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Abstract: Multiple ducts in the working shaft and main body of tunnels form a combined tee structure.
An efficient and accurate prediction method for the local resistance coefficient is the key to the
design and optimization of the maintenance ventilation scheme. However, most existing studies use
numerical simulations and model experiments to analyze the local resistance characteristics of specific
structures and calculate the local resistance coefficient under specific ventilation conditions. Therefore,
there are shortcomings of low efficiency and high cost in the ventilation scheme optimization when
considering the influence of the local resistance. This paper proposes a hybrid prediction model
for the local resistance coefficient of water transmission tunnel maintenance ventilation based on
machine learning. The hybrid prediction model introduces the hybrid kernel into a relevance vector
machine to build the hybrid kernel relevance vector machine model (HKRVM). The improved artificial
jellyfish search algorithm (IAJS), which utilizes Fuch chaotic mapping, lens-imaging reverse learning,
and adaptive hybrid mutation strategies to improve the algorithm performance, is applied to the
kernel parameter optimization of the HKRVM model. The results of a case study show that the
method proposed in this paper can achieve the efficient and accurate prediction of the local resistance
coefficient of maintenance ventilation and improve the prediction accuracy and prediction efficiency
to a certain extent. The method proposed in this paper provides a new concept for the prediction of
the ventilation local resistance coefficient and can further provide an efficient prediction method for
the design and optimization of maintenance ventilation schemes.

Keywords: water transmission tunnel; maintenance ventilation; combined tee structure; local resis-
tance coefficient; improved artificial jellyfish search algorithm; hybrid kernel relevance vector machine

1. Introduction

In order to alleviate the water shortage in some economically developed areas and
meet the increasing demand for economic development, a large number of long-distance
water transfer projects have been built all over the world [1]. With the rapid development
of deep underground tunnel construction technology, in order to reduce damage to the
production processes, life, and ecological environment of the cities along the project, a
deep-buried long-distance water transmission tunnel is utilized as the main water transport
buildings in many water diversion projects, some of which are combined with open
channels, aqueducts, and other water transport structures for water distribution. According
to the literature reports, the hot and humid climate in some areas is suitable for the growth
of shellfish and other aquatic organisms, which often invade water transmission tunnels,
resulting in reduced water transmission efficiency [2,3]. Therefore, in order to ensure the
normal operation of long-distance water transmission projects, it is necessary to carry out
regular maintenance.
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A number of working shafts are arranged along deep-buried long-distance water
transmission tunnels, and water stop valves are arranged in the working shafts. During
operation, the water stop valves are closed, and the pipeline is in a state of full pressure
flow and isolated from the external natural environment. During maintenance, the water
stop valves in the working shaft along the tunnel will be opened to drain water, and
the ventilation equipment will be arranged in the working shaft for ventilation during
maintenance [4]. The working shafts along the tunnel form a complete ventilation circuit
with the main body of tunnels to provide fresh air for maintenance workers, and exhaust
the harmful gases released by the biological death and decay in the tunnel and the exhaust
fumes from the maintenance machinery, so as to improve the maintenance working envi-
ronment in the tunnel. Therefore, it is of great significance to scientifically and reasonably
design ventilation schemes for long-distance water transmission tunnels during mainte-
nance to ensure the safety of maintenance work. The combined tee structure composed of
multiple air ducts in the working shaft and the main body of the tunnel is quite different
from the local tee structure in traffic tunnels, mine roadways, and other underground
structures. After the high-speed airflow from the air ducts in the working shafts enters
the tunnel, the air particles collide with each other in the local area due to the sudden
change in the flow direction and the overflow section, resulting in a large local resistance
loss. Therefore, the local resistance characteristics and an accurate calculation of the local
resistance coefficient of the combined tee structure are the key problems to be solved in the
design of maintenance ventilation schemes for long-distance water transmission tunnels.

The essence of local resistance loss is that due to the change in the flow direction
and cross-section, fluid particles collide and friction in the local area, forming local eddy
currents, resulting in local resistance loss. In hydraulics, the water flow has a large local
head loss at the bend, reducer, and tee structures in pipelines, and many scholars have
carried out significant amounts of research on local head loss [5,6]. In order to ensure the
ventilation effect and reduce energy consumption, scholars have carried out a lot of research
on the resistance characteristics of local components in urban traffic tunnels, mine laneways,
utility tunnels, and other underground structures and air-conditioning ventilation systems.
Wang et al. [7] analyzed the influence of the area ratio, bifurcation angle, flow ratio, and
bending radius on the local resistance coefficient of highway tunnel components such as
the tee, variable diameter, and bending structure using a numerical simulation method.
Wang et al. [8] established a 1:50 bifurcated tunnel scale model based on the prototype
of Xiamen Haicang Submarine Tunnel, carried out model experiments to analyze and
study the airflow characteristics, and obtained the influence law of the split ratio and the
length-to-height ratio of the bifurcation structure on the local loss coefficient. Liang et al. [9]
analyzed the influence rules of five traffic parameters, including the distribution of lanes,
vehicle distance, blockage ratio, vehicle speed, and proportion of large-scale vehicles, on
the vehicle air-resistance coefficient, targeting the influence rules of traffic conditions on
the ventilation and pollutant discharge effect of urban traffic tunnels. Wang et al. [10]
used a numerical simulation to analyze the local flow field characteristics of a louvered
windshield in mine roadways at different opening angles, and derived the local resistance
coefficient relation of a louvered windshield. Li et al. [11] established a 1:5 utility tunnel
scale model and conducted model experiments under different conditions of the air volume,
pipe diameter, and pipe layout to obtain the variation rule of the local resistance at the inlet
and outlet of an integrated corridor ventilation system. A two-factor analysis of variance
was used to analyze the significance of the influence of the Reynolds number, air volume,
and the proportion of the pipeline area ratio. Wang et al. [12] studied the law of influence of
the guide vane on the local pressure loss of an air duct elbow through a model experiment
and numerical simulation and carried out optimization research on an elbow guide vane.

It can be seen from the above studies that numerical simulations and model exper-
iments are the main methods used to study the ventilation local resistance. However,
numerical simulations and model experiments have disadvantages such as a low calcula-
tion accuracy, low efficiency, and high cost of human and material resources, and numerical
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simulation methods also largely depend on grid division, the selection of the turbulence
model, and governing equation-solving methods. Moreover, measurement and human
operation errors are unavoidable in the model experiment. Therefore, there are many schol-
ars in the field of fluid mechanics using machine-learning methods to carry out relevant
research [13-15], using the black box model of machine learning to replace complex physi-
cal mechanisms in fluid mechanics, to overcome the shortcomings of numerical simulations
and model-testing methods. Li et al. [16] used ridge regression, decision tree, random
forest, gradient boosting regression tree, and other machine-learning methods to predict the
average wind pressure and fluctuating wind pressure of high-rise buildings. Zhu et al. [17]
conducted research on the surface wind pressure of low-rise buildings, obtained the sur-
face wind pressure under different wind forces by using numerical simulation methods,
established a surrogate model based on machine learning, and applied it to optimize the
placement of building surface pressure sensors. Hu et al. [18] used adaptive neural-fuzzy
inference system, support vector machine, M5 model tree, least-squares support vector
machine, and other intelligent prediction models to predict the overflow coefficient of
curved pipelines, establishing the mapping relationship between the upstream water head,
overflow ratio, curvature, and overflow coefficient. Wakes et al. [19] used machine-learning
algorithms to predict dune movement patterns under different wind conditions, providing
a technical reference for predicting sediment migration paths. Rushd et al. [20] used artifi-
cial neural networks to predict the pressure loss of crude oil transport pipelines, taking the
pipe diameter, average flow rate, oil-water density, oil-water viscosity, and water content
as the input parameters. In the field of mine roadways, some scholars have also carried
out research on ventilation resistance coefficient prediction. Liu et al. [21] established a
BP neural network prediction model for the roadway ventilation resistance coefficient
and applied the prediction results to the mine ventilation network model. Based on the
least-square method, Gao et al. [22] proposed a mathematical model to determine the
ventilation resistance coefficient of mines using the inversion of the air volume and node
pressure data, and adopted a genetic algorithm and particle swarm algorithm to solve the
ventilation resistance coefficient inversion optimization problem.

The main idea of the application of machine learning in the field of fluid mechanics
is to establish a high-dimensional mapping relationship between the input parameters
and output targets through machine-learning algorithms, replacing the complex physical
mechanism of fluid mechanics. The most critical part is obtaining the training sample set.
In order to ensure the accuracy and efficiency of the prediction, accurate predictions of
the ventilation local resistance coefficient should be obtained by using as few numerical
simulation or model test results as possible. In addition, the ventilation local resistance
coefficient is related to complex turbulent motion in the local area and has strong nonlinear
fluctuation characteristics due to the comprehensive influence of both structural and venti-
lation parameters. Therefore, the prediction of the ventilation local resistance coefficient
is a typical small sample nonlinear prediction problem. Relevance vector machine (RVM)
is a sparse kernel method based on the Bayesian framework proposed by Tipping [23].
Its structure is similar to that of support vector machine (SVM), but its training speed
is faster, and it has a strong advantage in nonlinear small sample prediction problems.
Therefore, the RVM model has been widely used in engineering fields such as mechanical
service-life prediction [24], slope deformation probability prediction [25], short-term power
coincidence prediction [26], industrial fault classification [27], and pollutant concentration
prediction [28]. However, a single-kernel RVM model cannot accurately excavate the deep
nonlinear fluctuation characteristics of engineering data. Therefore, the hybrid kernel
function is introduced into the RVM model to balance the global generalization ability and
local learning ability and improve the prediction accuracy and generalization performance
of the model. At the same time, the choice of kernel parameters for the HKRVM model
will affect the prediction accuracy of the model. Scholars use swarm intelligent optimiza-
tion algorithms such as the grey wolf optimization algorithm [29], grasshopper optimiza-
tion algorithm [30,31], particle swarm optimization algorithm [32], whale optimization
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algorithm [33], and bat optimization algorithm [34] to optimize the kernel function of the
HKRVM model. The artificial jellyfish search algorithm (A]JS) [35], as a swarm intelligent
optimization algorithm proposed in recent years, has fewer adjustment parameters and a
simple search process. It has been successfully applied in the fields of power grid energy
scheduling [36,37], medical image segmentation [38], civil structure engineering [39], and
construction engineering image recognition [40]. The application results show that the
AJS algorithm has a better optimization accuracy and optimization efficiency than other
swarm intelligent optimization algorithms, but the AJS algorithm suffers from premature
convergence and can easily fall into local optimal problems when solving high-dimensional
nonlinear optimization problems.

In summary, the local resistance coefficient of water transmission tunnel maintenance
ventilation is one of the key parameters to be considered in the design of ventilation
schemes, and it is related to the complex turbulent movement of fluid. In order to achieve
the efficient and accurate prediction of the ventilation local resistance coefficient, this paper
proposes a hybrid prediction model for the local resistance coefficient of water transmis-
sion tunnel maintenance ventilation, and establishes a mapping relationship between the
structural parameters, ventilation parameters, and ventilation local resistance coefficient,
in place of a complex fluid mechanics mechanism. It also provides a theoretical basis
and technical reference for the optimization of long-distance water transmission tunnel
maintenance ventilation schemes.

The remainder of this paper is organized as follows: In Section 2, the research frame-
work of this paper is put forward. In Section 3, a detailed description of the hybrid predic-
tion model for the local resistance coefficient of water transmission tunnel maintenance
ventilation based on machine learning is presented. In Section 4, combined with a water
transmission project, a case study is presented to verify the applicability of the method
proposed in this paper. In Section 5, the effectiveness and superiority of the proposed
method are verified by a comparison of the model prediction performance. In Section 6,
the conclusion and prospects of the research results in this paper are presented.

2. Research Framework

In this work, a hybrid prediction model for the local resistance coefficient of water
transmission tunnel maintenance ventilation based on machine learning is proposed. The
research framework is composed of three steps: the construction of a training sample set,
building the IAJS-HKRVM prediction model, and a case study, as shown in Figure 1.

Step 1: Construction of training sample set. Sample points are selected in the input
parameter design space, and the cross-section mean speed and pressure under different
working conditions are calculated based on the three-dimensional numerical model of
the local resistance of water transmission tunnel maintenance ventilation, and then, the
local resistance coefficient of maintenance ventilation under different working conditions
is obtained. The numerical simulation results are verified to construct the training sample
set of the prediction model for the local resistance coefficient of water transmission tunnel
maintenance ventilation.

Step 2: IAJS-HKRVM prediction model build. Firstly, a Gaussian kernel function
with excellent local learning ability and Sigmoid kernel function with excellent global
generalization ability are combined by the weighted method and are introduced into the
RVM model to establish the HKRVM model, to accurately excavate the deep nonlinear
characteristics of the local resistance coefficient of maintenance ventilation. Secondly, in
order to determine the optimal kernel parameters of the HKRVM model, the IAJS algorithm
is used to optimize the kernel parameters. Fuch chaotic mapping, lens-imaging reverse
learning, and adaptive hybrid mutation strategies are introduced to improve the population
initialization and location update methods of the AJS algorithm, so as to overcome the
shortcomings of local optimal and premature convergence, to improve the optimization
accuracy and efficiency of the algorithm. The performance of the IAJS algorithm is com-
pared with other swarm intelligent optimization algorithms on the benchmark test function.
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Figure 1. Research framework.

Step 3: Case study. The method proposed in this paper is applied to a long-distance
water transmission project and a case study is carried out. Firstly, the results of the nu-
merical simulation and prediction are compared to verify the applicability of the proposed
method in this paper. Then, the error indexes such as the relative coefficient square (R?),
mean absolute error (MAE), and root mean square error (RMSE) are selected to compare the
prediction performance of the proposed method in this paper with different kernel RVM
models and different prediction models to verify the superiority of the proposed method.

3. Methodology
3.1. IA]JS-HKRVM Model
3.1.1. Hybrid Kernel Relevance Vector Machine

The RVM model is a supervised learning method based on a sparse Bayesian frame-
work. Compared with SVM, the RVM model has stronger sparsity and can ensure a good
generalization performance with fewer training samples, and its kernel function does
not need to meet Mercer conditions. The principle of the RVM model is as follows: the
sample dataset obtained by numerical simulationis S = {x,,, t,| n=1,2,..., N}, where N
is the number of samples in the dataset, x,, is the input vector, and ¢, is the output vector.
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Assuming that the prediction target is an independently distributed data sample containing
noise, the prediction target is shown in Equation (1).

ty = y(xn}w) + gn

N
y(xw) = Zl wnK(x, xy) + wo
n=

M

where w = {wy },11\]:0 is the model weights vector, ¢, is the independent Gaussian noise that
satisfies distribution N (0, 0?), and K(x, x;,) is the kernel function.

The training process of the RVM model is described as follows: the initial values of
the hyperparameters a and ¢ are set in advance and calculated through several iterations
until all parameters meet the convergence conditions. After the iteration is terminated, the
hyperparameters are updated to ayp and 03y [23]. When the sample to be predicted is x*,
the distribution of the prediction result is shown in Equation (2).

P(t*lt,chp,cT%Ap) = /P(t*\wﬂ%m)ﬁ(w

where y* = uTo(x*), (0*)*= 0'12\413 + (x*)TZ@(x*), i is the mean of the Gaussian distribution,
Y is the variance of the Gaussian distribution, ¢ is the matrix of the kernel function,
ayvp and 0%, are the hyperparameter estimate value corresponding to the maximum
marginal likelihood function obtained by the maximum likelihood method, and y* is the
prediction value.

The choice of kernel function and kernel parameter of the RVM model will affect the
prediction accuracy. When the sample data features are related to physical laws with deep
nonlinear fluctuation characteristics, it is difficult for the single-kernel RVM model to obtain
the deep nonlinear fluctuation features of the sample. The local resistance characteristics of
water transmission tunnel maintenance ventilation are complicated, which are affected by
the structural parameters, ventilation parameters, and other parameters, and are related
to complex turbulent movement in the local area and have strong nonlinear fluctuation
characteristics. Therefore, the single-kernel RVM model is difficult to be able to achieve
the efficient and accurate prediction of the local resistance coefficient of maintenance
ventilation. In this paper, a Gaussian kernel function with strong local learning ability
and Sigmoid kernel function with strong global generalization ability are combined in a
weighted way to establish the HKRVM model for predicting the local resistance coefficient
of water transmission tunnel maintenance ventilation. The expression of the hybrid kernel
function is shown in Equation (3).

t, OéMp,O'Zz\/H;>dw = I\[(fk

V(@) @

o 2
k(xi,x;) = Aexp <—w> + (1 = A)tanh(y(x;, x;)) 3)

where A is the weight coefficient of the kernel function, v and # are the parameters of the
Gaussian kernel function and Sigmoid kernel function.

3.1.2. Improved Artificial Jellyfish Search Algorithm

The AJS algorithm is a new swarm intelligence optimization algorithm proposed in
2021 [35]. The algorithm solves the optimization problem by simulating the natural laws
of jellyfish movement and foraging behavior in the ocean and swarm. The algorithm-
solving process is shown in Equation (4), and the algorithm’s schematic diagram is shown
in Figure 2. The algorithm determines the motion form of the jellyfish through the time
control mechanism and updates the position of the jellyfish according to the food content
of the location of the jellyfish. The motion form of the jellyfish includes the movement
of the jellyfish following the ocean current, active movement, and passive movement in
the jellyfish swarm. When the time control function c(t) > 0.5, the position of the jellyfish
population changes with the direction of the ocean current movement. When the time
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control function c(f) < 0.5, the jellyfish move in the jellyfish swarm to update their position.
When rand (0, 1) > 1 — ¢(#), the jellyfish update their positions randomly in the jellyfish
swarm according to their spatial range. When rand (0, 1) <1 — ¢(t), the jellyfish update their
positions according to the food content of different jellyfish locations in the swarm [35].

Time control : ¢(t) = (1 — #) x (2 x rand(0,1) — 1)|
—>
trend = X* — B x rand(0,1) x p

—_—
Xi(t+1) = X;(t) +rand(0,1) x trend
Passive motion : Xj(t +1) = X;(t) +v x rand(0,1) x (U, — L), rand(0,1) > 1 —c(¢) @)
s
Xi(t+1) = Xi(t) +rand(0 1) x Direction
Active motion m _ { Xj(t) — Xi(t), £(X:) > F(X;) ,rand(0,1) <1 —c(t)
Xi(t) = Xj(#), f(X3) < f(X)

Ocean motion ,c(f) > 05

o
where f is the current iteration, T is the maximum number of iterations, trend is the
ocean trend, X* is the optimal jellyfish location in the current iteration, j is the distribution

coefficient that is related to the length of trend , and its value is 3, y is the mean location of
all jellyfishes, -y is the motion coefficient that is related to the length of motion around the
locations of jellyfishes, and its value is 0.1, U}, and Ly, are, respectively, the upper and lower
bounds of the search space, X;(t) and X (t) are, respectively, the i and j jellyfish locations in
the current iteration, and f(X;) and f(X;) are, respectively, the food content of the location of
the i and j jellyfish, that is, the fitness Value

Time control
Ocean current  Passive motions
ST —-—_ RGN

P T / xom

\
3 _____ i?x(t“)
ﬁzxmz)

i X(t+5),,
— 3 \\ ( )vg """"" >
QD TR

Active motions
Time control

Figure 2. Diagram of artificial jellyfish search algorithm [35].

In order to overcome the shortcomings of the AJS algorithm, such as premature
convergence and local optimization, this paper introduces Fuch chaotic mapping,
lens-imaging reverse learning, and adaptive hybrid mutation strategy to improve the
AJS algorithm.

The AJS algorithm uses logistic chaotic mapping to generate the initial population, but
the initial population generated by logistic chaotic mapping is concentrated in the edge of
the space, which makes it difficult to search for the optimal solution quickly and reduces
the optimization efficiency of the algorithm. Fuch chaotic mapping is an infinite folding
chaotic mapping, which has a better ergodic, dynamic, and convergence than finite folding
chaotic mapping such as logistic mapping and tent mapping [41]. The initial population
generated by Fuch chaotic mapping is concentrated in several local areas, which enables a
rapid population search. In this paper, Fuch chaotic mapping is used to generate chaotic
sequences, and then the chaotic sequences are mapped into the design parameter space to
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generate the initial jellyfish population. The Fuch chaotic mapping expression is shown in
Equation (5).
x(t+1) = cos [1/x(t)2] (5)

where x(t) #0,x € Z+,t=1,2,---, T.

In order to further illustrate the differences between the two chaotic mapping meth-
ods, the scatterplot and histogram of the two chaotic mapping sequences are compared,
respectively. Figure 3 shows the histogram and scatter diagram of logistic chaotic mapping
and Fuch chaotic mapping. As shown in Figure 3, variables generated by logistic chaotic
mapping are distributed centrally in the edge region of the design space, while variables
generated by Fuch chaotic mapping are distributed centrally in a small range and dispersed
in a large range. Therefore, using Fuch chaotic mapping to generate the initial population
can make the population quickly concentrate in the optimal solution region, reduce the
number of algorithm iterations, and improve the optimization efficiency of the population.

(@) 100 (b) e
o ’i***
S b ok i%;z‘chf ol 4 A &
80 W EFF S %
z
£ 60
=y <
E 40
20
0
0 0.2 0.4 0.6 0.8 1
Sequence value range
(©) 80
60
<
=3
=
240
=2
@
—
=

20

0 0.2 0.4 0.6 0.8 1
Sequence value range

Figure 3. (a) Histogram of logistic chaotic mapping sequence; (b) scatter diagram of logistic chaotic
mapping sequence; (c) histogram of Fuch chaotic mapping sequence; (d) scatter diagram of Fuch
chaotic mapping sequence.

Lens-imaging reverse learning is a reverse-learning strategy inspired by the principle
of convex lens imaging. Its scaling factor changes nonlinearly and dynamically with the
number of iterations. The equations are as follows:

_ Ub]'—F Lb]' n ubj"' Lbj x;"

%
% 2 2%k ©
k= kmax - (kmax - kmin) : (t/T)z (7)

where k is the scaling factor, Uj; and Ly are, respectively, the upper and lower bounds of
the j-dimensional components in the search space, x]’f is the j-dimensional component of the
jellyfish, x}* is the j-dimensional component of the jellyfish by lens-imaging reverse learning,
kmax and ki are the maximum scaling factor and minimum scaling factor, respectively,
and their values are 10 and 1, respectively.
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In this paper, an adaptive hybrid mutation strategy is adopted to mutate the position
of the optimal jellyfish obtained in each iteration, and its parameters are dynamically
updated with the number of iterations to better balance the ability of the global exploration
and local development of the algorithm. The equation for the adaptive hybrid mutation is
shown in Equation (8).

uéest = xiest (1 + A CauChy(Ol 1) + AZGauSS(O/ 1)) (8)

where u} _, is the location of the current optimal jellyfish after mutation, x},, is the location
of the current optimal jellyfish, Cauchy(0, 1) is the random variable that satisfies the Cauchy
distribution, Gauss(0, 1) is the random variable that satisfies the Gauss distribution, and
A =1~ (t/T)? and A, = (t/T)? are the dynamic parameters that change adaptively with
the number of iterations.

In order to validate the performance of the improved artificial jellyfish search algo-
rithm, four benchmark test functions are chosen to compare the optimization performance
of the IAJS algorithm, the AJS algorithm, Grey wolf optimization algorithm (GWO), Whale
optimization algorithm (WOA), and Harris hawks optimization algorithm (HHO). Among
them, F1 and F2 are unimodal functions, F3 is a multimodal function, and F4 is a fixed-
dimensional multimodal function. The basic parameter settings of each algorithm are
shown in Table 1. The other parameters remain the same, the optimization dimension
is 30, the population size is 30, and the maximum number of iterations is 500. Table 2
shows the statistical results of the 30 independent tests of each algorithm on the benchmark
test functions, where the bold part represents the algorithm with the best optimization
performance. Figure 4 shows the average iterative convergence curves on the benchmark
test functions.

Table 1. The basic parameter settings of each algorithm.

Algorithm Name Parameters
IAJS ,B =3,7=0.1, kmax = 10, kppin = 1
AJS B=3,7v=01
GWO Amax = 2, Amin = 0,71, 72 € [0, 1]
WOA ael0,2],r,mnel0,1],p=05b=1,1€[-1,1]
HHO p=05,]€[0,2]

Table 2. The test results of each algorithm on the benchmark test functions.

Algorithm
Function Statistics
IAJS AJS GWO WOA HHO

Optimal 0.0000 x 10~ 29132 x 1071 4.4427 x 107%° 3.0818 x 1078¢ 3.4871 x 107111
F1: Sphere Mean 0.0000 x 10~ 1.5817 x 10V 1.9413 x 10~% 22725 x 10774 6.6443 x 10%
Standard 0.0000 x 109 1.8679 x 10~V 2.8171 x 10~% 1.0694 x 1073 3.5842 x 10~%°
Optimal 0.0000 x 10~ 1.9518 x 1018 7.6909 x 1070 2.1240 x 1070 2.4287 x 107%
F2: Schewefel 1.2 Mean 0.0000 x 10~% 7.2734 x 107V 1.1714 x 10~% 8.1110 x 10~ 1.2096 x 10~7°
Standard 0.0000 x 109 8.7846 x 10~17 2.4667 x 1079 3.6620 x 10~ 3.6922 x 10777
Optimal 8.8818 x 10716 1.0691 x 10710 7.5495 x 1014 8.8818 x 10716 8.8818 x 10716
F3: Ackley Mean 8.8818 x 10716 4.6871 x 10710 1.0640 x 10713 3.9672 x 10715 8.8818 x 10716
Standard 0.0000 x 109 2.0870 x 1010 1.5810 x 10~ 14 2.0298 x 1015 1.0029 x 1031
Fa: SixcH Optimal —1.0316 x 107 —-1.0316 x 100°  -1.0316 x 10  —1.0316 x 10  —1.0316 x 10~ P
o By Mean —1.0316 x 10°°  —1.0316 x 10°®°  -1.0316 x 10°%  —1.0316 x 10°®°  —1.0316 x 10~
Standard 0.0000 x 109 6.4600 x 10716 1.6814 x 10708 1.0060 x 10~% 3.5641 x 10710
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Figure 4. Average iteration convergence curves of each benchmark test function ((a)—F1; (b)—F2;
(c)—F3; (d)—F4).

As shown in Table 2, the optimization results of the IAJS are superior to the AJS, WOA,
GWO, and HHO. The optimal value and average value of the IAJS test results on F1~F2
and F4 can reach the theoretical optimal value, and the standard deviation is 0, but the
theoretical optimal value is not reached on F3, because there are many local optimal values
in F3, making it easy to fall into the local optimal value. However, the standard deviation
of the experiment is 0. Therefore, the optimization performance of the IAJS algorithm has
been greatly improved. In addition, it can be seen from Figure 4 that the IAJS algorithm
converges faster than the other algorithms, indicating that the IAJS algorithm can jump out
of the local optimal faster. Meanwhile, it can be seen from Figure 4a,b that compared with
the other four algorithms, the convergence speed and accuracy of the IAJS algorithm are
significantly improved. Additionally, it can be seen from Table 2 and Figure 4d that all five
algorithms have reached the theoretical optimal solution, but from the convergence curves,
the convergence speed of the IAJS algorithm is faster than that of the other four algorithms.
Therefore, the AJS algorithm improved by Fuch chaotic mapping, lens-imaging reverse
learning, and adaptive hybrid mutation strategy can effectively improve the optimization
accuracy and efficiency. Thus, it will be applied to the kernel parameter optimization of the
HKRVM model.

3.2. Establishment Process of the Hybrid Prediction Model for Local Resistance Coefficient of Water
Transmission Tunnel Maintenance Ventilation Based on Machine Learning

In this section, a hybrid prediction model for the local resistance coefficient of water
transmission tunnel maintenance ventilation based on machine learning is proposed, and
the model establishment process is shown in Figure 5. The specific steps are as follows:
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Figure 5. Establishment process of the hybrid prediction model.

HKRVM
model train

(1) The sample set is normalized and the training set and test set are divided according
to the ratio of 3:1;

(2) The population size, maximum number of iterations, and kernel parameters the
search space, the initial jellyfish population is generated based on Fuch chaotic mapping,
the HKRVM model is built based on the jellyfish population, the mean absolute error of
prediction is selected as the fitness function and the corresponding fitness value is obtained;

(3) Start iteration. The fitness value of each jellyfish is compared to update the
jellyfish location, the optimal jellyfish location Xgpest and optimal fitness value fitnesspest
of the jellyfish are determined, and lens-imaging reverse learning and adaptive hybrid
variation are carried out on the updated jellyfish population and the current optimal
jellyfish, respectively;

(4) Enter the next iteration. The position and fitness value of the optimal individual
jellyfish are updated successively until the iteration termination condition is met and then
output the optimal jellyfish, that is, the optimal kernel parameters;

(5) The IAJS-HKRVM model is established using the optimal kernel parameters, and
the IAJS-HKRVM model is trained. After the model training, the test samples are used
for testing and verification, and the prediction results of the local resistance coefficient are
obtained, the error index is calculated, and the prediction performance is evaluated.

4. Case Study

The long-distance water transfer project is located in southern China’s Guangzhou
Province. The total length of the water transmission line is 113.1 km, a deep-buried TBM
tunnel is the main water transmission structure, accounting for 75% of the total water
transmission line, and the tunnel is buried at a depth of 30 to 60 m. The location of the
project and the layout of the TBM tunnel are shown in Figure 6a,b. The TBM tunnel of the
project starts from the reservoir and ends at the water pond, with a total length of 28.3 km.
Ten working shafts are arranged along the tunnel, numbered 1#~10#, and the tunnel is
correspondingly divided into ten parts by working shafts, numbered @~®.

The three-dimensional model of the tunnel and working shafts and maintenance
ventilation process are shown in Figure 6¢. During the operation of the water transmission
tunnel, the water stop valves in the working shaft are closed and in a state of pressure, and
the inside of the tunnel is full of water. During maintenance, the water stop valves are
opened to discharge the water flow inside the pipeline, and the pipe is kept dry. Ventilation
equipment such as axial flow fans and air ducts are arranged in the working shaft for
maintenance ventilation, supplying fresh air from the outside into the tunnel (as shown by
the solid green line with an arrow in Figure 6¢) to ensure maintenance work safety and the
working comfort of maintenance personnel.
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Figure 6. Diagram of engineering layout and maintenance ventilation ((a)—The project location
diagram; (b)—The TBM tunnel layout diagram; (c)—Maintenance ventilation process diagram).

4.1. Analysis of Ventilation Local Resistance Characteristics

In this section, a three-dimensional numerical simulation method is used to analyze
the ventilation local resistance characteristics of the combined tee structure, and the RNG
k-¢ turbulence model is used to simulate the complex turbulent motion in the local region
of the combined tee structure. The RNG k-¢ turbulence model transport equation is based
on the standard k-¢ turbulence model with an added corresponding source term, which
can accurately simulate the complex flow phenomena such as local vortex, jet collision, and
high-speed strain flow [42]. In this paper, the outlet of the air duct is set as the velocity inlet
boundary, and it is assumed that the airflow distribution of the outlet is uniform and the
airflow direction is perpendicular to the section of the outlet. The left and right sides of the
tunnel are set as the pressure outlet boundary, and the gauge pressure at the outlet is set
to 0. The wall of the tunnel and the wall of the air duct are set as the solid wall boundary
without slip [4].

In order to verify the reliability and accuracy of the numerical simulation results,
the model experiment results of the local loss coefficient of the bifurcated tunnel under
different bifurcation angles in the paper of Zhang et al. [43] are quoted in this paper for
comparison and verification, and the local loss coefficient under different bifurcation angles
and flow diversion ratios is simulated. The comparison between the numerical simulation
and model experiment value is shown in Figure 7. As can be seen from Figure 7, when
the bifurcation angle is 5°, the error range of the local loss coefficient is 6.0~13.5% and
the average error is 8.9%; when the bifurcation angle is 10°, the error range of the local
loss coefficient is 5.3~12.2% and the average error is 8.4%; and when the bifurcation angle
is 15°, the error range of the local loss coefficient is 4.2~12.9% and the average error is
7.8%. The error comparison results show that the numerical simulation results are in good
agreement with the model test results in the reference [43]. Therefore, the three-dimensional
numerical model of the ventilation local resistance of the combined tee structure of the water
transmission tunnel can be used to solve the sample point calculation of the prediction
model of the ventilation local resistance coefficient based on the IAJS-HKRVM.
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Figure 7. Comparison of local loss coefficient simulation and test value under different bifurcation
angles and flow diversion ratios ((a)—5°; (b)—10°; (¢)—15°).

In order to analyze the ventilation local resistance characteristics of the combined tee
structure, the numerical simulation results with the parameters of an air pipe diameter
of 1.2 m, number of air pipes of 4, a tunnel diameter of 8 m, and a wind speed of the
outlet of 10 m/s are selected for analysis. Figure 8 shows the wind velocity distribution
cloud map and vector map of the central longitudinal section of the combined tee structure
under this working condition. After the high-speed airflow emitted from the top air duct
outlet enters the tunnel, the flow direction changes sharply under the obstruction of the
tunnel wall, and moves and diffuses to both ends, forming the wall-attached flow and
collision wall-attached jet, as shown in Figure 8b (D and (2). After the high-speed airflow
emitted by the adjacent air pipe enters the tunnel, the overflow section suddenly expands,
the turbulent edge develops and diffuses, the airflow reaching the bottom of the tunnel is
diverted by the obstructing wall, and the adjacent jets collide with each other to form the
local vortex region, as shown in Figure 8b (3). At the same time, after the airflow enters the
tunnel, it diffuses to both ends of the tunnel, collides with the airflow in the upper space of
the tunnel, and forms the vortex region, as shown in Figure 8b (. In summary, the local
resistance loss is caused by the obstructing wall in the tunnel and the collision of adjacent
high-speed jets, which forms many local vortices in the local area.
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Figure 8. Wind velocity distribution cloud map (a) and vector map (b) in the longitudinal section of
the water transmission tunnel.

4.2. Analysis of Prediction Results for Ventilation Local Resistance Coefficient

Considering the engineering layout, maintenance ventilation characteristics, and local
resistance characteristics, the diameter of the tunnel, the diameter of the air duct, the
number of the air duct, and the airflow speed of the outlet are selected in this paper as the
input variables of the IAJS-HKRVM prediction model, and the local resistance coefficient
is selected as the output variable. The values or ranges of each input variable are shown
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in Table 3. A total of 68 groups of samples are obtained by random sampling, and the
response values of each group of samples are calculated based on the three-dimensional
numerical model of maintenance ventilation in Section 4.1. In the numerical simulation
process of the 68 groups of samples, their main difference lies in the physical model and
the settings of the boundary conditions. Changes in the number of air ducts, the diameter
of the air ducts, and the diameter of the tunnel will lead to changes in the physical model,
and changes in the airflow speed of the outlet will lead to changes in the setting of the
boundary conditions.

Table 3. The values or ranges of each input variable.

Input Variable Unit The Values or Ranges
Diameter of air duct m 1~2
Number of air duct / 1,2,3,4
Diameter of tunnel m 5~8
Airflow speed of outlet m/s 3~10

Among the 68 groups of samples obtained based on the three-dimensional numeri-
cal simulation model, 50 groups are randomly selected as the training set, and the other
18 groups are selected as the test set. The local resistance coefficient of water transmission
tunnel maintenance ventilation is predicted by the IA]JS-HKRVM prediction model estab-
lished in this paper. The learning curves of the fitness of the train set and test set are shown
in Figure 9. The comparison between the prediction results and the numerical simulation
results is shown in Figure 10.
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Figure 9. The learning curves of the fitness of train set and test set.
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Figure 10. Comparison of local resistance coefficient prediction value and simulation value.

It can be seen from Figure 9 that the fitness function value of the training set is smaller
than that of the test set. Moreover, when the model is trained for about 60 iterations,
the fitness curves of the training set and the test set begin to converge and there is little
difference between the fitness values of the training set and the test set. Therefore, the
model has a good generalization ability. As shown in Figure 10, the ventilation local
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resistance coefficient of the combined tee structure predicted by the IAJS-HKRVM model
has a high consistency with the numerical simulation results, and the residual difference
between the predicted value and the simulated value at each test sample point is within the
allowable range. Therefore, the hybrid prediction model for the local resistance coefficient
of water transmission tunnel maintenance ventilation proposed in this paper can efficiently
and accurately predict the local resistance coefficient under different working conditions
and can be used to predict the local resistance coefficient of the combined tee structure of
the water transmission tunnel.

5. Discussion

In this section, in order to further verify the effectiveness and superiority of the IAJS-
HKRVM hybrid prediction model for the local resistance coefficient of water transmission
tunnel maintenance ventilation proposed in this paper, the prediction performances of
different kernel RVM models and other conventional prediction models are compared
by using the residual distribution of each sample point, R%, MAE, RMSE, and other error
indicators and their improvement rates. The calculation formulas of R%, MAE, and RMSE
are shown in Equation (9).

n n

R =1 % (i~ )/ X (v~ 7))’
n
MAE = 1Y |y — i
nigly Jil ©)
RMSE = [1 3 (3~ 9:)°

where y; is the ventilation local resistance coefficient numerical simulation value, y; is the
average value of the ventilation local resistance coefficient numerical simulation value,
§; is the prediction value of the ventilation local resistance coefficient, and # is the sample
number of the test set.

5.1. Comparison with Conventional RVM Models

In order to verify the advantages of the Gaussian and Sigmoid hybrid kernel functions
adopted in this paper in balancing the global generalization and local learning abilities,
Gaussian kernel (g-RVM), polynomial kernel (p-RVM), Sigmoid kernel (s-RVM), Gaus-
sian and polynomial hybrid kernel (g-p-RVM), and Gaussian and Sigmoid hybrid kernel
(g-s-RVM) models are selected to predict the local resistance coefficient, respectively. The
boxplot of the prediction residual error of different kernel relevance vector machine models
is shown in Figure 11, the prediction error index comparison of the different kernel RVM
models is shown in Table 4, and the improvement rate of the prediction error index of the
IAJS-HKRVM model compared with different kernel RVM models is shown in Figure 12.

0.02
0.0126
T 0.0103
0.01
= 0.0041 0.0059
g : E
£ - 7 0.0024
= ;
Z 0.00 v
2 = -
z -0.0030 %
~ ’ 00055 -0.0054
-0.01
-0.0139
-0.0173
-0.02 -

gRVM  p-RVM  s-RVM  g-p-RVM  g-s-RVM IAJS-HKRVM

Prediction model

Figure 11. Boxplot of different kernel RVM model prediction residual error.
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Table 4. Comparison of different kernel RVM model prediction error indexes.

Model R? MAE RMSE
g-RVM 0.9702 0.0021 0.0027
p-RVM 0.7264 0.0067 0.0081
s-RVM 0.7598 0.0069 0.0076
g-p-RVM 0.9662 0.0023 0.0029
2-s-RVM 0.9384 0.0033 0.0039
IAJS-HKRVM 0.9903 0.0013 0.0015

Figure 12. Comparison of different kernel RVM model prediction error index improvement rate.

As can be seen from Figure 11, among the single-kernel RVM models, the Gaussian
kernel RVM model has the most concentrated prediction residual error distribution, and
the median value is close to zero, which is close to the IAJS-HKRVM model, while the
polynomial kernel RVM and Sigmoid kernel RVM model have a scattered prediction
residual error distribution. In the hybrid kernel RVM model, the residual error distributions
of the Gaussian + polynomial hybrid kernel RVM and Gaussian + Sigmoid hybrid kernel
RVM are close, but the prediction accuracy is lower than that of the Gaussian kernel
RVM model because the kernel parameters are determined according to experience, which
agrees with the error indexes presented in Table 4. Therefore, the IAJS algorithm is used
to optimize the kernel parameters of the HKRVM model, which further improves the
prediction accuracy. As can be seen from Table 4, the error indexes of the IA]S-HKRVM
prediction model are superior to other RVM models with different kernels, and the error
indexes of the IAJS-HKRVM prediction model are R? (0.9903), MAE (0.0013), and RMSE
(0.0015), respectively.

As can be seen from Figure 12, the numbers marked in red in Figure 12 show the
highest improvement rate of each error index of the IAJS-HKRVM model compared with
other RVM models with different kernel. The R? of the IAJS-HKRVM model has the
highest increase of 36.3% compared with the polynomial kernel RVM model, and the
lowest increase of 2.1% compared with the Gaussian kernel RVM model. The MAE has
the largest decrease of 81.0% compared with the polynomial kernel RVM model, and the
lowest decrease of 38.1% compared with the Gaussian kernel RVM model. The RMSE
has the largest decrease of 81.2% compared with the polynomial kernel RVM model, and
the lowest decrease of 42.9% compared with the Gaussian kernel RVM model, which
agrees with the data presented in Table 4. According to the comparative analysis results,
it can be seen that single-kernel RVM models such as the Gaussian kernel, polynomial
kernel, and Sigmoid kernel are difficult to be able to effectively mine complex nonlinear
motion features. At the same time, it is difficult to guarantee the prediction accuracy and
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generalization performance of the model by determining the kernel parameters based on
experience. Therefore, the global generalization ability and local learning ability of the
Gaussian + Sigmoid hybrid kernel effective equilibrium model adopted in this paper can
better explore the nonlinear fluctuation characteristics of the local resistance coefficient of
the combined tee structure.

5.2. Comparison with Other Prediction Models

In order to further verify the superiority of the prediction performance of the IAJS-
HKRVM model, SVM, backpropagating neural network (BPNN), and the AJS-HKRVM
model are selected to predict the ventilation local resistance coefficient, respectively, and
are compared with the prediction results of the IA]JS-HKRVM model. Among them, the
radial basis kernel function is used in the SVM model, and the kernel parameters and
penalty factor are determined by grid search. The learning rate of the BPNN is 0.001,
and the hyperparameters are determined by Bayesian optimization. The boxplot of the
residual error of the prediction results of each model is shown in Figure 13, the prediction
error index comparison of each model is shown in Table 5, and the prediction error index
improvement rate of the IAJS-HKRVM model compared with other models is shown in
Figure 14.
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Figure 13. Boxplot of different model prediction residual error.

Table 5. Comparison of other model prediction error indexes.

Model R? MAE RMSE
SVM 0.8505 0.0050 0.0060
BPNN 0.8339 0.0051 0.0063
AJS-HKRVM 0.9857 0.0014 0.0019
IAJS-HKRVM 0.9903 0.0013 0.0015

As shown in Figure 13, the maximum and minimum values of the prediction residual
error of the IAJS-HKRVM model are lower than those of the other prediction models, and
its prediction residual error distribution is the most concentrated, and the median is the
closest to 0. The residual error distribution concentration of the AJS-HKRVM model is close
to that of the IAJS-HKRVM model, but its maximum residual is slightly larger. The SVM
has the second highest degree of prediction residual error distribution concentration, while
the BPNN has the lowest degree of prediction residual error distribution concentration,
which is consistent with the prediction error indicators of each model in Table 5. As can be
seen from Table 5, the error indexes of the IAJS-HKRVM model are better than those of the
AJS-HKRVM, SVM, and BPNN. As can be seen from Figure 14, the numbers marked in red
in Figure 14 show the highest improvement rate of each error index of the IAJS-HKRVM
model compared with other conventional prediction models. The R? of the IA]JS-HKRVM
model has the highest increase of 18.8% compared with the BPNN, and the lowest increase
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of 0.5% compared with the AJS-HKRVM model. The MAE has the largest decrease of 75.2%
compared with the BPNN, and lowest decrease of 11.6% compared with the AJS-HKRVM
model. The RMSE has the largest decrease of 75.8% compared with the BPNN, and the
lowest decrease of 17.7% compared with the AJS-HKRVM model. Therefore, the prediction
performance of the IAJS-HKRVM model has been greatly improved compared with other

conventional prediction models.
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Figure 14. Comparison of prediction error index improvement rate of the IAJS-HKRVM model
compared with other models.

As shown in Figures 13 and 14, the prediction accuracy of the IAJS-HKRVM model
is only slightly improved compared with the AJS-HKRVM model. Figure 15 shows the
comparison of the convergence curves of the AJ[S-HKRVM and IAJS-HKRVM model. As
can be seen from Figure 15, during the first iteration, the average optimal fitness values of
the AJS-HKRVM and IAJS-HKRVM model are 0.0424 and 0.0308, respectively. In addition,
by the 38th iteration of the IAJS-HKRVM, the jellyfish population has been concentrated in
the region near the optimal solution, while the AJS-HKRVM arrived at the region near the
optimal solution at the 46th iteration. The running time of each iteration is the same, so the
optimization efficiency of the IAJS-HKRVM model is improved by about 17.4% compared
with the AJS-HKRVM. Therefore, the artificial jellyfish search algorithm improved by
the Fuch chaotic mapping, lens-imaging reverse learning, and adaptive hybrid mutation
strategy enables the initial population to quickly concentrate in the optimal solution region,
balances the global and local search capabilities, and can quickly jump out of the local
optimal, effectively improving the optimization efficiency of the AJS algorithm. Therefore,
using the IAJS algorithm to optimize the kernel parameters of the HKRVM model improves
the prediction accuracy and generalization ability of the model, and realizes the efficient
and accurate prediction of the ventilation local resistance coefficient of the combined

tee structure.
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Figure 15. Comparison of convergence curves of IAJS-HKRVM and AJS-HKRVM model.

6. Conclusions

The local resistance characteristics of water transmission tunnel maintenance ven-
tilation are complicated, which is related to the complex nonlinear turbulent motion in
the local region. In order to calculate the efficiency and accuracy of the ventilation local
resistance coefficient, this paper proposed a hybrid prediction model for the local resistance
coefficient of water transmission tunnel maintenance ventilation based on an intelligent
optimization algorithm and a small-sample machine-learning method, and established the
nonlinear mapping relationship between the structural parameters, ventilation parameters,
and local resistance coefficient, so as to replace the complex physical mechanism of fluid
mechanics. The main research achievements are as follows:

(1) Research on numerical simulations of the local resistance characteristics of the
combined tee structure of water transmission tunnel maintenance ventilation was carried
out. As a result, the local resistance characteristics of the combined tee structure were
analyzed, determining that the local resistance is mainly caused by the collision and friction
of the airflow in the local area and the formation of multiple local eddy currents due to the
sudden change in the cross-section and flow direction.

(2) The IAJS-HKRVM hybrid model was proposed. The IAJS algorithm was used to
automatically optimize the kernel parameters of the HKRVM model, which effectively
improved the prediction accuracy and generalization performance, and the optimization
performance of the IAJS algorithm was verified based on the benchmark test function.

(3) Combined with an actual project, the local resistance coefficient of the combined
tee structure of water transmission tunnel maintenance was predicted. The results showed
that the IAJS-HKRVM model has a good prediction performance and can better excavate
the deep nonlinear fluctuation characteristics of the ventilation local resistance coefficient.

(4) The effectiveness and superiority of the proposed method in the prediction of
the ventilation local resistance coefficient were verified by comparing and analyzing the
prediction performance of different models. In terms of the prediction accuracy, the IAJS-
HKRVM model has the highest improvement of 36.3% compared with different kernel
RVM models, and the highest improvement of 18.8% compared with other conventional
models. In terms of the prediction efficiency, it has improved by about 17.4% compared
with the AJS-HKRVM.

In future studies, the local resistance coefficient prediction method for water trans-
mission tunnel maintenance ventilation proposed in this paper will be combined with a
multi-objective optimization study of the maintenance ventilation scheme of a long-distance
water transmission tunnel, to provide a theoretical basis and technical parameters for the
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design and optimization of the maintenance ventilation scheme of a long-distance water
transmission tunnel.
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Abbreviations

HKRVM  Hybrid kernel relevance vector machine

IAJS Improved artificial jellyfish search algorithm
RVM Relevance vector machine

AJS Artificial jellyfish search algorithm
SVM Support vector machine

BPNN Backpropagating neural network

R? Relative coefficient square

MAE Mean absolute error
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