of the feature scaling techniques in which values are shifted and 

rescaled so that they end up ranging between 0 and 1. It is also known as Min-Max scaling. The 

scaling of the input and output parameters is performed using the following equation: 

Scaled value = (Unscaled value – Minimum value)/ (Maximum value- Minimum value 

4.4. Building the neural network and machine learning model (SVR, RFR, and XG Boost)   

We have completed the database with a constrained quantity of data, using the Python 

programming language to perform multiple machine learning and deep learning methods, and are 

now going to compare the outcomes of all of them using comparison performance. We chose ANN 

from deep learning, Random Forest regression, Support Vector Regression, and XG Boost regression 

from supervised machine learning because each has its strengths that might work for our project. 

In an artificial neural network model, the number of hidden layers, neurons in each layer, 

activation function in each layer, training function, weight/bias learning function, and performance 

function are specified. The input layer contains input neurons (nodes) that send information to the 

hidden layer. The activation functions in each layer, training function, weight/bias learning function, 

and performance function are specified. The input layer contains input neurons (nodes) that send 

information to the hidden layer. 

  

Datasets (219)                      
Training datasets (199) Validation datasets (9) Test datasets (11) 

Training models Testing the model Validating model  
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Figure 5. Artificial neural network structure. 

As a supervised learning technique, the random forest has labels for our inputs and outputs as 

well as mappings between them. It can be used for classification and regression problems [65]. In the 

event of regression, the random forest will average the outcomes of each decision tree rather than 

choosing the vote with the greatest number of participants. For algorithms with large variances, such 

as decision trees, bagging is a general method that can be used to lower the variance [66]. Bagging 

causes each model to run independently before aggregating the results without regard for the 

performance of any particular model. 

The Boost algorithm has been improved by XG Boost [67]. The trees that minimize a loss function 

are used to create an XG Boost repressor. A loss function is made up of two components: an error rate 

that is derived using validation data and a regularization factor to prevent overfitting the model. A 

scalable end-to-end tree-boosting technique is called XG Boost [68]. 

Due to the cost function's disregard for samples whose prediction is close to its target, the 

support vector regression model can only be created using a portion of the training data. SVR, 

NuSVR, and LinearSVR are three distinct ways to implement support vector regression. In this paper, 

for support vector regression, a linear kernel is used. 

The following methods are performed in modeling a machine learning model, i.e., Random 

Forest regression, Support vector regression, and XG Boost regression. 

1. Importing Python libraries and loading our data set into a data frame 

2. Splitting our data set into a training set and a test set 

3. Creating a Random Forest regression, SVR, and XGBR model and fitting it to the training data 

4. Visualizing the Random Forest regression, SVR, and XGBR results. 

4.5. Sensitivity analysis  

Sensitivity analysis was used to assess the effects of different blasting parameters on 

fragmentation by determining how different parameters affected the way rocks broke apart [69]. To 

solve this issue, the Shapley effects were recently developed. They divide the mutual contribution of 

a group of inputs (owing to correlation and interaction) among all of the inputs in the group [70]. 

Permutation importance and shapely values are used as feature importance measures to identify the 

sensitivity analysis in this work. 

The Shapley value is a tool used in machine learning for data valuation, ensemble pruning, 

multi-agent reinforcement learning, explainability, and feature selection [71]. [72] stated that the 

Shapley value has been used as the foundation for many techniques that link a machine-learning 

model's predictions on input to its underlying features. A model-independent global explanation 

technique that sheds light on a machine learning model's behaviour is feature permutation 
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importance. Depending on how each feature affects the predictions made by the machine learning 

model that has been trained, it calculates and ranks the relevance of each feature. 

3. Results and Discussion  

Model 

Using the correlation plot shown in Figure 2, we have seen the relationship between different 

input parameters and the output parameter, which is fragmentation. Some of the input features (drill 

diameter, average bench height, compressive strength, stemming, and charge per delay) showed a 

weak correlation with rock fragmentation. To reduce model complexity, we eliminated those weakly 

correlated parameters are eliminated in all models we trained. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 6. Input parameters and models used for predicting fragmentation. 

Mean absolute error (MAE), mean absolute percentage error (MAPE), mean square error (MSE), 

root mean square error (RMSE), and determination coefficient (R2) is used to compare the 

performance of the machine learning analysis and ANN approach models. 

1, Results of Random Forest Regression (RFR) 

� Model parameters: estimators = 10 

 

Figure 7. Performance model of Random Forest Regression (RFR). 

The mean squared error values for training and test data are 12.37 and 9.89. Similarly, the R2 

value for both the training and test data is 94%. It means there is no issue of underfitting or overfitting 

with this model. It also means that random forest regression has the potential to perform well on this 

kind of data (from varied distributions).  

Input features 

Burden
Spacing 
No. of Holes 
Specific drilling 
Powder factor 

Predictor model 
SVR 
RFR 

XG Boost 
ANN 

     Fragmentation 

      Out put 
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The mean squared error values for training and test data are 12.37 and 9.89. Similarly, the R2 

value for both the training and test data is 94%. It means there is no issue of underfitting or overfitting 

with this model. It also means that random forest regression has the potential to perform well on this 

kind of data (from varied distributions). 

 

Figure 8. Feature importance of the Random Forest Regression (RFR) model. 

According to the feature importance figure from the random forest regression model, the 

powder factor is the most important feature and the burden is the least important feature in the 

determination of rock fragmentation. All other features are not as significant as the powder factor 

and have a score of 0.8 less on the feature importance scale. 

2, Results of Support Vector Regression (SVR) 

 

Figure 9. Performance model of Support vector regression (SVR). 

The above figure shows the mean squared error values for both training and test data are 0.339 

and 0.124, respectively, which seem small because of data scaling. Similarly, the R2 values for both 

the training and test data are 66% and 87%, respectively. With this model, there is an issue with over- 

and under-fitting. Because the variability of training data is low, this model was unable to investigate 

the variance between input features and output features. Also, it is showing that support vector 

regression has no potential to perform on this kind of data (from varied distributions). 
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Figure 10. Feature importance of the Support vector regression (SVR) model. 

According to the feature importance figure from the support vector regression model, the 

powder factor is the most important feature, but instead of being a burden, spacing is the least 

important feature in the determination of rock fragmentation. All other features are showing more 

significance as compared to what we have in the random forest regression model. This is happening 

because of the bad fit of the SVR on the dataset. 

3. Results of XG Boost Regression (XGBR) 

  

Figure 11. Performance model of XG Boost regression. 

The mean squared error values for both training and test data are 21.03 and 9.78, respectively, 

which is a little bit more than what we have in the RFR model. Similarly, the R2 values for both the 

training and test data are 91% and 94%, respectively. 

Since the difference between the two is significant, we are probably underfitting this model, i.e., 

not being able to study the variability of input variables with the output variable. 

It shows that XG boost regression has the potential to perform on this kind of data (from varied 

distributions), but we need more data for better performance. 
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Figure 12. Feature importance of XG Boost regression model. 

features are showing more or less the same significance as compared to what we have in the 

random forest regression model. 

This is again happening because of the bad fit of the XG boost regression on the dataset.  

3. Results of Artificial neural network (ANN) 

Structure of the neural network 
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Figure 13. Structure of the neural network model developed. 

   

 

Figure 14. Performance model of ANN on training and test data . 

The mean squared error values for training and test data are 41.31 and 28.58, respectively. 

Similarly, the R² value for both training and test data is near 83%. It means that there is no issue of 

underfitting or overfitting with this model. The performance of the model can still be improved if we 

get more data, but it is also not giving any unrealistic figures, as we were getting in the case of the 

random forest regression model. 

It is showing that neural network has the greatest potential for performing on this kind of data 

(from varied distributions) if collected in large quantities. 

A. Feature Importance 
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Now, which of the explanatory variables is most relevant when predicting the fragmentation 

percentage? This is a very important question. This question is almost as old as the field of statistics 

itself. When it comes to linear models and other “white-box” approaches, the straightforward answer 

is given in traditional statistical books. What happens when the model is not as interpretable as a 

simple linear model? It is now not enough to look at the coefficients themselves. Instead, we make 

use of the computation power of our computers and calculate the so-called permutation importance. 

The intuition behind permutation importance is straightforward. The only requirement is to 

have fitted a model, either for regression or classification. If a feature is deemed unimportant by the 

model, we can shuffle it (rearrange the rows) with little effect on the model's performance. On the 

other hand, if the feature is relevant, shuffling its rows will negatively affect the prediction accuracy.  

 

Figure 15. Feature importance of ANN model. 

According to the feature importance of the neural network model (figure 15), the powder factor 

is the most important feature in the RFR, SVR, and XGBR models. The burden is the least important 

feature in the determination of rock fragmentation, as we were getting in the RFR model. Other 

features are showing more significance as compared to what we have in other models. 

B.  Residual plots 

 

Figure 16. Residual plots. 

There is nothing too strange, and the model is behaving as it should according to the terms of 

NN concepts. There are several points one can explore here, like: 

According to the histogram generated above, residuals are following a normal distribution with 

a mean of 0. It means the residuals satisfy the constant variance assumption for the unbiasedness of 
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ordinary least squares estimators (mean squared error) and show that selected features are optimal 

for the prediction of rock fragmentation. 

The second graph is a kernel density estimate (KDE) plot, which is a method for visualizing the 

distribution of actual and predicted values, analogous to a histogram. It is showing that the predicted 

values of rock fragmentation are in line with the actual values of the same. The range covered is 25 

to 100 for predicted values and 25 to 90 for corresponding actual values. The central tendency for 

both values is near 45 which depicts that model is giving the same statistical observations as the actual 

rock fragmentation value for the predicted rock fragmentation value. 

C. Partial dependence plots 

Permutation importance allowed us to find out which variables are most important in terms of 

predicting rock fragmentation. The next question comes naturally: What is the effect of such variables 

on the value of rock fragmentation? In the world of linear models, this question is answered by 

looking at the coefficients. In the black-box world, we look at the partial dependence plots (PDP). 

The underlying idea behind these plots is to marginalize the effect of one or two variables over 

the predicted values. When a neural network has several features and layers, it is really hard or even 

impossible to assess the impact of a single feature on the outcome by simply looking at the 

coefficients. Instead, the marginal effect is approximated by a Monte Carlo approach. We run 

predictions for a set of features and then average them out over the features for which we are 

interested in knowing their effects. 

From the following figures, we can draw some interesting conclusions: 

1, Higher values of spacing, burden, and specific drilling lead to higher values of rock 

fragmentation. 

2, The change in the number of holes has a negligible impact in the range of more than 40 holes. 

There are some cases (number of holes less than 40) where the relationship with rock fragmentation 

is positive. It means the effect of the number of holes on rock fragmentation stabilizes after a value of 

40. 

3, The powder factor has a decreasing effect on the value of rock fragmentation with its 

increasing value which was also confirmed earlier with a correlation plot. 
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Figure 17. Partial dependence plot. 

D, Shapely values 

Shapely values contribute to understanding the model in an analogous way to coefficients in a 

linear model. Given a prediction, how much of it is affected by the explanatory variables? What 

features contribute positively and negatively? 

The Shapley value is the average marginal contribution of a feature value over all possible 

combinations of the other features. They are useful for understanding the contributions of the 

features of the model when we produce a prediction. Shapely values answer "why" the prediction is 

different from the mean prediction. 

 

Figure 18. shapely values. 

Each row corresponds to a feature, the color represents the feature value (red high, blue low), 

and each dot corresponds to a training sample. 

From the combined Shapely plot values, we observe the following: 

1, Powder factor is the feature with the highest impact. We already found this out when 

calculating the permutation importance. Nevertheless, it is always a good idea to double-check our 

conclusions. The effect of specific drilling is reversed to the powder factor: higher specific drilling 

levels imply more rock fragmentation. 

2, Burden and spacing seem somewhat irrelevant because the least impact is there for these 

features than the value of powder factor. They may also be removed from the model. 
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5, Combined Support Vector Regression, Random Forest Regression, XG Boost Regression ANN 

results  

Table 6: combined Support Vector Regression, Random Forest Regression, XG Boost Regression, 

and ANN Accuracies result 

 
 

 

Figure 19. Importance figure of Combined Support Vector Regression, Random Forest Regression, 

XG Boost Regression ANN results. 

4. Conclusion 

In blasting operations, the basic concern is getting the optimum desired rock fragmentation. To 

achieve that, establishing a good predictive model is the key. A Python programming tool is used to 

pre-process the data and train the model. In this study, various ANNs and machine learning models 

are tested for predicting rock fragmentation in limestone mine blasting. A database with 219 datasets 

is used to train the ANN model and various machine learning models. The factors burden, spacing, 

number of holes, powder factor, and specific drilling are taken into account as model input 

parameters to anticipate output fragmentation to produce more accurate prediction models, i.e., the 

same independent and dependent variables are subjected to ANN, RFR, SVR, and XG boost 

regression analysis. Networks with designs of 64-32-16-1 have been discovered to be ideal for ANN 

modelling. Testing datasets are used to evaluate the effectiveness of the developed models. To 

compare anticipated outputs from ANN and machine learning models with actual outputs, the 

following metrics are calculated: MAE, MAPE, RMSE, R2, and MSE. It is discovered that the ANN 

model performs better than the support vector regression, XG Boost regression, and Random Forest 

regression models in terms of accuracy and general fitting on the dataset. From permutation 

importance and shapely values, it can be deduced that input features like powder factor and features 

like burden are the most and least effective parameters on the outputs, respectively. Finally, it is 

advised that more data can be obtained with prescribed input features to create a more complex 

model that can outperform the models proposed here in terms of data fitting for future research. 

Funding: This work is funded by the Deanship of Scientific Research, Taif University. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 June 2023                   doi:10.20944/preprints202306.0891.v1

https://doi.org/10.20944/preprints202306.0891.v1


 22 

 

Acknowledgments: The researchers would like to acknowledge the Deanship of Scientific Research, Taif 

University for funding this work  

Conflicts of Interest: The authors declare no conflict of interest.  

References 

1. A. Rustan, Mining and Rock Construction Technology Desk Reference. 2010. 

2. E. Ghasemi, M. Sari, and M. Ataei, “Development of an empirical model for predicting the effects of 

controllable blasting parameters on flyrock distance in surface mines,” Int. J. Rock Mech. Min. Sci., vol. 52, 

pp. 163–170, 2012, doi: 10.1016/j.ijrmms.2012.03.011. 

3. M. P. Roy, R. K. Paswan, M. D. Sarim, S. Kumar, R. R. Jha, and P. K. Singh, “Rock fragmentation by blasting 

-A review,” J. Mines, Met. Fuels, vol. 64, no. 9, pp. 424–431, 2016. 

4. M. Pierre, “Rock fragmentation and mining productivity,” Proceeding 23rd Annu. Conf. Explos. Blasting Tech., 

1997. 

5. A. . MacKenzie, “Cost of explosives—do you evaluate it properly,” Min. Congr. J., vol. 52, No. 5, pp. 32–41, 

1966. 

6. W. Kanchibotla, S.S. and Valery, “Mine to mill process integration and optimisation-benefits and 

challenges,” Annu. Conf. Explos. BLASTING Tech., vol. 36, pp. 7–10, 2010. 

7. P. Bergman, “Optimisation of Fragmentation and Comminution at Boliden Mineral , Aitik Operation,” p. 

79, 2005. 

8. B. Božić, “Control of fragmentation by blasting,” Rud. Geol. Naft. Zb., vol. 10, no. 10, pp. 49–57, 1998. 

9. S. Gheibie, H. Aghababaei, S. H. Hoseinie, and Y. Pourrahimian, “Modified Kuz-Ram fragmentation model 

and its use at the Sungun Copper Mine,” Int. J. Rock Mech. Min. Sci., vol. 46, no. 6, pp. 967–973, 2009, doi: 

10.1016/j.ijrmms.2009.05.003. 

10. C. V. B. Cunningham, “The Kuz-Ram fragmentation model – 20 years on,” Bright. Conf. Proc., no. 4, pp. 

201–210, 2005, doi: 10.1107/S2053273315024699. 

11. M. A. Morin and F. Ficarazzo, “Monte Carlo simulation as a tool to predict blasting fragmentation based 

on the Kuz-Ram model,” Comput. Geosci., vol. 32, no. 3, pp. 352–359, 2006, doi: 10.1016/j.cageo.2005.06.022. 

12. J. M. Adebola and P. E. O, “Rock Fragmentation Prediction using Kuz-Ram Model,” J. Environ. Earth Sci., 

vol. 6, no. January, pp. 110–115, 2018. 

13. V. M. Kuznetsov, “The mean diameter of the fragments formed by blasting rock,” Sov. Min. Sci., vol. 9, no. 

2, pp. 144–148, 1973, doi: 10.1007/BF02506177. 

14. O. P. Kanchibotla S.S., Morrell S., Valery W., S. S. Kanchibotla, S. Morrell, W. Valery, and P. O. Loughlin, 

“Exploring the Effect of Blast Design on SAG Mill Throughput at KCGM,” Explor. Eff. blast Des. sag mill 

throughput KCGM, Proc, no. February 2015, pp. 1–16, 1999. 

15. I. Enayatollahi, A. A. Bazzazi, and A. Asadi, “Comparison Between Neural Networks and Multiple 

Regression Analysis to Predict Rock Fragmentation in Open-Pit Mines,” pp. 799–807, 2014, doi: 

10.1007/s00603-013-0415-6. 

16. [16]   I. N. Da Silva, D. H. Spatti, R. A. Flauzino, L. H. B. Liboni, and S. F. dos Reis Alves, “Artificial neural 

networks: A practical course,” in Artificial Neural Networks: A Practical Course, 2016, pp. 1–307. 

17. R.C. Eberhart and R.W. Dobbins, “Early Neural Network Development History :,” no. September, 1990. 

18. K. Mehrotra, K. M. Chilukuri, and S. Ranka, “Elements of Artificial Neural Networks (Complex Adaptive 

Systems),” p. 400, 1996. 

19. C. L. Jimeno, P. Epm, and E. L. Jimeno, DRILLING AND BLASTING OF ROCKS. 1995. 

20. L. Changyou, Y. Jingxuan, and Y. Bin, “Rock-breaking mechanism and experimental analysis of confined 

blasting of borehole surrounding rock,” Int. J. Min. Sci. Technol., vol. 27, no. 5, pp. 795–801, 2017, doi: 

10.1016/j.ijmst.2017.07.016. 

21. D. Johansson and F. Ouchterlony, “Shock wave interactions in rock blasting: The use of short delays to 

improve fragmentation in model-scale,” Rock Mech. Rock Eng., vol. 46, no. 1, pp. 1–18, 2013, doi: 

10.1007/s00603-012-0249-7. 

22. D. . Blair, “Limitations of electronic delays for the controlof blast vibration and fragmentation-google 

scholar,” Proc. 9th Int. Symp. rock Fragm. by blasting, p. 171, 2009. 

23. D. Zou, Theory and technology of rock excavation for civil engineering. Springer;Metallurgical Industry Press, 

2016. 

24. P. H. S. W. Kulatilake, W. Qiong, T. Hudaverdi, and C. Kuzu, “Mean particle size prediction in rock blast 

fragmentation using neural networks,” Eng. Geol., vol. 114, no. 3–4, pp. 298–311, 2010, doi: 

10.1016/j.enggeo.2010.05.008. 

25. D. Thornton, S. S. Kanchibotla, and I. Brunton, “Modelling the impact of rockmass and blast design 

variation on blast fragmentation,” Fragblast, vol. 6, no. 2, pp. 169–188, 2002, doi: 10.1076/frag.6.2.169.8663. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 June 2023                   doi:10.20944/preprints202306.0891.v1

https://doi.org/10.20944/preprints202306.0891.v1


 23 

 

26. Z. X. Zhang, D. F. Hou, Z. Guo, and Z. He, “Laboratory experiment of stemming impact on rock 

fragmentation by a high explosive,” Tunn. Undergr. Sp. Technol., vol. 97, no. May 2019, p. 103257, 2020, doi: 

10.1016/j.tust.2019.103257. 

27. S. Michaux and N. Djordjevic, “Influence of explosive energy on the strength of the rock fragments and 

SAG mill throughput,” Miner. Eng., vol. 18, no. 4, pp. 439–448, 2005, doi: 10.1016/j.mineng.2004.07.003. 

28. A. Siamaki, “Advanced Analytics for Drilling and Blasting,” Adv. Anal. Min. Eng., pp. 323–343, 2022, doi: 

10.1007/978-3-030-91589-6_11. 

29. William Hustrulid, “Blasting Principles For Open Pit Mining (Volume 1).pdf.” 1999. 

30. T. N. Hagan, “The effect of rock properties on the design and results of tunnel Technology, blasts.,” J. Rock 

Mech. Tunn., 1995. 

31. A. K. Chakraborty et al., “Parametric study to develop guidelines for blast fragmentation improvement in 

jointed and massive formations,” Eng. Geol., vol. 73, no. 1–2, pp. 105–116, 2004, doi: 

10.1016/j.enggeo.2003.12.003. 

32. K. Farahmand, I. Vazaios, M. S. Diederichs, and N. Vlachopoulos, “Investigating the scale-dependency of 

the geometrical and mechanical properties of a moderately jointed rock using a synthetic rock mass (SRM) 

approach,” Comput. Geotech., vol. 95, pp. 162–179, Mar. 2018, doi: 10.1016/J.COMPGEO.2017.10.002. 

33. S. Bhandari, “Engineering rock blasting operations.” p. 388, 1997. 

34. S. Esen and H. and Bilgin, “EFFECT OF EXPLOSIVE ON FRAGMENTATION S. ESEN & H.A. B LG N 

Department of Mining Engineering, Middle East Technical University, Ankara, Turkey,” 2000. 

35. A. . Mackenzie, “Optimum blasting,” Proc. 28th Annu. minnesota Min. Symp., p. 181, 1967. 

36. I. . Engin, “A practical method of bench blasting design for desired fragmentation based on digital image 

processing technique and Kuz–Ram model,” Proc. 9th Int. Symp. Rock Fragm. by Blasting, pp. 257–263, 2009. 

37. S. Haykin, Neural networks and learning, vol. 127. 1994. 

38. Y. Yang and Q. Zhang, “A hierarchical analysis for rock engineering using artificial neural networks,” Rock 

Mech. Rock Eng., vol. 30, no. 4, pp. 207–222, 1997, doi: 10.1007/BF01045717. 

39. G. Paneiro and M. Rafael, “Artificial neural network with a cross-validation approach to blast-induced 

ground vibration propagation modeling,” Undergr. Sp., 2020, doi: 10.1016/j.undsp.2020.03.002. 

40. M. Monjezi, A. Mehrdanesh, A. Malek, and M. Khandelwal, “Evaluation of effect of blast design parameters 

on flyrock using artificial neural networks,” Neural Comput. Appl., vol. 23, no. 2, pp. 349–356, 2013, doi: 

10.1007/s00521-012-0917-2. 

41. A. Y. Al-Bakri and M. Sazid, “Application of Artificial Neural Network (ANN) for Prediction and 

Optimization of Blast-Induced Impacts,” Mining, vol. 1, no. 3, pp. 315–334, 2021, doi: 

10.3390/mining1030020. 

42. M. Monjezi, Z. Ahmadi, A. Y. Varjani, and M. Khandelwal, “Backbreak prediction in the Chadormalu iron 

mine using artificial neural network,” Neural Comput. Appl., vol. 23, no. 3–4, pp. 1101–1107, 2013, doi: 

10.1007/s00521-012-1038-7. 

43. A. Sayadi, M. Monjezi, N. Talebi, and M. Khandelwal, “A comparative study on the application of various 

artificial neural networks to simultaneous prediction of rock fragmentation and backbreak,” J. Rock Mech. 

Geotech. Eng., vol. 5, no. 4, pp. 318–324, 2013, doi: 10.1016/j.jrmge.2013.05.007. 

44. G. Cybenko, “Approximation by superpositions of a sigmoidal function,” Math. Control. Signals, Syst., vol. 

2, no. 4, pp. 303–314, Dec. 1989, doi: 10.1007/BF02551274. 

45. M. Monjezi, M. Rezaei, and A. Yazdian Varjani, “Prediction of rock fragmentation due to blasting in Gol-

E-Gohar iron mine using fuzzy logic,” Int. J. Rock Mech. Min. Sci., vol. 46, no. 8, pp. 1273–1280, 2009, doi: 

10.1016/j.ijrmms.2009.05.005. 

46. A. Bahrami, M. Monjezi, K. Goshtasbi, and A. Ghazvinian, “Prediction of rock fragmentation due to 

blasting using artificial neural network,” Eng. Comput., vol. 27, no. 2, pp. 177–181, 2011, doi: 10.1007/s00366-

010-0187-5. 

47. C. Hair, J.F., Anderson, R.E., Tatham, R.L. and William, “Multivariate Data Analysis,” 1998. . 

48. I. Enayatollahi, A. Aghajani Bazzazi, and A. Asadi, “Comparison between neural networks and multiple 

regression analysis to predict rock fragmentation in open-pit mines,” Rock Mech. Rock Eng., vol. 47, no. 2, 

pp. 799–807, 2014, doi: 10.1007/s00603-013-0415-6. 

49. H. . Azeez, O.S., Pradhan, B. and Shafri, “Vehicular CO emission prediction using support vector regression 

model and GIS,” Sustainability, p. 3434, 2018, doi: 10.3390/su10103434. 

50. A. . Dubey, “Gold price prediction using support vector regression and ANFIS models,” Int. Conf. Comput. 

Commun. Informatics, pp. 1–6, 2016, doi: 10.1109/ICCCI.2016.7479929. 

51. H. Yang, H. Nikafshan Rad, M. Hasanipanah, H. Bakhshandeh Amnieh, and A. Nekouie, “Prediction of 

Vibration Velocity Generated in Mine Blasting Using Support Vector Regression Improved by 

Optimization Algorithms,” Nat. Resour. Res., vol. 29, no. 2, pp. 807–830, Nov. 2020, doi: 10.1007/S11053-019-

09597-Z. 

52. G. Iannace, G. Ciaburro, and A. Trematerra, “Wind Turbine Noise Prediction Using Random Forest 

Regression,” Machines, vol. 7, no. 4, p. 69, Nov. 2019, doi: 10.3390/MACHINES7040069. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 June 2023                   doi:10.20944/preprints202306.0891.v1

https://doi.org/10.20944/preprints202306.0891.v1


 24 

 

53. W. Zhang, C. Wu, Y. Li, L. Wang, and P. Samui, “Assessment of pile drivability using random forest 

regression and multivariate adaptive regression splines,” Assess. Manag. Risk Eng. Syst. Geohazards, vol. 15, 

no. 1, pp. 27–40, 2021, doi: 10.1080/17499518.2019.1674340. 

54. S. Kumar, A. K. Mishra, and B. S. Choudhary, “Prediction of back break in blasting using random decision 

trees,” Eng. Comput., vol. 38, no. s2, pp. 1185–1191, 2022, doi: 10.1007/s00366-020-01280-9. 

55. Y. Qiu, J. Zhou, M. Khandelwal, H. Yang, P. Yang, and C. Li, “Performance evaluation of hybrid WOA-

XGBoost, GWO-XGBoost and BO-XGBoost models to predict blast-induced ground vibration,” Eng. 

Comput., pp. 1–18, Apr. 2021, doi: 10.1007/S00366-021-01393-9. 

56. N. Sri Chandrahas, B. S. Choudhary, M. Vishnu Teja, M. S. Venkataramayya, and N. S. R. Krishna Prasad, 

“XG Boost Algorithm to Simultaneous Prediction of Rock Fragmentation and Induced Ground Vibration 

Using Unique Blast Data,” Appl. Sci., vol. 12, no. 10, 2022, doi: 10.3390/app12105269. 

57. A. Shehadeh, O. Alshboul, R. E. Al Mamlook, and O. Hamedat, “Machine learning models for predicting 

the residual value of heavy construction equipment: An evaluation of modified decision tree, LightGBM, 

and XGBoost regression,” Autom. Constr., vol. 129, p. 103827, Sep. 2021, doi: 

10.1016/J.AUTCON.2021.103827. 

58. V. N. Vapnik, Statistical learning theory. Springer London, 2013. 

59. V. Cherkassky and Y. Ma, “Practical selection of SVM parameters and Noise Estimation for SVM 

regression,” Neural Networks, vol. 17, no. 1, pp. 113–126, 2004, [Online]. Available: 

http://people.ece.umn.edu/users/cherkass/N2002-SI-SVM-13-whole.pdf. 

60. N. C. J Shawe-Taylor, Kernel methods for pattern analysis. Cambrige university press, 2004. 

61. J. Zhou et al., “Random forests and cubist algorithms for predicting shear strengths of rockfill materials,” 

Appl. Sci. 9(8), p. 1621, 2019, doi: 10.3390/app9081621. 

62. K. Fawagreh, M. Gaber, E. E.-S. S. & Control, and undefined 2014, “Random forests: from early 

developments to recent advancements,” Taylor Fr., vol. 2, no. 1, pp. 602–609, 2014, doi: 

10.1080/21642583.2014.956265 

63. A. Cutler, D. Cutler, J. S.-E. machine learning, and  undefined 2012, “Random forests,” Springer, pp. 157–

175, 2012, doi: 10.1007/978-1-4419-9326-7_5. 

64. L. Breiman, “Random forests,” Mach. Learn., vol. 45, no. 1, pp. 5–32, Oct. 2001, doi: 

10.1023/A:1010933404324. 

65. L. XinHai, “Using ‘random forest’ for classification and regression.,” Chinese J. Appl. Entomol., vol. 50, no. 

4, pp. 1190–1197, 2013. 

66. T. Hastie, R. Tibshirani, and J. Friedman, “Random Forests -In The elements of statistical learning,” 

Springer, pp. 587–604, 2009, doi: 10.1007/978-0-387-84858-7_15. 

67. Lebanon, G. and Lafferty, J., “Boosting and maximum likelihood for exponential models,” Adv. Neural Inf. 

Process. Syst., p. 14, 2001, Accessed: Nov. 10, 2022. [Online]. Available: 

https://proceedings.neurips.cc/paper/2001/hash/71e09b16e21f7b6919bbfc43f6a5b2f0-Abstract.html. 

68. Chen, T. and Guestrin, C., “Xgboost: A scalable tree boosting system,” Proc. 22nd acm sigkdd Int. Conf. Knowl. 

Discov. data Min., vol. 13-17-Augu, pp. 785–794, Aug. 2016, doi: 10.1145/2939672.2939785. 

69. Z. Yu, X. Shi, J. Zhou, X. Chen, and X. Qiu, “Effective assessment of blast-induced ground vibration using 

an optimized random forest model based on a harris hawks optimization algorithm,” Appl. Sci., vol. 10, no. 

4, 2020, doi: 10.3390/app10041403. 

70. C. P. I. B Iooss, “Shapley effects for sensitivity analysis with correlated inputs: comparisons with 

Sobol’indices, numerical estimation and applications,” Int. J. Uncertain. Quantif., vol. 9, p. 5, 2019. 

71. B. Rozemberczki et al., “The Shapley Value in Machine Learning,” Arxiv Prepr. Arxiv, 2022. 

72. A. Sundararajan, M. Najmi, “The many Shapley values for model explanation,” Int. Conf. Mach. Learn., pp. 

9269–9278, 2020. 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those 

of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) 

disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or 

products referred to in the content. 

 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 13 June 2023                   doi:10.20944/preprints202306.0891.v1

https://doi.org/10.20944/preprints202306.0891.v1

