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Abstract: The rational use of natural wind in extra-long tunnels for feedforward operation ventilation
control can dramatically reduce tunnel operation costs. However, traditional tunnel natural wind
calculation theory lacks a prediction function. This paper proposes a three-stage tunnel natural
wind prediction method relying on the Yanglin Tunnel in Yunnan, China based on the massive
meteorological parameters provided by the open-source national meteorological stations around
the tunnel, which make up for the partial deficiency of the meteorological parameters of the tunnel
portal. The multi-layer perceptron model (MLP) was used to predict the real-time meteorological
parameters of the tunnel portal using the data from four national meteorological stations. The
nonlinear autoregressive network model (NARX) was used to predict the meteorological parameters
of the tunnel portal in the next period based on the predicted and measured real-time data. The
natural wind speed in the tunnel was obtained by a theoretical calculation method using the predicted
meteorological parameters. The final tunnel natural wind prediction results are in good agreement
with the field measured data, which indicates that the research results of this paper can play a guiding
role in the feedforward regulation of tunnel operation fans.

Keywords: tunnel natural wind prediction; meteorological parameter; MLP; NARX

1. Introduction

With the vigorous construction of China’s national expressway network, the number
and length of highway tunnels are increasing rapidly. By the end of 2020, China had built
1394 extra-long tunnels with a length of 6235.5 km and 5541 long tunnels with a total length
of 9632.2 km [1]. The increase in the number of long highway tunnels is accompanied
by a significant increase in tunnel ventilation accessory structures and facilities, and the
operation ventilation cost of highway tunnels can reach up to 70% of the total operation
cost [2]. Typical ventilation schemes of some extra-long highway tunnels in China are
shown in Table 1.

Existing designs often consider tunnel natural wind as ventilation resistance [3]. In
some cold areas, the natural wind will lead to a longer tunnel freezing length [4], and it
is necessary to prevent cold natural wind from entering the tunnel [5]. However, as an
important factor affecting the economy and safety of tunnel ventilation design, natural
wind utilization technology is one of the main optimization directions of highway tunnel
operation ventilation at present. Previous studies have shown that indoor air quality can be
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improved with the rational use of natural wind [6,7]. Moreover, the size and characteristics
of the tunnel natural wind can be obtained by theoretical calculations, model tests, and
numerical simulations [8–10]. In addition, since extra-long tunnels often cross the climate
isolation zone, the influence of the tunnel natural wind on ventilation is more obvious
than that in other areas [11]. The tunnel operation cost can be greatly reduced if the tunnel
natural wind is fully and reasonably used [12]. For example, Mao et al. (2012) have drawn
the conclusion that the natural ventilation can reduce the total operation investment of
a city tunnel by 30% [13]. Due to the huge utilization potential of tunnel natural wind, how
to use it accurately and scientifically has become a major research trend.

Table 1. Ventilation schemes of extra-long highway tunnels in China.

Tunnel Tunnel
Length/(km) Ventilation Scheme Ventilation Section

Qinling Zhongnanshan Tunnel 18.0 Feed and exhaust longitudinal ventilation
with air supply through parallel heading 4

Jinpingshan Tunnel 17.5 Longitudinal jet ventilation 1
Qinling Tiantaishan Tunnel 15.6 Feed and exhaust longitudinal ventilation 4

Erlangshan Tunnel 13.4 Feed and exhaust longitudinal ventilation 3
Shiziping Tunnel 13.1 Feed and exhaust longitudinal ventilation 3 in right line, 2 in left line
Maijishan Tunnel 12.3 Feed and exhaust longitudinal ventilation 4 in right line, 3 in left line

The size and characteristics of the tunnel natural wind will change with the change
in the natural environmental conditions outside the tunnel [14]. The accurate prediction
of the tunnel natural wind speed in the next period can guide the regulation of the fan in
time and achieve further energy saving. For the time being, the research on wind speed
prediction is more concentrated in the field of wind power generation [15]. In retrospect,
multiple forecasting models are adopted to predict wind speed. Li et al. (2010) conducted
a comprehensive comparative study on the accuracy degree of the wind speed prediction of
three typical neural networks: adaptive linear element, back propagation, and radial basis
function. It is concluded that no neural network model is superior to other models in all
evaluation indexes [16]. Zhao et al. (2012) used a coupled model consisting of a Numerical
Weather Prediction (NWP) model and Artificial Neural Networks (ANNs) to improve the
accuracy of wind speed prediction [17]. Shi et al. (2014) used a hybrid prediction model
based on grey correlation analysis and wind speed distribution characteristics to predict
very short-term wind power output [18]. Bastos et al. (2021) developed an improved
U-convolutional model for spatio-temporal wind speed prediction [19]. Sacie et al. (2022)
found that the NARX model performed best in terms of metocean variables prediction
among several machine learning models [20].

In summary, the calculation of natural wind in highway tunnels mostly depends
on theoretical calculations, model tests, and numerical simulations, while the prediction
of meteorological parameters in a complex terrain is often concentrated in the field of
wind power generation. In order to use the tunnel natural wind achieving feed-forward
operation ventilation, it is necessary to conduct deeper research by combining the meteoro-
logical parameter prediction method and the tunnel natural wind calculation theory. In
this study, a predictive learning model of deep multi-tasking is established based on the
Yanglin Tunnel project, which contains data from multiple spatio-temporal-related sites for
training at the same time. The purpose is to predict the natural wind of mountain tunnels
as accurately as possible based on the open-source data of the national meteorological
station and provide a reference for the feedforward operation ventilation regulation of
highway tunnels.
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2. Prediction and Calculation Method
2.1. Research Frame

The existing natural wind calculation theory is based on the meteorological parameters
of the tunnel portals. In order to achieve the purpose of feed-forward energy-saving
ventilation in the tunnel, it is necessary to establish a set of natural wind prediction
methods. Meteorological stations are installed at the lower portal, higher portal, and
shaft of Yanglin Tunnel. However, due to the short construction and operation time of
Yanglin Tunnel, the establishment time of meteorological stations lags the tunnel operation
time, and the meteorological stations will face the risk of being damaged or dismantled
in the future, resulting in a small number of samples of meteorological data at the tunnel
portal at any moment, which cannot achieve effective prediction. Fortunately, there are
four open-source ground observation stations of the China Meteorological Administration
around the tunnel, with sufficient data samples which are easy to obtain. Among them,
Songming Station and Kunming Station are in the north and southwest of the higher portal,
about 35 km and 60 km away, respectively. Chenggong Station and Yiliang Station are in
the south and southwest of the lower portal, about 34.5 km and 47.8 km away, respectively.
The geographical relationship between the four national meteorological stations and the
meteorological stations around the tunnel is shown in Figure 1.
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Figure 1. Geographical location map of the four national stations and tunnel portals.

In this paper, a three-stage prediction method of tunnel natural wind based on the
open-source data of the national meteorological station is developed. The first stage is to
obtain the real-time meteorological data of the tunnel portal according to the open-source
data of the national meteorological station; the second stage is to predict the meteorological
data of the next period according to the predicted and measured real-time meteorological
data of the tunnel portal; the third stage is to calculate the tunnel natural wind according
to the predicted meteorological data of the tunnel portal in the next period. The required
meteorological parameters are wind speed, wind direction, temperature, barometric pres-
sure, and relative humidity. The whole prediction processes of the tunnel natural wind are
shown in Figure 2.
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2.2. Real-Time Data Acquisition Method

In order to support the prediction of meteorological parameters by using the data of
the national meteorological station, it is necessary to determine the transmission relation-
ship between each parameter and the meteorological stations. In this paper, multi-layer
perceptron (MLP) is used to analyze the spatio-temporal characteristics of each piece of
data to obtain the real-time meteorological parameters of the tunnel portal. MLP is a stan-
dard fully connected neural network model composed of multiple node layers, which is
usually used to explore modeling, binary classification, multi-classification, and regression
problems [21]. In this section, a multi-layer perceptron network containing three dense
layers is established to realize the regression analysis of meteorological data at the tunnel
portal. The prediction structure of the multi-layer perceptron is shown in Figure 3.
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2.2.1. Data Collection and Input

The required meteorological parameters are wind speed, wind direction, temperature,
barometric pressure, and relative humidity. The prediction of a certain meteorological
parameter of each station is taken as a task, one station is defined as the main task, and
three neighboring stations are selected as auxiliary tasks. The influencing factors of several
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meteorological parameters were constructed into a two-dimensional matrix, and each input
sample was composed of four surrounding national meteorological stations and three
stations at the tunnel portal of the Yanglin Tunnel. Each sampling point contains hourly
sampling data with uniform parameters.

2.2.2. Spatio-Temporal Correlation Analysis

After the data input, the flow of data is shown in Figure 4.
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The features extracted from multiple tasks are simultaneously transferred to the shared
layer composed of multi-layer neural networks. Multiple tasks share parameters in the
shared layer to learn the spatio-temporal correlation characteristics of multiple sites. Finally,
the correlation matrix is used to represent the correlation between input variables and
output variables, and the calculation dimension is reduced by eliminating highly correlated
variables. The correlation matrix of the wind speed of each weather station is shown in
Table 2. The others are similar and will not be repeated.

Table 2. Wind speed correlation analysis of each weather station.

Correlation L.P. H.P. Shaft Kun. Song. Yi. Cheng.

L.P.(1) 1 0.48 0.85 0.76 0.95 0 0.21
H.P.(2) 0.48 1 0.28 0.3 0.81 0.92 0.9
Shaft 0.85 0.28 1 0.71 0.78 0.02 0.87

Kun.(3) 0.76 0.3 0.71 1 0.8 0.17 0.91
Song.(4) 0.95 0.81 0.78 0.8 1 0.94 0.76

Yi.(5) 0 0.92 0.02 0.17 0.94 1 0.06
Cheng.(6) 0.21 0.9 0.87 0.76 0.76 0.06 1

(1) L.P.: lower portal. (2) H.P.: higher portal. (3) Kun.: Kunming station. (4) Song.: Songming station. (5) Yi.: Yiliang
station. (6) Cheng.: Chenggong station.

2.2.3. Machine Learning with Heterogeneous Features

As shown in Figure 4, multiple tasks enter their own unique fully connected deep
neural network, and each task uses its own MLP to learn its time series features and mines
personalized information. Each task calculates the loss value according to the predicted
value and the observed value and obtains the different losses of multiple tasks. Then,
the multiple loss values are jointly optimized by weighted summation so that each task
can better consider the results of their mutual influence in the learning process. In this
process, the stochastic gradient descent algorithm is used for continuous iterative training
to minimize the objective function. When the error of the verification set is no longer
reduced, use the early stopping function to stop the training, and save the parameter
decreasing to the lowest as the final model.

The final prediction model expressions of each tunnel portal are obtained as follows:

f (x) =
n

∑
i=1
|αi − αn|K(xi, x) + o(x) (1)
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where αi is the weight value of the input points of each weather station, as shown in Table 3,
K(xi, x) is the preset correlation function, and o(x) is the error of the prediction model.

Table 3. Meteorological parameter prediction weight value.

Parameter Location Kun. Song. Yi. Cheng.

W.S.(1)

Lower portal

0.974 0.967 1.095 0.867
W.D.(2) 0.845 0.857 1.054 1.002

Temperature 0.996 0.987 0.896 0.876
B.P.(3) 0.786 0.798 0.973 0.837
R.H.(4) 0.876 0.895 0.967 0.892

W.S.

Higher portal

1.020 1.013 1.096 0.896
W.D. 0.878 0.800 1.098 1.053

Temperature 1.040 0.971 0.859 0.928
B.P. 0.815 0.761 0.971 0.810
R.H. 0.832 0.908 1.015 0.854

W.S.

Shaft

0.973 0.945 1.049 0.810
W.D. 0.835 0.828 1.110 0.990

Temperature 0.940 0.933 0.837 0.921
B.P. 0.809 0.787 0.977 0.882
R.H. 0.937 0.942 1.009 0.837

(1) W.S.: wind speed. (2) W.D.: wind direction. (3) B.P.: barometric pressure. (4) R.H.: relative humidity.

2.3. Prediction Method of Meteorological Parameters in the Next Period

The NARX model (nonlinear autoregressive network model with exogenous inputs) is
a dynamically driven RNN model which abandons the method of using static perceptron
to build spatial models but simultaneously uses continuous exogenous inputs combined
with autoregressive algorithms for prediction [22]. Taking the wind speed prediction as an
example, as shown in Figure 5, there are five input variables, namely, V(t)(wind speed),
α(t)(wind direction), T(t)(air temperature), P(t)(barometric pressure), and RH(t)(relative
humidity). The model is a two-layer feedforward network, with a tan-sigmoid transfer
function in the hidden layer and a linear transfer function in the output layer. The model
relates the current value of a time series to both the past values of the same series and
the current and past values of the driving (exogenous) series. The network is created
and trained in an open loop using a real output, which is more accurate and efficient
than closed-loop systems. Once trained, the network can be converted to a closed-loop
prediction mode. This process adopts the static backpropagation algorithm and decoupling
feedback [20]. Relevant studies showed that when NARX models are used for prediction
calculation, the method of delaying practical prediction has a good effect, and it is not easy
to overfit [23,24]. This method will be used to predict the meteorological parameters in the
next period of the tunnel portal.

2.3.1. Data Preparation and Feature Extraction

The data of the tunnel portal are preprocessed to detect and delete errors and bad
points caused by sensor faults by using the real-time acquisition data of the meteorological
parameters at the tunnel portal obtained in Section 2.2. The preprocessed data are then
normalized to transform the data from the natural range to the effective network range.
The five variables of wind speed, wind direction, temperature, barometric pressure, and
relative humidity at the tunnel portal were used as the input vectors of the model. At the
same time, another set of time series is arranged into the second cell array as the output
vector. The data are divided into six datasets, as shown in Table 4.
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Table 4. Meteorological parameters prediction dataset.

Dataset Name Collection Time Number of Neurons Output Model

Summer dataset 1 Mar. to Aug. 2021 5 Lower portal in summer
Winter dataset 1 Sept. to Dec. 2021 5 Lower portal in winter

Summer dataset 2 Mar. to Aug. 2021 5 Shaft in summer
Winter dataset 2 Sept. to Dec. 2021 5 Shaft in winter

Summer dataset 3 Mar. to Aug. 2021 5 Higher portal in summer
Winter dataset 3 Sept. to Dec. 2021 5 Higher portal in winter

Therefore, the total amount of the winter dataset is 24 × 30 × 4 = 2880, and the total
amount of the summer dataset is 24 × 30 × 6 = 4320. The input and output vectors are
randomly divided into three parts: 70% for the training set, 15% for the validation set, and
15% for the test set, which can prevent overfitting [25]. Similarly, the correlation matrix is
used to measure the correlation between each variable, and highly correlated variables are
eliminated to reduce the calculation dimension. For example, the calculated correlation
matrix of the wind speed prediction of summer dataset 1 is shown in Table 5.

Table 5. Correlation matrix for wind speed prediction.

Name W.S. W.D. Temperature B.P. R.H.

W.S. 1 −0.47 0.2 0.22 0.29
W.D. −0.47 1 0.16 −0.02 −0.19

Temperature 0.2 0.02 1 0.89 −0.12
B.P. 0.22 −0.02 0.89 1 0.78
R.H. 0.29 −0.16 0.16 0.78 1

2.3.2. Grid Architecture

The architecture of the NARX network can be determined by the number of input
variables. Taking the wind speed forecasting in this project as an example, with a total of
five variables (wind speed, wind direction, temperature, barometric pressure, and relative
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humidity), the corresponding neural network model for five input nodes (input layer), five
neurons (hidden layer), and one output node (wind speed, output layer) was determined.
The other meteorological parameters prediction model is the same; the model equation is
shown below.

y(t) = fo

{
bo +

5

∑
m=1

Wh,0· fh·

bh +
p

∑
k=1

dx

∑
i=1

Wh,i·xk(t− i) +
dy

∑
i=1

Wh,j·y(t− j)

 (2)

where fh and fo are the nonlinear mapping functions of the hidden layer and the output
layer obtained by training, bh and bo are the thresholds of the hidden layer and the output
layer, dx and dy are the input and output delay orders, Wh,i, Wh,j, and Wh,0 are the weight co-
efficient between the input layer and the hidden layer, the feedback connection and the hid-
den layer, and the hidden layer and the output layer, respectively,y(t− j) is the output value
of the system at time (t− j)

(
j = 1, 2, . . . dy

)
, xk(t− i) (k = 1, 2, . . . p), (i = 1, 2, . . . dx), is

the input value of the kTH external input variable sequence of the neural network at time
(t− i), and p is the dimension of the external input variable sequence.

The grid architecture of the NARX network is shown in Figure 6. The symbolic
meaning is the same as that in Equation (2). There are five input delay terms in the
input layer, corresponding to five meteorological parameters, and each input delay term
contains (Cx + 1) orders. y

(
t− Cy

)
is the output delay term generated after training and

also becomes the input value of the next time period prediction so that the model can
realize the delay and feedback functions.
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2.4. Calculation Method of Tunnel Natural Wind
2.4.1. Tunnel without the Shaft

The shaft on the right line of the Yanglin Tunnel is not used for air supply and exhaust
operation but only for ventilation and smoke exhaust under fire conditions. There is only
one section in the whole right-line tunnel. For a common tunnel without a shaft, the
relationship between the natural wind speed and the natural ventilation force between
two portals is shown in Equation (3) [3].

∆P =

(
1 + ξe + λr·

L
Dr

)
·ρi

2
·v2

n (3)

where ∆P is the natural ventilation force, ξe is the local drag coefficient at the tunnel portal,
λr is the tunnel wall friction drag coefficient, L is the tunnel length, Dr is the tunnel section
equivalent diameter, ρi is the air density in the tunnel, and vn is the natural wind speed.

The natural ventilation force is composed of three parts: thermal-potential pressure
difference, ultrastatic pressure difference, and wind wall pressure difference. The thermal
potential difference is the difference in air flow pressure caused by the temperature dif-
ference inside and outside the tunnel and the height difference between the two portals.
The ultrastatic pressure difference is the pressure difference when there is natural wind
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flowing in the tunnel from the outside that causes a change in the overall air temperature
and density in the tunnel. The wind wall pressure difference refers to the dynamic pressure
part of the natural wind outside blowing to the tunnel portal as it hits the hillside and turns
into the positive pressure head of the wind flow inside the tunnel.

The calculation formulas of the three pressure differences are as follows:

∆Pt =

(
ρ1 + ρ2

2
− ρin

)
gH (4)

∆Pu = P1 − P2 − ρingH (5)

∆Pw = δ
ρ1

2
(V1·cosα1)

2 − δ
ρ2

2
(V2·cosα2)

2 (6)

where ∆Pt is the thermal-potential pressure difference, ρ1 and ρ2 are the air density of
the lower and higher portal, respectively, ρin is the air density inside the tunnel, H is the
altitude difference between the two portals, ∆Pu is the ultrastatic pressure difference, P1
and P2 are the barometric pressures of the lower and higher portal, respectively, ∆Pw is the
wind wall pressure difference, δ is the wind pressure coefficient, V1 and V2 are the wind
speeds of the lower and higher portal, respectively, and α1 and α2 are the angles between
the wind direction and the midline of the tunnel of the lower and higher portal.

The natural ventilation force is the sum of the above-mentioned three pressure differences:

∆P = ∆P t + ∆Pu+∆Pw (7)

The natural wind speed calculation formula can be obtained by the simultaneous
Equations (3)–(7):

vn =

√√√√√2×
{

P1 − P2 − 2ρingH + 0.35
[
ρ1 (V1 ·cosα1 )

2 − ρ2 (V2 ·cosα2 )
2
]
+
(

ρ1 +ρ2
2

)
gH
}

ρin

(
λr

L
Dr

+ ξe + 1
) (8)

2.4.2. Tunnel with a Shaft

The left line of the Yanglin Tunnel is a main tunnel with a shaft ventilation structure,
and the tunnel natural wind should be calculated according to the ventilation pressure
mode of the segmented tunnel. The schematic diagram of the tunnel section with a shaft
on the left line is shown in Figure 7, where the red parameters are used for calculating
the ultrastatic pressure difference and the blue parameters are used for calculating the
thermal-potential pressure difference.
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Taking the shaft (node 3) as the calculation reference node of the ultrastatic pressure
difference, the ultrastatic pressure differences of the higher portal (node 1), lower portal
(node 2), and shaft relative to this reference node are, respectively, ∆P1, ∆P2, and ∆P3, where
∆P3 = 0. When a steady flow is formed in the tunnel and shaft, the total pressure at the
bottom of the shaft (node 4) is ∆P4, and if the confluence and split pressure loss are not
considered, the total pressure at the section of 1-1′, 2-2′ and 3-3′ is equal to ∆P4, obtaining
the total pressure difference between nodes 1-3 and node 4. According to the resistance law
of air flow, the relation of the pressure difference at each node can be obtained. Meanwhile,
for node 4 in Figure 7, it is considered that the algebraic sum of the air volume at the three
sections is 0 when the air density changes very little. In summary, the calculation method
of the ultrastatic pressure difference in the tunnel with a shaft can be expressed as follows:

∆Pi − ∆P4 =
(

Ri + R′i
)
·Qi·|Qi| (9)

ΣQi = 0 (10)

Ri =
λiρin

8
· LiCi

S3
i

(11)

R′i =
ρin
2
· ξe

S2
i

(12)

where ∆Pi is the ultrastatic pressure of node i (i ranges from 1 to 3), Ri (i ranges from 1 to 4;
the same below) is the friction drag coefficient of node i, R′i is the local drag coefficient of
node i, Qi is the air flow of node i, λi is the resistance coefficient of point i, Ci is the tunnel
section perimeter of node i, and Si is the section area of node i.

Equations (9) and (10) can be combined into four equations containing four unknowns,
and the final value can be obtained through trial calculation by programming.

The calculation method of the thermal-potential pressure difference of the tunnel with
a shaft is like that of the tunnel without a shaft. The calculation formula of each section is
as follows:

∆Pi−3 = ρi−3gHi−3 − ρingHi−4 − ρingH4−3 (13)

where ∆Pi−3 is the thermal-potential pressure difference between node i and 3 (i ranges
from 1 to 2; the same below), ρi−3 is the average air density between node i and 3, and Hi−j
is the altitude difference between node i and j.

The calculation principle of the wind wall pressure difference of the shaft is the same
as that in the non-shaft tunnel, which will not be described here. After calculating the
thermal-potential difference and the wind wall pressure difference of the air wall, the
pressure difference between the lower and higher portal and the shaft can be regarded as
the ultrastatic pressure difference of each portal with respect to the shaft, and the natural
wind speed of each section can be calculated according to the method of the ultrastatic
pressure difference.

3. Results
3.1. Real-Time Data of the Tunnel Portal

After multiple training sessions in Section 2.1, the weights of each parameter in
the final model are obtained and used to predict meteorological parameters in multiple
locations, and the predicted values of the main locations are used as the final processing
results. Taking the meteorological parameters at the lower portal on 6 January 2022 as
an example, the curves of the predicted and actual measured meteorological parameters
are shown in Figure 8.
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Figure 8. Curves of the predicted and measured data. (a) Wind speed. (b) Wind direction.
(c) Temperature. (d) Barometric pressure. (e) Relative humidity.
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To further confirm the feasibility of the model, the error analysis of the results is
carried out. The equations called root mean square error (RMSE) and mean square error
(MSE) are used to evaluate the prediction performance and thus minimize uncertainty [26].

Root mean square error:

RMSE =

√
1
n

n

∑
i=1

(X f − Xm)
2 (14)

Mean square error:

MSE =
1
n

n

∑
i=1

(X f − Xm)
2 (15)

The error of the obtained model is shown in Table 6.

Table 6. Error of each parameter.

Prediction Model Location RMSE MSE R

Wind speed

Lower portal

0.02 0.15 0.99
Wind direction 0.01 0.11 0.95
Temperature 0.01 0.08 0.99

Barometric pressure 0 0.03 0.97
Relative humidity 0 0.04 0.94

Wind speed

Higher portal

0.01 0.09 0.92
Wind direction 0 0.04 0.92
Temperature 0 0.04 0.93

Barometric pressure 0.01 0.09 0.94
Relative humidity 0.01 0.11 0.96

Wind speed

Shaft

0.01 0.12 0.96
Wind direction 0.01 0.12 0.98
Temperature 0.02 0.15 0.97

Barometric pressure 0.02 0.13 0.93
Relative humidity 0.04 0.04 0.9

According to Table 6, the RMSE of the model is controlled within 0.1, the MSE is
controlled within 0.15, and the correlation coefficient is above 0.90. Therefore, the method
can respond well to the spatio-temporal characteristics of the tunnel environment.

3.2. Next Period Data of the Tunnel Portal

After all the training data are trained using the method in Section 2.3, the model
is converted into a closed-loop mode to provide the prediction of the next set of values
generated based on the input of the training data. Taking the meteorological parameters
at the lower portal on 1 October 2021 as an example, the comparison between the trained
results and the measured results at the meteorological station is shown in Figure 9.

Similarly, the equations of RMSE and MSE are respectively used to evaluate the
prediction performance and minimize the uncertainty. The errors of the prediction models
are shown in Table 7.

According to Table 7, the RMSE of the models is controlled within 1.1, the MSE is
controlled between 0.3 and 1.03, and the correlation coefficient is above 0.8. Therefore,
it can be concluded that this prediction model can be well applied to the meteorological
parameter prediction of the tunnel portal.
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Figure 9. Comparison between the trained and measured results. (a) Wind speed. (b) Wind direction.
(c) Temperature. (d) Barometric pressure. (e) Relative humidity.
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Table 7. Error of each prediction model.

Prediction Model RMSE MSE R

Summer dataset 1 0.4 0.63 0.98
Winter dataset 1 0.39 0.62 0.97

Summer dataset 2 0.09 0.3 0.99
Winter dataset 2 1.08 1.03 0.8

Summer dataset 3 0.33 0.61 0.98
Winter dataset 3 0.39 0.62 0.97

3.3. Tunnel Natural Wind

In order to verify the prediction results, field tests were conducted in different sections
of the tunnel in June 2021 and January 2022, respectively, to obtain the natural wind speed
in the tunnel. Based on the meteorological parameter results predicted in Section 3.2 and
the method mentioned in Section 2.4, taking the winter model of natural wind in the right
line as an example, the comparison between the predicted and measured value is calculated,
as shown in Figure 10.
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Figure 10. Comparison between the predicted and measured natural wind speed.

The error between the predicted and the measured value is shown in Table 8.

Table 8. Error of each tunnel section.

Location Season RMSE MSE R

Section 1 in the left line
Winter

0.22 0.43 0.83
Section 2 in the left line 0.38 0.75 0.87

Right line 0.45 0.9 0.89

Section 1 in the left line
Summer

0.17 0.33 0.8
Section 2 in the left line 0.44 0.88 0.88

Right line 0.32 0.64 0.87

The prediction method proposed in this paper has a viable effect on the calculation of
the natural wind speed in the tunnel during the verification period. and the correlation
coefficients of each section in the left line and the right line are all above 0.8.
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4. Discussion

In this paper, the data of the National Meteorological Administration are processed,
and a real-time prediction and short-term prediction model are formed for the meteoro-
logical parameters of the tunnel portal based on the multi-layer perceptron model (MLP)
and nonlinear autoregressive model (NARX). Consequently, the natural wind speed in the
tunnel can be obtained by a set of natural wind calculation methods using the predicted
data. The purpose of energy saving relying on the fan regulation of Yanglin Tunnel through
feedforward ventilation can be realized.

To our knowledge, this study is the first attempt to use the data of the national
meteorological stations to map the meteorological parameters of the tunnel portal due to its
discontinuous and insufficient nature. As shown in Figure 8, the prediction curves of the
five meteorological parameters mapped by MLP all maintain a good, consistent trend with
the measured data, and the difference between the predicted value and the measured value
is very small. As shown in Table 2, each tunnel portal meteorological station has a strong
correlation with several national meteorological stations. Consequently, the prediction
accuracy of the MLP model is relatively higher compared with similar studies [27,28].

A previous study has shown that contemporary prediction methods fail to maintain
a high level of prediction accuracy as the number of steps increases [29]. However, this
paper used the existing data of the tunnel portal meteorological stations to revise the
predicted data of the MLP model, which preserved the accuracy of the prediction result.
As shown in Figure 9, the training values of the five meteorological parameters predicted
by the NARX model fit well with the measured curves, showing the same trend. The error
values of other parameters are small, except for barometric atmospheric pressure, which
is caused by the instability of the model. According to Table 7, the RMSE and MSE of
each dataset of the NARX model are controlled within 1.08 and 1.03, respectively, which is
comparable to existing studies [22,24].

Many scholars have formed a set of effective methods to calculate the natural wind
in tunnels. Their work mainly started with the improvement of calculation parameters
and methods, focusing on how to calculate the natural wind speed through meteorological
parameters more accurately [9,12,14] and lacking research on natural wind prediction.
However, the ultimate purpose of using tunnel natural wind is to adjust the output power
of the tunnel fan according to the natural wind speed. If the speed and direction of the
tunnel natural wind can be calculated based on short-term prediction, the power of the
tunnel fan can be prepensely controlled. As shown in Figure 10, the final predicted natural
wind speed in the tunnel also shares the same trend as the measured value. It can be seen
that, due to the steps of prediction and theoretical calculation, the final predicted natural
wind curve deviates more from the measured value curve, which also leads to a smaller
correlation coefficient R. However, this is still within the acceptable range. According to
Table 8, the RMSE and MSE of the ultimate tunnel natural wind results are controlled in
0.45 and 0.9, respectively, which confirmed the feasibility of the prediction method.

However, since the focus of this paper is to combine wind speed prediction and tunnel
natural wind theoretical calculation, there is a lack of research in the comparison and selec-
tion of prediction models to further improve the prediction schedule, such as improving the
model algorithm [30] or optimizing the number of neurons [31,32]. In addition, the natural
wind calculation method adopted in this paper is relatively conventional. The result will
be more accurate if the wind pressure coefficient is calculated by means of a model test or
numerical simulation [9].

There are two aspects of this research that can be further discussed in the future. The
first is that when the natural wind speed in the tunnel is determined, the most economical
and energy-saving ventilation scheme can be explored by changing the control mode of
the tunnel fan. The second is to improve the prediction model and algorithm, compare the
prediction accuracy and error of different models, and select the prediction method with
the best effect.
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5. Conclusions

In order to solve the problem of the huge energy consumption of highway tunnel oper-
ation ventilation caused by the lack of a tunnel natural wind prediction method, this paper
carried out the natural wind ventilation optimization research based on Yanglin Tunnel.
By means of theoretical analysis, field testing, software programming, and other methods,
the characteristics of the meteorological parameters of Yanglin Tunnel and the prediction
method of the tunnel natural wind are studied. Based on the open-source meteorological
parameters of the national meteorological station, a set of three-stage prediction methods
of tunnel natural wind using MLP, the NARX model, and cyclic calculation methods of
ultrastatic pressure difference is proposed. Compared with the field test data, the ultimate
prediction results achieved a relatively high accuracy, which could guide the setting of the
energy-saving operation ventilation system of Yanglin Tunnel.
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