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Abstract: The blasting vibration produced in the blasting process of underwater engineering brings
serious damage to the surrounding environment. Predicting blasting peak particle velocity (PPV) is one
of the effective ways to alleviate the problem. To further improve the prediction accuracy of blast PPV,
the grey wolf optimization (GWO) algorithm is used in this paper to optimize the penalty factor and
radial basis kernel function parameters of support vector regression (SVR) model iteratively, and a
blasting PPV prediction model was established. Taking the Dajin Island water intake open channel of
the Phase 1 project of Guangdong Taishan Nuclear Power Station as the engineering background,
according to the relevant parameters of blasting vibration recorded in 30 blasting tests, taking into
account blasting design parameters and geological conditions, a database consisting of 12 inputs (hole
length (HL), spacing (S), row spacing (R,), burden (B), stemming length (), the distance of blasting
center (Bg), height differential elevation (Ha), seawater pressure (Ps), powder factor (PF), maximum
charge of single hole (Qsmax), maximum charge per delay (Omar) and total charge (QO.r) and 1 output
(PPV)) was established. Then, the grey wolf optimization-support vector regression (GWO-SVR)
model, double-layer neural network, medium decision tree, and empirical SVR model are used to
establish a prediction model for the PPV in underwater blasting respectively, and the prediction results
are compared and analyzed. The results are as follows: the actual value - predicted value diagram and
residual comparison show that the prediction effect of PPV based on the double layer neural network
model is the worst in underwater blasting. The comparison of regression evaluation indexes shows that
GWO-SVR is the best method for predicting PPV in underwater blasting; its R? is 0.9285, RMSE is
0.21424, MSE is 0.0459 and MAE is 0.1625. The research results can provide a theoretical reference for
the construction of similar underwater blasting projects, and provide a scientific basis for delineating a

reasonable safety warning range for similar underwater blasting projects.
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Introduction

Underwater blasting is the main construction method for underwater earthwork excavation such
as water resources and hydropower engineering, Port and wharf construction, bridge engineering and
dam construction. Compared with land blasting, underwater engineering blasting is not only difficult to
construct and requires high technology, but also more serious to the surrounding environment.
Accurately analyzing and predicting the law of peak particle velocity (PPV) caused by blasting and
then optimizing blasting design and construction is one of the effective methods to effectively reduce
blasting vibration hazards (Verma et al 2018; Zhang et al 2019; Li et al 2019). Therefore, many
scholars at home and abroad conducted a great deal of research on blast vibration velocity prediction,
and achieved many rich results.

In the age of undeveloped technology last century, the general method for predicting the PPV is:
taking into account the relationship between the blasting design parameters and the PPV, and establish
a corresponding empirical expression, such as the Sadowski’s formula considering the amount of
charge and the distance from the blast source (Wang et al 2020; Lu et al 2011; Zhang et al 2020); there
are also some theoretical expressions established based on the propagation law of stress waves (Duvall
and Fogelson 1962; Zhang et al 2021; Wang et al 2017); but the above empirical and theoretical
formulas can only consider 2 ~ 3 factors at the same time, in fact, the influence factors of the PPV is
very much, such as the hole length (HL), spacing (S), row spacing (R,), burden (B), stemming length
(), the distance of blasting center (By), powder factor (PF), maximum charge of single hole (Qgmax),
maximum charge per delay (Omax) and total charge (Q), etc, so the prediction result is not consistent
with actual situation. With the development of computers, numerical simulation computing technology
has been widely applied to blasting engineering (Hao et al 2002; Saiang and Nordlund 2009; Wang et al
2020), but the numerical values need to simplify boundary conditions and material properties, so the
obtained results are different from the actual situation. Given that machine learning can take into
account multiple blasting factors, artificial intelligence is also widely used in the blasting field. For
example, the PPV prediction model established by neural network (Nguyen et al 2019; Shang et al
2019; Taheri et al 2017; Yang et al 2019), decision tree (Khandelwal et al 2017; Rana et al 2020;
Bhagat et al 2022), support vector regression (SVR) (Hasanipanah et al 2015; Khandelwal 2011; Shi et
al 2012; Yang et al 2019), etc.

However, the construction of models based on artificial neural network or decision tree for
predicting the PPV lead to problems such as over-fitting of the datas (Paneiro et al 2018; Lawal and
Idris 2020; Hasanipanah et al 2017; Nguyen et al 2019). Although SVR has good generalization
performance and is not easy to overfit, the choice of penalty factor ¢ and kernel function parameter g
has a critical impact on the prediction accuracy of the model when it is used to predict PPV. Moreover,
there is no systematic guiding principle or method for the selection of ¢ and g at present, and most of
them are based on experiences and trial-and-error methods (Abdi and Giveki 2013; Hasanipanah et al
2017; Armaghani et al 2020; Murillo-Escobar et al 2019;). In addition, during underwater blasting,
blasting vibration velocity is not only related to blasting design parameters, but also to the geological
conditions of the blasting sites, such as water pressure, height differential elevation due to topographies
(Khandelwal and Singh 2009; Khandelwal 2011; Hajihassani et al 2015 a, b).
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Therefore, based on the engineering background of the Dajin Island water intake open channel of
the Phase 1 project of Guangdong Taishan Nuclear Power Station, this paper establishes a PPV
prediction model based on grey wolf optimization-support vector regression (GWO-SVR) (Balogun et
al 2022), considering various blasting design parameters, water pressure, and height differential
evlevation caused by topography and geomorphology. The algorithm chooses the SVR as the base
model and builds an optimisation model based on finding the best initial parameters that conform to the
actual engineering. Then the PPV of the blasting is predicted based on the optimization model, and the
prediction results are compared with the double-layer neural network, medium decision tree, and
empirical SVR model to test the rationality and feasibility of the model. The research results can

provide a theoretical reference for similar underwater blasting construction.

Engineering background

The Guangdong Taishan Nuclear Power Station is located in Yaogu Village, Chixi Town, Taishan
City, Jiangmen, with the Huangmao Sea to the east of the plant site and Dajin Island about Skm to the
southeast (as shown in Figure 1). The construction scale of the project is 6x1750MW (EPR), which is
divided into three phases. In the first phase of the Dajin Island water intake open channel, dredging in
the 0+90~0+200 m mileage section of the canal requires underwater reef blasting construction (Zeng et
al 2016), and the construction volume is about 203407.1m3. The bedrocks in this area are mainly
sandstone and mudstone, and the main mineral components are quartz and feldspar. The bedding, joint
and fissure of the rock layers are well developed, and the coverings include gravel, pebble and silt, etc.
In order to ensure that the vibration velocity of the newly poured concrete dam gate of the 17~2 shafts
of the water intake tunnel does not exceed the safety threshold during the blasting excavation process,

it is necessary to accurately predict the blasting excavation of the underwater rock.
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Figure. 1. Distribution of Taishan Nuclear Power Plant in Guangdong province
Thirty blasting tests were carried out prior to the large scale underwater blasting excavation, with
115 mm diameter holes and basically the same charging pattern, all detonated in sections, with the

same type of emulsion explosive. The charging structure of underwater blasting and the layout of
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on-site vibration monitoring points are shown in Figure 2, and the monitoring results are shown in

Table 1 (Liu et al 2013). The following 12 variables were selected on this occasion as the main factors

that may affect the blast vibration velocity: hole length (HL), spacing (S), row spacing (Ry), burden (B),

stemming length (/), the distance of blasting center (Bq), height differential elevation (Hz.), seawater

pressure (Py), powder factor (PF), maximum charge of single hole (Qsma), maximum charge per delay

(Omax) and total charge (Qsr).
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Figure 2. Layout of the blasting charge and site monitoring of underwater blasting
Table 1.  Site monitoring results on underwater blasting (Liu et al 2013)
N HL/m Sm RJ/m Bm I/m BJm Hg/m PJ(10kPa) PF/Kg Quua/kg Owalkg Quwlkg  PPV/(cm/s)
1 7.8 3.0 3.0 4.0 1.9 97.4 35.7 7.7 1.2 54 80 960 2.010
2 79 3.0 3.0 4.0 19 1367 354 74 13 50 78 1200 1.150
3 8.3 3.0 3.0 4.0 20 167.6 349 7.0 1.1 40 62 960 0.714
4 5.0 35 3.0 4.5 1.8  191.7 38.8 10.7 1.2 16.8 52 312 0.631
5 9.5 3.0 3.0 4.0 20 108.1 343 6.4 1.2 40 80 960 2.350
6 7.8 3.5 3.0 4.5 1.8 194.6 37.4 9.3 1.3 27 54 648 0.610
7 9.5 35 35 4.5 22 1615 34.1 6.4 1.1 40 160 960 1.170
8 8.3 35 35 4.0 2.0 140.7 34.1 6.2 1.1 37 150 888 1.330
9 8.2 3.5 3.5 4.0 2.0 130.9 34.2 6.3 1.1 30 130 792 0.491
10 9.1 3.0 3.0 4.0 2.0 132.0 34.2 6.3 1.3 62 50 1200 0.553
11 10.3 3.0 3.0 4.0 24 1539 32.6 5.1 1.2 49 80 960 0.783
12 8.6 3.0 3.0 4.0 2.0 155.5 34.5 6.6 1.2 40 80 960 0.694
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Continuation of table 1

N HL/m Sm R/m B/m I/m BJm Hg/m PJ(10kPa) PF/kg Qgua/kg Omalkg Quwlkg  PPVi(cm/s)

13 9.1 3.0 3.0 40 20 1164 340 6.1 12 38 65 960 0.670
14 10.4 3.0 3.0 40 25 1108 328 54 12 37 50 960 0.444
15 10.1 3.0 3.0 40 24 1996 328 53 1.1 40 55 960 0.843
16 10.7 3.0 3.0 40 25 1032 327 53 12 51 78 960 1.080
17 10.6 3.0 3.0 40 25 97.8 32.6 52 12 40 80 960 1.930
18 9.5 3.0 3.0 40 22 1734 337 6.0 12 39 78 960 1.150
19 9.3 3.0 3.0 40 22 1582 337 6.0 12 35 70 960 0.699
20 6.5 3.0 3.0 4.0 1.6 1352 369 8.6 1.3 67 75 1200 1.030
21 79 3.0 3.0 4.0 19 1322 354 74 1.1 40 80 960 1.130
22 8.9 3.0 3.0 40 20 987 34.8 6.9 12 40 80 960 2.200
23 11.1 3.0 3.0 40 25 1586 320 4.6 12 39 68 960 1.020
24 7.0 35 3.0 45 1.8 1953 389 10.8 12 25 50 600 0.357
25 9.8 3.0 3.0 40 22 1065 333 5.6 12 40 70 960 1.156
26 8.1 3.0 3.0 4.0 1.9 1306 351 7.1 1.1 53 48 960 0.588
27 10.5 3.0 3.0 40 24 1622 326 5.1 12 54 80 960 1.560
28 11.1 3.0 3.0 40 25 1825 319 45 1.1 48 53 960 0.724
29 6.2 3.0 3.0 4.0 1.6 1358 372 8.9 1.3 48 75 1200 0.821
30 6.0 3.5 3.5 4.0 1.6 1917 394 11.2 12 48 120 720 0.476

Gwo-svr model and application

Support vector regression (SVR)

Support Vector Regression (SVR) is an application of Support Vector Machine (SVM) to
regression problems (Smola and Schoélkopf 2004; Mahmoodzadeh et al 2021).

The principle is: a "spacer band" is created on both sides of the linear function, and no loss is
calculated for all samples that fall within the interval band; Only samples outside the interval band are
counted in the loss function. The model is then optimized by minimizing the width of the spacer and
the total loss.

For a given training sample D={(x1,y1), (x2,2),..., (xn,yn)}, ¥:ER, we want to learn an f{x) that is
as close as possible to y; w, b are the parameters to be determined. In this model, the loss is zero only if
f(x) is the same as y; the SVR assumes that the maximum allowable deviation between f{x) and y is &,
loss is calculated if and only if the absolute value of the difference between f{x) and y is greater than ¢,
at this time, it is equivalent to constructing an interval with a width of 2¢ with f{x) as the center. If the

training sample falls into this interval, it is considered to be correctly predicted. (The amount of slack
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on both sides of the spacer can vary)
Cortes and Vapnik (Cortes and Vapnik 1995) used an error function known as the -insensitive

error function, giving the SVM the following regression form:

L(y, f(x,a)) =|y— f(x.)|,
0 ifly-f(ra)|<e (1)

) ly— f(x,a)|—¢ otherwise

In equation (1), the error of less than is ignored. In other words, errors in the range of less than are
not penalized by this function. This range is called a tubular insensitive region and has the form of a
plate in multidimensional problems, or the range lies between two parallel hyperplanes. In order to
develop an algorithm, the estimation of a linear function should first be evaluated. All linear functions

have the following general form.

f(x)=<w,x>+b,w,xeX,beR @

where <, .> denotes the inner product of two vectors in Hilbert space (w is the weight vector and x
is the input space). The goal of the learning trend is to determine a function C X*Y with minimum
error and uniform distribution of (xi1, y1),...,(xm, ¥ym) based on independent data, called the -SVR
algorithm. To this end, an attempt is made to minimize the generalized error function R, based on the

-insensitive error function. R, can be rewritten based on the extended form of Renp, SO

m
R, [f]= %;‘yi - f(x )L[f = %”WHZC +C.R; [f]] 5

where R.np, calculates the training error in the insensitive error function and C is a constant that
somehow determines the value of ”W”2 given the complexity of the function. The minimizing
equation (3) shows that the main idea of statistical learning theory is to achieve a true minimum error,
thus requiring control over the model complexity as well as the error corresponding to the training data
(Cortes and Vapnik 1995). After solving the above optimization problem, the values of f and w,

respectively, are obtained as follows:

L *
w= Z(al. —a,)x,
i=1

m
f(x)= Z(af —al.)<xl.,x>+b
i=1 (4)

A kernel function is a vector product of functions, in which data is passed through the function to
a higher dimensional space. Various kernel functions can be used, such as linear kernel, radial kernel,
polynomial kernel, and sigmoid kernel. Therefore, in nonlinear problems, it is sufficient to use a kernel
of the input values rather than the function itself. Considering the theory explained, the parameter
values and parameter values present in the kernel function have a significant impact on the error

reduction of the problem when determining the smoothing parameter C.
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Grey wolf optimization algorithm

Creatures under the harsh environment of nature, even if they do not possess the high intelligence
of human beings, they have shown amazing group intelligence through continuous adaptation and
collective cooperation under the same goal, that is, motivated by food. By observing the strict
organizational system of wolves and their exquisite cooperative hunting methods (Emary et al 2016),
scholars such as Mirjalili (Mirjalili et al 2014) in Australia proposed a new swarm intelligence
algorithm-grey wolf optimization algorithm.

The gray wolf population has a strict hierarchical system, which is similar to a kind of pyramid.
The head wolf at the top of the pyramid is called a, and its responsibility is to make decisions about
hunting behavior, habitat, food distribution, etc.

The principle is as follows: There are three wolves a, f, and ¢ in the gray wolf population as the
head wolf, of which «a is the wolf king, located at the top of the pyramid, and is mainly responsible for
leading the entire gray wolf group; S is located on the second level of the pyramid, when the entire
wolf pack is missing a, f§ takes over from a wolf, giving orders; J is located on the third level of the
pyramid and follow the orders of the & and S wolves. The bottom layer is @ wolf, obey the command of
the upper three layers.

The process of wolves looking for prey is the process of finding the optimal solution. The process
includes the steps of population initialization, social hierarchy stratification, encirclement, hunting,
attacking prey and finding prey. The mathematical model of the algorithm is as follows:

(1) Population initialization: All individual wolves are randomly distributed into the search
domain, namely:

X,(1,2,..., M~ R(b,ub) )

In the formula: X; is the individual gray wolf; n is the number of gray wolf individuals, that is, the
population; M is the population dimension; /b and ub are the upper and lower boundaries of the search
area; R is a random distribution function.

(2) Social class stratification: Fitness values are calculated for all individual wolves, and label
the three gray wolves with the best fitness as a, £, J, and the remaining gray wolves as w. a(a) as the
optimal solution, f(b) and J{d) as the suboptimal solutions, and the remaining candidate solutions are
o(x). The hunting in the gray wolf algorithm is led by a, f, J, and w searches for the prey under the
guidance of these three wolves (optimal solution).

(3) Surrounding the prey: The mathematical model of a grey wolf gradually approaching its prey

and surrounding it. Its mathematical model is as follows (Mirjalili et al 2014):

D=|C-X,(-X() ©)
Xt+)=X,-A-D (7
a=2-_2 (8)
max t
A=2a-r,-a 9)
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C=2r, (10)

where: ¢ indicates the number of steps in the current iteration; max ¢ represents the maximum

738 2]

number of iteration steps; represents the Hadamard product operation; 4 and C are synergy
coefficients; D is the distance between wolf and prey; X, is the prey position; X(t) indicates the current
position of the grey wolf; In the whole iterative process, the convergence factor a decreases linearly
from 2 to 0; 1 and r; are random numbers in [0,1].

(4) Hunting: Keep the best three gray wolves (a, £, J) in the population at each iteration, then in
the next iteration, update the positions of all wolves according to their position information. The

mathematical model for this behavior is as follows:

D, =|C,-X,()- X ()

(11)

X.t+)=X,(t)-E-D, (12)
X(t+1)=M

3 (13)

In the formula: k=a, f, 9, i =1, 2, 3; X, X3, X, represent the optimal three wolf positions in the
current population, respectively; X indicates the position vector of other candidate wolves; D,, Dg, D,
denote the distance between the current candidate grey wolf and the optimal three wolves respectively.

(5) Attacking the prey: Building a prey model for attack. E is a random vector in the interval
[-a,a], when a=1, E belongs to [-1,1].

(6) Finding the prey: When |B[>1, all gray wolves are scattered in various areas to search for
prey, thus achieving a global search; When |B|<I, the gray wolf will focus on searching a certain area,

so as to realize local search.

Prediction model of ppv underwater blasting based on gwo-svr

The collected blast vibration data is first divided into a test data set and a training data set, 20% of
these data are taken as test data, and the remaining 80% are training data sets. The initialisation
parameters of the GWO algorithm are then set, namely the maximum number of iterations, and the
number of individuals in the wolf pack, both set to 20 this time. In addition, according to the penalty
parameter ¢ and kernel function parameter g that need to be selected by the SVR machine, the range of
these two optimization parameters is set. This time, the value range of these two parameters is set to
0.01~100.

The fitness function is an index that describes the performance of parameters, and is an evaluation
criterion to determine whether the current target parameter value is optimal. The mean square error
(MSE) is the expected value of the square of the difference between the predicted data and the test data.
When the MSE is the minimum value, it is considered that the target parameter value reaches the
optimal standard. This time the mean squared deviation was chosen as the fitness function.

Finally, the GWO-SVR model is trained with the training data set. When the MSE takes the
minimum value, the model is optimal, and the parameters obtained at this time are the optimal

8
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The specific process is shown in Figure 3.

parameters. The GWO-SVR model is then tested with test data to assess the performance of the model.

Collection of blast
database
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Prediction model of underwater blasting vibration velocity based on GWO-SVR
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Figure 3. Prediction model of underwater blasting vibration velocity based on GWO-SVR

Analysis of prediction results

The prediction model of underwater blasting vibration velocity needs to be evaluated according to
the discreteness and correctness of the predicted data. In this paper, the prediction results obtained by
the double-layer neural network, the medium decision tree, and the empirical SVR model are compared
with the prediction results of GWO-SVR, and the actual value-prediction value graph and residual
comparison, as well as regression evaluation indicator are used to evaluate the performance of the
model. The four models have the hole length (HL), spacing (S), row spacing (Ry), burden (B), stemming
length (Iy), the distance of blasting center (B,), height differential elevation (Hg.), seawater pressure (Ps),
powder factor (PF), maximum charge of single hole (Qsma), maximum charge per delay (Omax) and
total charge (Q::) are used as model inputs, and the PPV is used as output. The models are first trained
with nearly 80% (24) of the datasets, then the models are tested with the remaining 20% (6) of the
datasets, and finally the prediction results of the 4 models are evaluated.

The parameters of each model are set as follows: the size of the first layer of the double-layer

neural network model is 10, the size of the second layer is 10, the neuron activation function is ReLU,

9
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and the iteration limit is 1000; The minimum leaf size of the medium decision tree is 12; the kernel
function of the empirical SVR model is the RBF kernel function, ¢ is 100, and g is 1; The kernel
function of the GWO-SVR model is the RBF kernel function. The optimal ¢ obtained by optimizing the
parameters of SVR based on GWO is 0.010219, and the optimal g is 98.5121.

Comparison of actual-predicted value plots and residuals

The actual-predicted value plot reflects the abnormity due to random effects and provides a visual
assessment of model fit. The comparison chart of blasting vibration velocity prediction results and
actual distance is shown in Figure 4. From the view of No. 6 in Figure 4, the blue column deviates
greatly from the red column, indicating that the PPV predicted by the double-layer neural network has
a large deviation from the actual situation; As can be seen from No. 4 in Figure 4 , the green column
deviates significantly compared to the red column, indicating that the PPV predicted by the medium
decision tree model has a large deviation from the actual situation; On the whole, the purple and yellow
columns fluctuate correspondingly with the changes of the red column, and the deviation is small,
indicating that the PPV predicted by the GWO-SVR model and the empirical SVR model has a small

deviation from the actual situation.

[ Original data Bl GWO-SVR
-] Empirical SVR [ Medium decision tree
25 Il Double layer neural network
g
5 2.0 1
=
S
§ 1.5-
=
>
'%“ 1.0
)7
=
= 0.5
0.0-

1 2 3 4 5 6

Number of Samples

Figure 4. Comparison of predicted PPV results from different models with the actual situation
Residual in mathematical statistics refers to the difference between the actual observed value and
the predicted value, which can intuitively reflect the deviation between the predicted data and the real
data. In order to analyze the deviation of the actual PPV from the predicted PPV in detail, the residuals
of different models are calculated and the corresponding graphs are drawn, as shown in Figure 5. As
can be seen from No. 6 in Figure 5, the absolute value of the residual error predicted by the

double-layer neural network is very large, and the maximum value of the residual error reaches -1.1
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cn/s; and the absolute value of the residuals predicted by the medium decision tree is also large, with
the maximum value of the residuals reaching 1.1 cm/s, as can be seen from the ordinal No 4 in Figure 5.
Thus, it is shown that double-layer neural networks and medium decision trees are less effective in
prediction.

It can be determined from Figure 4 and Figure 5 that the double-layer neural network model and
the medium decision tree model have the worst data prediction effect, and the performance of the other

two models can’t be judged.

Il Double layer neural network [[lll GWO-SVR
'] Medium decision tree [ Empirical SVR

—
)

©
W

Residual Values
o
o

=
W

—_
o

1 2 3 4 5 6
Number of samples

Figure 5. Plot of residuals of PPV results predicted by different models
Comparison of regression evaluation indicators

The commonly used prediction model regression evaluation indicators include R-square, root
mean square error, mean square error and mean absolute error. Therefore, this section uses these four
indicators to evaluate the effect of the prediction model. R-squared (R?) is a statistical indicator used to
reflect the closeness of the correlation between variables, as shown in equation (11). The root mean
square error (RMSE) is the square root of the ratio of the sum of the squares of the deviations of the
observations from the true value to the number of observations in statistics, as shown in equation (12);
The mean squared error (MSE) is the sum of the squares of the absolute errors and then averaged, as
shown in equation (13); The mean absolute error (MAFE) is the average of the absolute errors, as shown
in Equation (14). When R’=1, RMSE=0, MSE=0 and MAE=0, it means that the predicted value of the

model matches perfectly with the true value.
2
R2 _ (”lz Xobs Xmadel - ZXUbSXmodel)
2 2 2 2
(l’lz Xobs - (Z Xobs ) )(nz Xmodel - (Z Xmodel ) )

(14)
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i=1

1 n
MSE = Z (Xobs,i - Xm()del,i )2 (16)

i=l1

a7

model,i

1 m
MAE = ;;]Xm,. -X

The prediction results of the four models are evaluated using regression evaluation indicators, and

the regression evaluation indicators are shown in Table 2.

Table 2. The regression evaluation index of different flying rocks prediction models

Types of predictive models R? RMSE MSE MAE
Double layer neural network 0.14 0.52616 0.27685 0.43393
Medium decision tree 0.20 0.50764 0.2577 0.34181
GWO-SVR 0.9285 0.21424 0.0459 0.1625
Empirical SVR model 0.8762 0.32171 0.1035 0.282

As can be seen from the Table 2, the prediction model of underwater blasting vibration velocity
based on double-layer neural network has the smallest R (0.14), the largest RMSE (0.52616), MSE
(0.27685) and MAE (0.43393) values; The medium decision tree prediction model has R’ of 0.20,
RMSE of 0.50764, MSE of 0.2577, and MAE of 0.34181; The empirical SVR prediction model has R’
of 0.8762, RMSE of 0.32171, MSE of 0.1035, and MAE of 0.282. This model and the medium decision
tree prediction model have general regression evaluation indicators; The GWO-SVR prediction model
has the largest R’ (0.9285), the smallest RMSE (0.32171), MSE (0.1035) and MAE (0.282) values.
Comparing the GWO-SVR prediction model with the empirical SVR prediction model, it’s found that
R’ is increased by 0.0523, RMSE is decreased by 0.10747, MSE is decreased by 0.0576, and MAE is
decreased by 0.1195. Therefore, it can be seen from the regression evaluation indexes of each
prediction model that the prediction model of underwater blasting vibration velocity established based
on GWO-SVR is the best.

Conclusion

The assessment of the safety of buildings is a major problem faced by the safety production of
underwater blasting. Predicting the PPV of blasting is one of the effective ways to alleviate this
problem. In order to further improve the prediction accuracy of blasting PPV, the GWO algorithm is
used to iteratively optimize the penalty factor and radial basis kernel function parameters of the SVR
model, and a prediction model of blasting PPV is established. Based on the engineering background of
the Dajin Island water intake open channel of Guangdong Taishan Nuclear Power Plant Phase 1 Project,
the comparison and analysis of the predicted value of the model with the prediction results of the

double-layer neural network, medium decision tree and empirical SVR model, it is proved that the
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GWO-SVR model has the best prediction effect, the conclusions are as follows:

(1) Taking the Dajin Island water intake open channel of the first phase of Guangdong Taishan
Nuclear Power Station as the engineering background, the establishment of hole length (HL), spacing
(S), row spacing (Ry), burden (B), stemming length (/), the distance of blasting center (By), height
differential elevation (Hy.), seawater pressure (Py), powder factor (PF), maximum charge of single hole
(Ogmax), maximum charge per delay (Oumar) and total charge (Qu:) are used as model inputs, and the PPV
is used as the output database.

(2) The parameters ¢ and g of the SVR model are optimised by the GWO algorithm, and the
GWO algorithm is combined with the SVR algorithm to build a blast PPV prediction model, and the
prediction results of this model are compared with those of the medium decision tree model, the
double-layer neural network model and the empirical SVR model.

(3) The actual value-predicted value plot and residual analysis show that the prediction model of
PPV based on double-layer neural network has the worst prediction effect, and the performance of the
other three models can’t be judged yet.

(4) Through the comparison and analysis of regression evaluation indicators, the prediction
effect of the PPV prediction model established based on GWO-SVR is the best, and its R’ value is
0.9285, RMSE value is 0.21424, MSE value is 0.0459, and MAE value is 0.1625.

(5) Based on the analysis of (3) and (4), it is concluded that the prediction model of blasting
PPV based on GWO-SVR is the best.
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