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Ground vibration is an inherent hazard of rock blasting and can impair the safety of lives and properties. Therefore, accurate prediction of
vibration is imperative. Vibration is commonly evaluated using scaled distance without considering blast geometry. This study investigated
the influence of blast geometry on the prediction of blast-induced vibration by using datasets from two quarries. Blast geometry was
incorporated into the traditional scaled distance model to predict peak particle velocity (PPV). PPV was predicted by performing regression
analyses using scaled distance and blast geometry as independent variables. Furthermore, the evaluated trend, sensitivity, and associated errors
compared the predicted PPV with the measured PPV. The blast geometry modified approach in a nonlinear multiple regression model ranked
best with an overall average grading of 90% and 92% on Excel Solver and SPSS iterations, respectively. Scaled distance is still the most potent
factor in predicting blast vibration but yields lower accuracy when used without blast geometry. The cumulative performance of the
investigated parameters using a neural network shows an excellent relationship between the predicted and measured peak particle velocities
with a correlation coefficient of 0.93. Therefore, the traditional scaled distance should be complemented with blast geometry for better

accuracy.
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1. Introduction

Blasting is the most common and cheapest rock excavation technique
in mining and civil engineering practices. However, using explosives for
rock blasting is associated with many human, structural, and
environmental hazards [1, 2] because explosive energy is not one
hundred percent efficient. Only 5 to 20% of the total explosive energy
released during blasting is effectively used to achieve rock
fragmentation [3, 4]. The effective energy used for rock breakage is in
the form of shock and gas energy. The remaining surplus energy in the
form of seismic, heat, light, and sound [5] causes various environmental
and structural discomforts [1, 6]. This waste energy gives rise to ground
vibrations, air overpressure (noise), and flyrock. Additionally,
backbreak, overbreak, blast fumes, and changes in the natural profile of
the ground are also part of the destructive effects of unexploited energy.
These adverse effects of blasting are unavoidable and cannot be
eliminated but can be mitigated to permissible levels to avoid human
and environmental discomforts. Therefore, adequate control measures
are necessary to minimize the potential danger of blast disturbances
resulting from unutilized explosives.

Among the negative impacts of rock excavation by blasting,
practicing engineers and government regulatory authorities give
topmost priority to ground vibration. Therefore, accurate prediction and
evaluation are vital to minimize its potential risk. The peak particle
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velocity (PPV) is the most reliable predictor for ground vibrations
caused by blasting [7]. PPV has always been the basis of regulation and
an essential indicator for evaluating ground vibrations since it can easily
be estimated [8]. The most typical approach for quantifying blast-
induced vibration using the concept of PPV has been the use of scaled
distance (SD) as a predictor variable. Peak particle velocity generally
increases with the maximum charge per delay. However, the work of
Blair [9] studied the relationship between vibration waves from a single
blasthole and that of a full-scale blast and observed that the traditional
scaled distance approach to predict the peak velocity is associated with
some problems. It was stated that vibration amplitudes could be reduced
by applying suitable delays between blastholes without necessarily
reducing charge weights. Previous researchers have proved that
simulations can also be sued to improve the prediction of blast-induced
ground vibration in rocks [10, 11] and concrete-like structures [12].
Therefore, safety and sustainability can be enhanced if alternate
methods other than the traditional scaled distance approach are used to
predict and simulate vibration [11].

Blair [9] analyzed large sets of vibration data from both underground
and surface blasts and found that the PPV measured in underground
blasting does not only depend on the charge weight. The works of
various other researchers have equally proved that several other factors
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affect blast-induced vibration besides scaled distance and site constants
[8, 13-16]. Dinlarloo [16] predicted blast vibration using the support
vector machine in a large surface mine and observed that the burden is
a significant factor in estimating peak particle velocity in production
blasting. Faradonbeh and Monjezi [17] predicted vibration in an iron
ore mine using gene expression programming (GEP). They observed
that stemming and hole diameter significantly influence blast-induced
ground vibration. Various studies have proved that incorporating other
blast design parameters can enhance the traditional method of
predicting peak particle velocity in mines and quarries [8, 18—24]. Thus,
blast performance indicators can adequately predict blast loading,
safety, and damage.

From the preceding, the prediction of blast-induced ground vibration
using only the scaled distance approach is too conservative and may lead
to difficulties in operating a quarry or mine efficiently and safely [25].
However, the scaled distance approach to vibration prediction is still
very reliable but needs to be complemented for higher and better
accuracy. This study examines the influence of blast geometry on blast-
induced vibration in two granite aggregate quarries in Bukit Mertajam,
Penang, Malaysia. The traditional scaled distance was complemented
with a new concept of blast geometry (dimensions) to predict peak
particle velocity.

2. Brief Description of Blast Geometry

Blast geometry is the configuration of a blast design defined by the
burden (B), spacing (S), stemming length (SL), bench height (BH),
charged length (LT), hole diameter (D), and subdrill (SD). The burden
is the shortest perpendicular distance from the center of the blasthole to
the available nearest free space. The burden is technically the distance
between two rows of blastholes. The distance between adjacent
blastholes within a row is called spacing.

Stemming length is the upper portion of the blasthole filled with inert
materials such as drill cuttings and gravel to prevent gas venting. The
vertical distance between the floor of a bench and its top level is called
bench height. The blast hole diameter is defined and dictated by the bit
diameter. Charged length (LT) is a summation of the column charge
length and the stemming length. The stiffness ratio is the ratio of bench
height to burden. Figure 1 defines blast geometry in a production bench
blasting.

Burden (B)
o] o o o-¥
Oﬁi

Spacing (8)

Blast Direction  (————

Crest

Stemming (SL)

Hole depth (L)

Bench height (BH)

Column charge

Bottom charge

¥ v
iy
L Hole diameter (D)

Sub drill (SD)

-

Burden (B)

Figure 1. Illustration of blast geometry.

3. Importance of Blast Geometry Parameters and their Ratios

The most critical and essential dimension in blasting is the burden,
and the choice of a burden will affect the entire blast performance [26].
The burden ratio can help determine the most appropriate burden
compared to the hole or explosive diameter [27]. Too small or too big a
burden will affect the blast performance negatively [26].
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Previous investigations about the mechanism of rock fragmentation

have observed that the most significant ratio in rock blasting is the
spacing to burden (S:D). The term “stiffness ratio” (BH : B) equals the
bench height divided by the Burden. The stiffness ratio must be chosen
to conform with the hole diameter (D) for the best blast performance.
Konya [28] recommended that the stiffness ratio should be between 2
and 4. It was argued that too much stiffness ratio could cause excessive
vibration and flyrock. For effective blast results, the burden and the
depth of the drillhole must be reasonably compatible. Generally, the
drillhole depth-to-burden ratio should be between 1.4 and 4.0 [29]. A
hole depth smaller than 1.5 times the burden causes excessive vibration,
air blast, flyrocks, and uneven fragmentation [29].
The stemming length is commonly evaluated relative to the hole depth
and diameter. Stemming effectively utilizes explosive energy and allows
the distribution of the energy in the blast hole [30]. Inappropriate
stemming can lead to early escape of detonation gasses in advance and
result in waste of explosive energy, poor fragmentation, and various
environmental problems, such as ground vibration, flyrock, airblast,
backbreak, overbreak, etc. [31].

Key geometric ratios in blasting that control blast outcomes and
vibration are:

Burden (B) to Spacing (S): The relationship between these two
parameters (the S/B ratio) is critical for efficient fragmentation and
controlling the maximum charge per delay. A well-designed S/B ratio
ensures uniform rock breakage, reducing the need for excessive charge,
which in turn minimizes vibration [30, 32].

Stemming Length (SL) to Burden (B): This ratio is essential for
confinement, directly controlling the effective energy applied to the
rock and limiting the immediate-source contribution to ground
vibration [30].

Bench Height (BH) to Burden (B): This ratio, known as the Burden
Stiffness Ratio (typically 2 to 4 for good fragmentation), relates the
bench's structural scale to the burden. An appropriate stiffness ratio is
generally a measure of blast quality and efficiency, , which, in turn,
indirectly affects the required charge and, thus, vibration [29].

Burden (B) to Hole Diameter (D): The (B/D) ratio primarily
determines the degree of rock confinement relative to the size of the
explosive column. A larger hole diameter allows for a larger charge,
requiring a correspondingly larger burden to contain the explosive force
effectively. This ensures that the explosive energy is used for breaking
the rock mass rather than escaping too easily. An optimal range
(typically 25-35) balances efficient rock fragmentation while
minimizing the maximum charge needed, thus controlling blasting
vibration (PPV) [26].

Charge Length (L) to Hole Diameter Ratio (D): The L/D ratio
represents the geometry of charge distribution. It affects the frequency
and amplitude of ground vibrations. Long charge columns (high L/D)
tend to produce low-frequency vibrations capable of travelling longer
distances with minimal attenuation [33]. Decoupled charges, where the
charge diameter is smaller than the borehole diameter, significantly
reduce PPV due to reduced coupling efficiency. Proper selection of
charge geometry contributes to improved fragmentation and reduced
vibration levels [34].

From the above discussions on the importance of the blast
dimensions and their ratios, one can infer that some of the most vital
proportions of blast geometry in rock blasting using explosives are S : B,
B:D, BH : B, and LT : SL. Thus, the influence of these ratios on blast-
induced ground vibration was investigated in this study.

4. Effects of Blast Geometry on Vibration

The effect of blast geometry on vibration attenuation has been least
understood and therefore deserves attention. The charge diameter of
bulk explosives is nominally equal to the diameter of blastholes.
Adequate consideration has not been given to the effects of hole
diameter because mining or construction companies rarely change their
drill bits. Usually, only one type of drill bit is sufficient for a company.
Drill bits are typically chosen to maximize productivity without the
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interest of changing the hole diameter. The velocity of detonation
(VOD) increases with the blast hole diameter [35]. Smaller blastholes
can reduce the performance of explosives to the point of critical
diameter where the explosives may fail to detonate [36]. Blast holes of
larger diameters tend to cause more vibration than smaller ones.

Peak particle velocity significantly depends on charge diameter and
not solely charge weight because the charge density is a function of hole
diameter [8, 9, 37, 38]. An increase in hole diameter allows explosives to
detonate at a higher velocity. This increased velocity leads to higher
explosive energy and, consequently, a higher vibration level. A reduction
in the drill hole diameter without a proportionate change in burden and
spacing lowers the powder factor and yields low vibration but coarser
fragmentation [39].

Vibrations in longer blastholes produce higher peak particle velocities
at lower frequencies than in short holes since vibration amplitudes are
very sensitive to the volume of shock waves [8, 91. The volume of the
shock wave depends on the diameter and depth of the blasthole.

Blasting occurs within the rock mass and does not reach the surface.
The inside of a rock mass exhibits different failures with varying
distances of burden. Uysal et al. [40] studied blast vibrations for
different widths of burdens ranging from 3 to 14 m. They affirmed that
burden width significantly impacts vibrations, and that insufficient
burden will lead to higher vibration levels by creating more waste energy
due to the large volume of venting gasses. Accordingly, vibration
increases as the burden decreases [24, 41].

Hole depth is usually altered based on blasting conditions. In a
relatively large hole depth, most of the explosive energy is dissipated
within the rock mass, causing little vibration. In a relatively small hole
depth, a large proportion of explosive energy causes higher vibration,
over breaks, and flyrock. Therefore, hole depth has an optimal range
based on its effect on blast-induced ground vibration.

Stemming is an area with no column charge and significantly impacts
vibration. An area with no explosive implies that vibration would
ordinarily be meager in this region. Disproportionately smaller
stemming columns to hole diameter usually cause vibration [13],
airblast, flyrock, and overbreaks. Some researchers [39, 42] believed that
a long stemming length is the best for a highly weathered rock with
several joint sets. For competent massive rock, the stemming column is
mostly kept short. The general trend is that the peak particle velocity
increases with an inappropriate ratio of stemming length to burden.

Various investigations have shown that PPV varies with stemming,
hole depth, and spacing in different and ambiguous ways. The common
conclusion is that the PPV is maximum if the hole depth, stemming
length, and spacing are below specific critical values [8,17, 43, 44]. Thus,
inadequate depth, stemming, and spacing can result in unnecessary
higher vibrations.

5. Materials and Methods

Datasets were obtained from two granite aggregate quarries and
randomly classified into regression and testing data. Regression analyses
were carried out using multiple linear regression and the traditional
USBM (US Bureau of Mines) model. The usual USBM model was
evaluated with the recommended and specifically calculated site
constants. Ratios of some blast geometry parameters were further used
to modify the traditional USBM model in a nonlinear multiple
regression format. The attenuation constants of the newly revised
nonlinear USBM model were evaluated using the Excel Solver’s
generalized reduced gradient (GRG) algorithm and the Levenberg-
Marquardt algorithm of SPSS. The Predicted PPVs were compared with
measured PPVs using statistical error and sensitivity analyses. The tested
models were then graded based on the error analyses. Additionally, the
importance of the regression parameters was evaluated using the
multilayer perceptron algorithm of the neural network.

5.1 Description of the Study Quarries

FYS and Kuad quarries are located in Berapit and Penanti,
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respectively, within the metropolis of Bukit Mertajam in Sebarang Perai
Tengah District, Peninsula Malaysia. Figure 2 shows the location of the
study sites. The top left of Figure 2 shows the state of Pulau Pinang in
Peninsula Malaysia, while the down left shows the Seberang Perai
Tengah District in Pulau Pinang. The larger right side shows the location
of the study quarries in Seberang Perai District and the most popular
bust stop in Bukit Mertajam (The Summit Hotel).

Berapit has a longitude of 100°28°51.69” E and a latitude of 05°23°9.16”
N. The closest residential area is about 334 m away from the FYS quarry.
Penanti is of longitude 100°28°59.99” E and latitude 05°23°59.99” N. Kuad
quarry is about 655 m from the closets residential area. The two quarries
produce granite aggregates for the construction industry in Malaysia.

Bukit Mertajam is the administrative headquarters of Seberang Perai
in Penang, Malaysia. It is located close to Mertajam Hill and encircled
by flat alluvial plains [45]. Bukit Mertajam borders Permatang Pauh to
the north, Permatang Tinggi and Alma to the south, Mengkuang Titi to
the east, and Bukit Tengah to the west.

The Bukit Mertajam Kulim (BMK) granite is a lonely body positioned
within northwest Peninsular Malaysia. The granite lies west of the
Bintang batholith and forms part of the Western Belt granite of
Peninsular Malaysia. The Penang granite lies west of BMK granite,
which makes up the entire Penang Island [46]. The BMK granite
comprises three core units, the Mertajam, the Bongsu, and the Panchor
granites, which were deposited reasonably short time between 180 to
224 Ma. All three units contain fine to coarse-grained porphyritic rocks
[46].

5.2. Description of the Research Data

Sixty-seven (67) blast data from the two studied quarries were used
to study the effects of blast geometry on vibration. Of these datasets,
thirty-six (36) were from the FYS quarry, and thirty-one (31) were from
the Kuad quarry. The entire data were grouped randomly into two, the
regression data and the testing data. The regression data consists of 52
blast events, while testing data has 15 blast events. The data collected for
each blast event are the burden (B), spacing (S), stemming length (SL),
hole depth (L), charge length (LT), bench height (BH), hole diameter
(D), scaled distance (SD), and the peak particle velocity (PPV). Tables 1
and 2 describe the basic statistics of the regression and testing data,
respectively.

In this study, the PPV was taken as a dependent variable and was
predicted using SD and the ratios of blast geometry parameters (S:B,
B:D, BH:B, and LT:SL) as independent variables.

5.3. Multiple Linear Regression (MLR)

Multiple linear regression (MLR) establishes a linear relationship
between an output parameter (dependent variable) and two or more
input parameters (independent variables). The principle is centred on
minimizing the sum of squares of disparity between the output and
input parameters. The generalized form of multiple linear regression is
shown in Equation 1.

Y =B+ Xy + BoXo + BaXs + -+ PpXn + € (0))

where Y is the output parameter (dependent variable); X;, X5, X3, ...
X, are the inputs (independent variables); f;, B,, B3, ... By are the
coefficients of the input parameters; f3, is the intercept, and ¢ is the sum
of associated random errors.

Multiple linear regression is one of the most common approaches for
establishing relationships between variables in sciences, management,
and engineering. Multiple linear regression has been used by many [37,
47-491 to predict blast-induced vibration in mines and quarries. Hence,
the model was one of the tested approaches in this study. The peak
particle velocity was predicted from the scaled distance (SD) and ratios
of blast geometry parameters in accordance with Equation 2.

PPV =1+ (D) +a(3) +b(3) +c(5) +a(5) @

where [ is the intercept, and f3, a, b, ¢, and d are coefficients of the
independent variables.
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Figure 2. Location of the study quarries.
Table 1. Basic descriptive statistics of regression data.
Parameter Unit Symbol Category Min. Max. Mean Std.
Scaled distance m kg2 SD Independent 61.02 132.56 94.96 2240
Burden m Independent 244 396 298 047
Spacing m S Independent 3.05 4.88 404 0.81
Hole diameter m D Independent 0.089 0.089 0.089 0.00
Hole depth m L Independent 610 1311 11.36 193
Stemming length m SL Independent 244 3.66 294 0.52
Bench height m BH Independent 5.80 12.20 10.87 175
Charge length m LT Independent 244 10.67 842 234
Peak particle velocity mm/s PPV Dependent 0.50 243 122 0.47
Table 2. Basic descriptive statistics of testing data.
Parameter Unit Symbol Category Min. Max. Mean Std.
Scaled distance m kg2 SD Independent 68.98 130.63 95.24 1834
Burden m Independent 244 3.96 295 0.38
Spacing m N Independent 3.05 4.88 407 0.79
Hole diameter m D Independent 0.089 0.089 0.089 0.000
Hole depth m L Independent 610 1311 1132 212
Stemming length m SL Independent 244 3.66 3.01 057
Bench height m BH Independent 5.80 12.20 10.73 191
Charge length m LT Independent 244 10.67 835 261
Peak particle velocity mm/s PPV Dependent 062 173 118 035

5.4 USBM Predictor Using Recommended Site Constants (USBM RM)

Peak particle velocity has been consistently predicted using scaled
distance (SD) [50-54]. The most reliable relationship between blast

geometry and ground vibration relates particle velocity to scaled point (m).

distance. The square root scaled distance (SD) is defined as shown in

Equation 3:
R
SD =+

where:

W = The maximum instantaneous charge (MIC) (kg).
R = The radial distance from the detonation point to the observation

The maximum instantaneous charge is the maximum amount of

explosive detonated per delay. The peak particle velocity was predicted
3) using the scaled distance equation developed by the United State Bureau
of Mines (USBM) [55-571, as shown in Equation 4.
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PPV = k(SD)F = k (Jiw)ﬁ (4)

where:

PPV = Peak particle velocity (mm/s).

k, B = Site constants that are related to rock factors.

The Standards Association of Australia [58] recommended the values
of k and B as 1140 and -1.6, respectively, for the studied rock type having
a free face for rock displacement under normal confinement. These
recommended constants translate Equation 4 to Equation 5.

_ 16 _ R -1.6
PPV = 1140(SD)~'6 = 1140 (\/—W) 5)

5.5. USBM Predictor Using Evaluated Site Constants (USBM EV)

Researchers have argued that the attenuation constants used to
predict blast-induced vibration in the USBM model are site specifics
[59-61] and vary with the geological and strength characteristics of
formations. To this end, the site constants k and B of Equation 4 were
evaluated using the regression data. Taking the log of both sides,
Equation 4 transforms to 6.

log,o PPV = B X log,o SD + log,o k (6)

The values of log,y PPV was plotted against log,, SD to obtain the
constants k and S.

5.6. Nonlinear Multiple Regression Using Excel Solver (NMR SV)

Nonlinear multiple regression is the modelling of observational data
by a nonlinear combination function of two or more independent
variables (inputs) to predict one dependent variable (output). A process
of successive iterations fits the observational data. Any model that is not
linear in form can be described as nonlinear. Nonlinear regression fits
data to a specified model. Equation 7 represents the general form of a
nonlinear model.

Y=fX,B) +¢ (7)

where Y is the dependent variable (output), X is a vector of p
predictors, B is a vector of k parameters, f(-) is a known regression
function, and ¢ is an error term. The error term may or may not be
normally distributed.

The nonlinear model is very versatile due to its flexibility to fit various
curves. Nonlinear regression has been used to predict vibrations in
mining and civil engineering projects [17, 62]. The nonlinear regression
model may be quadratic, power, exponential, inverse, polynomial, or
logarithmic.

This study utilized a nonlinear function of the form displayed in
Equation (8) to evaluate the regression data using the Excel Solver by
the minimization method. The Excel Solver’s generalized reduced
gradient (GRG) nonlinear algorithm was adopted.

a g\b  reu\¢ _ im\4
pev = k(s0) x (5) x (5) x (5) *(5) ®

where k and B are the initial specific site constants evaluated from the
USBM prediction method; constants a, b, ¢, and d assumed initial values
of 0. The possible optimal values of k, B, a, b, ¢, and d were evaluated by
setting the sum of square errors of PPV predicted from Equation 8 as
the objective function and the initial values of k, B, a, b, ¢, and d as the
changing variables. The sum of square errors was calculated using
Equation 9.

()]

n (PPVmeas—PPVprgd)Z
=1 PPVmeas

where PPV,.q, is the measured value of PPV; PPV, is the
predicted value of PPV, and n is the number of regression data used.
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5.7. Nonlinear Multiple Regression Using SPSS (NMR SP)

Equation 8 was further solved using IBM SPSS Statistics software,
Campus Edition V240, owned by the Universiti Sains Malaysia,
Engineering Campus, Nibong Tebal, using the inbuilt Levenberg-
Marquardt algorithm. PPV was set as a dependent variable while SD,
S/B, B/D, BH/B and LT/SL are independent variables. The constants k,
B,a, b, c, and d were taken as parameters to be determined with the same
initial values as assigned in the Excel Solver solution.

5.8. Characteristics of the Regression Models

The five regression techniques used have inherent advantages and
disadvantages. Table 3 summarises each method’s characteristics,
advantages, and disadvantages.

5.9. Performance Indicators of the Models

The predicted values of PPV from the models were compared with
the actual measured values. A comparison was also made between the
predicted PPV and the measured PPV by evaluating their trend,
sensitivity, and associated errors. The determination coefficient (RSQ),
the variance accounted for (VAF), mean absolute percentage error
(MAPE), mean absolute error (MAE), and the root mean square error
(RMSE) were the indicators used to analyze the predicted PPV.

RSQ (determination coefficient) is the square of the Pearson product-
moment correlation coefficient through the given data points. It is called
R-squared or coefficient of determination. RSQ represents the
proportion of the dependent variable explained by the independent
variable(s). It measures the fitness level of observed data by a regression
model, and its value ranges from 0 to 1. A higher value of RSQ indicates
a better fit. RSQ was evaluated for each model by using Equation 10.

J— 2
Y 1(PPVprea—PPVmean)
T4 (PPVineas—PPVmean)?

RSQ = (10)

where nis the number of data; PPV, is the predicted value of PPV;
PPV, 0qn is the mean of the measured PPV values; and PPV, . is the
measured PPV.

VAF (variance accounted for) is used to measure the precision of a
model. It measures the correctness of a model by comparing the
measured value with the predicted value. The value of VAF is 100% if
the measured value is the same as the observed value [63]. If the two
values differ, the VAF is lower. The higher the VAF value, the higher the
precision of the predictive model [64]. Equation 11 was used to calculate
VAF for each model.

var(PPVieas—PPVpred)
var(PPVmeas)

VAF =[1- an
where var represents the variance.

MAPE (mean absolute percentage error) is a statistical measure of the
mean of the absolute percentage errors of predictions. It is the
summation of absolute percentage errors divided by the number of data
sets. Error is defined as the difference between the measured value and
the predicted value. The lower the value of MAPE, the better the
prediction model [65]. A MAPE value of 100% indicates that the model
does not represent the data set. Dindarloo (2015) used MAPE to analyze
predicted PPV values using the support vector machine, which was very
effective. Equation 12 defines MAPE.

PPVmeas_PPVpred
PPVineas

MAPE = -3, (12)

MAE (mean absolute error) is a loss function that evaluates the
performance of a regression model. MAE measures the absolute
differences between measured and predicted variables. It is basically the
arithmetic average of the absolute errors in a set of predictions, as
expressed in Equation 13. A higher value of MAE shows the poor quality
of the predictive model.

1
MAE =~ 31| PPVinoas = PPVprea| (13)
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Table 3. Characteristics, advantages, and disadvantages of the regression methods used.

Methods

Characteristics

Advantages

Disadvantages

Multiple Linear Regression (MLR)

Establishes a linear relationship
between a dependent variable and
two or more independent variables.

Unlimited number of independent
variables. Very easy to implement,
interpret and train.

Cannot fit complex datasets properly.
It performs poorly when relationships
are not truly linear.

USBM Predictor Using Recommended Site
Constants (USBM RM)

The universal recommended site
constants k and B are 1140 and -16,
respectively

o need to evaluate site constants
N d t luat t tant:
rom a series of iterations. Good for
fi f iterat Good f
preliminary assessments.

Universal site constants perform
poorly because they do not obey the
heterogenous nature of rocks.

USBM Predictor Using Evaluated Site
Constants (USBM EV)

The site constants k and B are
specifically evaluated from a series of
blast data through iterations or
simulations.

More precise than just adopting
universal constants because it
accounts for the heterogeneous
nature of rocks.

Evaluation of specific site constants
involves a series of iterations and is
time-consuming.

Nonlinear Multiple Regression Using Excel
Solver (NMR SV)

The initially evaluated site constants
(k and B) are optimized by adopting
the Excel Solver’s generalized
reduced gradient (GRG) nonlinear

The sum of square errors in the
initially evaluated site constants is
significantly minimized. The
application is a free and flexible

The Excel Solver may stop before
finding an optimal solution. Poor
scaling affects solution time and
quality. ~ Non-convex  objectives

Nonlinear Multiple Regression Using SPSS
(NMR SP)

The initially estimated site constants
(k and B) are enhanced by adopting
the inbuilt Levenberg-Marquardt
algorithm.

The associated errors in the initially
evaluated  site  constants  are
minimized. It can handle both
qualitative and quantitative data.

The application is not free. It cannot
be used to analyze a very large data
set. The graph features are not as
simple as that of Microsoft Excel.

RMSE (root mean square error) is the square root of the average of
squared residuals. It is the standard deviation of prediction errors. It
measures prediction accuracy by comparing the forecasting errors of
two or more models [66].The effect of each error on RMSE is
proportional to the size of the squared error [67]. Hence, larger errors
have an excessively more significant impact on RMSE. RMSE ranges
from 0 to 1. RMSE value of 0 indicates a perfectly fit model of the dataset.
The smaller the RMSE value, the better the model. Equation 14 was used
to evaluate the RMSE of each of the models.

1 2
RMSE = \/;Z?=1(PPVmeas - PPVIJ‘fed) a4)

5.10. Grading of the Models

The five models were ranked from 1 to 5 based on their levels of
fitness of research data as defined by the five performance indicators.
The best-fit model for an indicator was assigned a value of 5, while the
poorest fitness was 1. Where a tie exists between two or more models,
they were given the same rank, and the next lower rank is omitted. The
final grading was calculated using Equation 15.

15)

where TR is the total obtainable rank, which is 25, and n is the
number of performance indicators, which is 5.

Model grade = %Z{‘zl(Ranks) x 100%

5.11. Performance of the Regression Parameters

The influence of the blast parameters on the predicted PPV of blast-
induced vibration was further investigated by combining all the datasets.
The entire data was analyzed using the multilayer perceptron algorithm
of the neural network by making PPV the dependent variable and the
other five parameters independent variables. The data set was
partitioned into 80% training and 20% testing. The network architecture
consists of a minimum layer of one and a maximum of 50. The
maximum training time was set to 15 minutes.

6. Results and Discussion

The multiple linear regression of the datasets gives the intercept (I)
of Equation 2 as 5.38 and the coefficients §, a, b, c, and d as -0.02, -0.84,
-0.04 and 0.12, respectively. Substituting these values in Equation 2 gives
Equation 16. Equation 16 further predicted the regression and testing
data with determination coefficients of 0.88 and 0.93, respectively.

PPV = 5.38 — 0.02(SD) — 0.84 (%) ~0.04 (%) —0.04 (%) +
0.12 (g)

The USBM model with the recommended attenuation constants k
and B as 1140 and -16, respectively (Equation 4), gives resultant
coefficients of determination of 0.78 on the regression data and 0.76 on
the testing data.

To evaluate the specific site constants k and B, Figure 3 shows the
graphical analysis between the log of the scaled distance (SD) and the
log of the peak particle velocity (PPV) for the regression data as depicted
in Equation 6. Both logs were taken to base 10 for easy interpretations,
as suggested by Wyllie and Mah [68].

(16)

035 4

04 :

log PPV =-1.4793(log SD)+ 2.9588
R*=0.8027

log PPV

log SD
Figure 3. log-log plot of SD and PPV.

Equation 17 shows the established log-log relationship between the
peak particle velocity (PPV) and the scaled distance (SD), with a strong
determination coefficient of 0.80 for the regression data.

logy PPV = —1.4793 log,, SD + 2.9588 17)

In line with Equation 4, the associated attenuation site constants f
and k for the regression data are -148 and 909.49 (102%9588)
respectively. The slope of the line gives the constant B, while the
intercept of PPV represents the value of k at a scaled distance of unity
[68, 69]. Substituting these constants in Equation 4 gives Equation 18
for the regression data. Applications of Equation 18 on the regression
and test data give determination coefficients of 0.79 and 0.77,
respectively.

R \-148
PPV = 909.49(SD)~*8 = 909.49 (—)

= (18)



JMGE [

Using these evaluated site constants k and £ (909.49 and -148,
respectively); and putting the initial values of constants a, b, ¢, and d as
0, the optimal values of k, B, a, b, ¢, and d obtained from the
generalized reduced gradient (GRG) nonlinear algorithm of the Excel
Solver as 225,303.95, -1.56, —1.00, -1.39, -0.28, and 0.33, respectively. By
substituting these values in Equation 8, Equation 19 was obtained to
predict the regression and testing data with determination coefficients
of 0.94 and 0.93, respectively.

PPV = 225,303.95(SD)156 x (%)_1'00 x (%)_1'39 x (%)_0'28 x

(2)0.33 (19)

SL

Similarly, the optimal values of constants k, 8, a, b, ¢, and d were
obtained from the Levenberg-Marquardt algorithm of SPSS as
1123894.48, -1.51, -0.88, -1.83, -0.59 and 0.44 respectively. Further
substitution of these values in Equation 8 gave rise to Equation 20,
which was used to predict the regression and test data with
determination coefficients of 0.94 and 0.91, respectively.

PPV = 1,123,894.48(SD) 151 x (%)_0'88 x (%)_1'83 x (%)_0'59 x
(5)0.44 (20)

Tables 4 and 5 compare the values of the performance indicators of
the studied models for regression and testing data, respectively. Figure
4 illustrates the cumulative performance of each model on the datasets.
Line graphs comparing the measured and predicted values of the PPVs
for the regression and testing datasets are shown in Figures 5 and 6,
respectively.

Table 4. Performance of the models based on the regression data.

Indicator MLR: USBM RM: USBMEV: NMR SV: NMR SP:
Value Rank Value Rank Value Rank Value Rank Value Rank

RSQ 0.88 3 0.78 1 0.79 2 0.94 4 0.95 5

VAF (%) 8829 3 7552 1 7852 2 9377 4 9458 5

MAPE (%) 11.86 3 2628 1 14.77 2 7.39 5 814 4
MAE 013 3 034 1 018 2 0.08 5 0.08 5
RMSE 0.16 3 0.41 1 022 2 0.12 4 011 5
Grade 60% 20% 40% 88% 96%

Table 5. Performance of the models based on the testing data.

Indicato MLR: USBMRM: USBMEV: NMRSV: NMRSP:
cator Value Rank Value Rank Value Rank Value Rank Value Rank
RSQ 093 5 0.76 1 0.77 2 093 5 091 3
VAF (%) 90.14 3 7132 1 7583 2 9276 5 90.16 4
MAPE (%) 8.69 3 2799 1 11.19 2 598 4 563 5
MAE 0.09 3 034 1 0.13 2 008 4 007 5
RMSE 0.11 5 0.39 1 0.17 2 011 5 0.11 5
Grade 76% 20% 40% 92% 88%
o B Regression data 90, 0%
100% . 8% 83%
o m Testing data
] 76%
T 80%
& 60%
2 60%
o
g 40%  40%
£ 40%
)
B 20% 20%
] o
T 20%
=
0%
MLE  USBMRM USBMEV NMRSV  NMR SP

Models
Figure 4. Cumulative performance of each model.
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Figure 5. Comparison of measured and predicted PPV of regression dataset.
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Figure 6. Comparison of measured and predicted PPVs of the testing dataset.

The overall performance of the traditional USBM model with
recommended constants is 20% on both regression and testing data.
With specifically evaluated site constants, the performance of the USBM
model increases to 40% for both the regression and testing data. This
enhanced performance with estimated constants confirmed that
attenuation constants are specific to blast sites and regions [70].

The Excel Solver solution in the blast geometry modified USBM has
an overall performance of 88% and 92% on regression and testing data,
respectively. The SPSS nonlinear optimization on the same blast
geometry modified USBM model produces an overall performance of
96% on the regression data and 88% on the testing data. The results show
significant evidence that the prediction of PPV with only scaled distance
is of lower accuracy when compared with the incorporation of blast
geometry [9]. The results show that weighted calculation can
significantly improve the precision of the vibration prediction model,
and regression analysis is very suitable for predicting peak particle
velocity in blasting. Thus, blast geometry and dimensions are vital in
evaluating blast-induced ground vibration.

Figure 7 shows the neuron network of the combined regression and
testing data with one hidden layer. Figure 8 displays the neural
network’s relative and normalized importance of investigated
parameters. The predicted values from the neural network regression
and the measured PPV values are plotted in Figure 9 with a strong
determination coefficient of 0.93. There is significant evidence that all
the tested parameters are essential in predicting peak particle velocity.
However, scaled distance remains the most important parameter for
evaluating blast-induced vibration using the concept of peak particle
velocity, as opined by Yan et al. [8] and Faradonbeh and Monjezi [17].
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Figure 9. Predicted PPV vs. measured PPV.

7. Conclusion

In this study, the effect of blast geometry on blast-induced ground
vibration has been numerically investigated using multiple linear
regression, USBM empirical model, and nonlinear multiple regressions.
Scaled distance is still the most potent factor in the prediction of blast
vibration but yields lower accuracy when used as the only predictor
variable. Better and higher prediction accuracy can be obtained if
complemented with blast geometry.

The blast geometry modified USBM in a nonlinear multiple
regression model iterated in Excel Solver has an overall ranking of 88%
and 92% on regression and testing data, respectively. The cumulative
grading of the modified USBM iterated in SPSS yielded 96% and 88%
on regression and testing data, respectively. Predictions using only
scaled distance ranked 20% and 40% on recommended and evaluated
site constants for regression and testing data.

JMGE |}

Therefore, the incorporation of blast geometry in a modified USBM
in Nonlinear multiple regression proved very effective in evaluating
blast vibration using the concept of peak particle velocity. The
cumulative performance of the investigated parameters using a neural
network shows an excellent relationship between peak particle velocity
as a dependent variable and scaled distance and blast geometry as
predictor variables with a determination coefficient of 0.93. Hence, blast
geometry or dimensions are essential in evaluating blast-induced
ground vibration.

This work is limited to only two quarries in Bukit Mertajam in
Penang, Malaysia. The results of this work can be improved with large
data obtained over a long period from many locations. Further study is
required by incorporating the effects of the blast pattern into the scaled
distance technique of blast-induced ground vibration prediction. The
current study only focuses on the blast dimensions (spacing, burden,
hole diameter, bench height, stemming length, and total depth).
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