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Abstract. To address the inaccuracies associated with the aerodynamic force
coefficients and wind loads obtained from wind tunnel tests of the high-speed
railway train models, this paper presents a method for predicting surface wind
pres-sures and aerodynamic forces on trains based on Kriging interpolation
model. Using wind tunnel test data from the CRH380A high-speed train head
car model, a historical dataset for predictive purposes is established. The
Kriging interpolation model is then employed to forecast the surface wind
pressures on the train. In parallel, both the Kriging interpolation model and an
enhanced AdaBoost_BP neural network method is applied to predict the aero-
dynamic properties of the train. Comparative analysis of the predicted data
against the wind tunnel test data illus-trates that the Kriging interpolation
algorithm is capable of effectively predicting the surface wind pressures and
aerodynamic coefficients of high-speed trains, yielding prediction results with
notably higher accuracy. This high-lights the efficacy of the Kriging method in
enhancing the precision of aerodynamic predictions for high-speed railway
vehicles.

Keywords: High-speed train, Wind pressure distribution, Aerodynamic
coefficient, Kriging interpolation algorithm, Neural network.

1 Introduction

As public transportation systems continue to operate at increasingly higher speeds, the
safety and stability of high-speed trains, have become paramount concerns. Among
the various factors that can affect the safety of trains in motion, the aerodynamic loads
generated by crosswinds are considered as one of the particularly critical [1].
Therefore, accurately calculation the aerodynamic forces of a vehicle system is
fundamental to the study the safety of high-speed railway train operation.

In recent years, the aerodynamic characteristics of trains have been captured the
interest of a multitude of researchers. Significant studies have investigated
aerodynamic characteristics of the trains using computational fluid dynamics (CFD)
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[2, 3], as well as full-scale and model wind tunnel tests [4-8], and a lot of valuable
research results have been obtained. For example, the wind pressure and aerodynamic
coefficients of the high-speed trains were obtained by the means of model wind tunnel
tests, and the influence of wind direction, turbulence, and infrastructure on the
aerodynamic characteristics have been studied. In addition, researchers have explored
the application of artificial neural networks to forecast the aerodynamic force time
history and aerodynamic forces of bridge [9], and Kriging interpolation techniques
was used to predict the aerodynamic coefficients and parameters of steel truss bridges
[10].

Due to the limit of pressure measurement points on the surface of the train, the
wind pressure obtained from the wind tunnel tests cannot meet the needs of
aerodynamic integration and deeply research. Therefore, how to improve the density
and accuracy of wind pressure distribution information to improve the accuracy of
train aerodynamic identification and deeply research were currently an urgent
problem to be solved. In this paper, the Kriging interpolation method was utilized to
forecast the wind pressure and aerodynamic coefficients of a high-speed train. An
iterative linear regression Kriging model specifically tailored to predict the
aerodynamic characteristics of the CRH380A high-speed railway train was
introduced, by using the Kriging interpolation method, the wind pressure distribution
from wind tunnel tests were employed as a foundation for known information, the
model takes into account influencing factors such as position coordinates and wind
direction angles to achieve wind pressure prediction for the train. Furthermore, a
comparison of the results obtained through the Kriging method with those from as
well as improved AdaBoost_BP neural network prediction methods and the wind
tunnel test results were presented.

2 Kriging algorithm model

2.1 Basic Theory of Kriging Model

The Kriging algorithm is an interpolation model formed by non-parametric stochastic
processes with a parametric linear regression model. The relationship between
variables and the response y can be expressed as:

� = �� � + � � (1)

Where f (x) is a linear or nonlinear regression function (usually in polynomial form); λ
is the regression coefficient; u (x)is a random function with the mean of 0 and the
variance of δ2, The covariance matrix of u (x) is:

��� � � � ，� � � = �2� � � � ， � � (2)

In the formula: i, j=1,2,..., ns, where ns is the number of sampling points, W is the
correlation matrix along the diagonal, R (x (i), x (j)) is correlation function of x (i)and
x (j) ,which is commonly represented by Gaussian functions, namely:
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In the formula: � = �1, �2，⋯, ��
�
is the parameter of the correlation function; W

is the dimension of the variable. The predicted estimated response value y (x) at
position x is:

�� � = �� + �� � �−1 � − � � �� (4)

In the formula, �� is the valuation of λ，�� = � � ��−1� � −1� � ��−1� ; Y is the
response value of the sample data; �� � is correlation vector between position x and
sample data � 1 , � 2 ，. …, � �� . The length of y and �� � are both ns, and the
expression is:

�� � = � �, � 1 , � �, � 2 , ⋯� �, � �� (5)

If the optimal estimate of λ is λ*, the variance estimate of the global model �� 2 can be
expressed as:

�� 2 =
�−��∗ ��−1 �−��∗

��
(6)

The parameter θ of the correlation function is given by the maximum likelihood
estimation, when θd>0 and equation (6) is maximized, it can be obtained that:

���
��

− ���� �� 2+�� �
2 (7)

In the formula, with W as a function of θd, any value of θd can generate an
interpolation model, and the final Kriging model is obtained by solving the
unconstrained nonlinear optimal problem in equation(7).

2.2 Implementation of Iterative Regression Kriging Prediction Model

When the Kriging interpolation algorithm was applied to predict the wind pressure and
aerodynamic force coefficients of trains, the implementation of the method generally
includes the following components:
(1) Regression Model Establishment. When the prediction model was

established, the wind pressure distribution and aerodynamic coefficients information
obtained from wind tunnel tests, which employed to construct as the foundational
sample database of the Kriging model. The development of the predictive model takes
into account the train's geometric configuration, regularity and the spatial correlations
of wind pressure distribution. The spatial distribution characteristics and data values
regularity of the training samples was analyzed, the data results and the weights
assigned to these data of neighborhood for interpolation was determined by the
known wind pressure as training samples on the train surface, during the interpolation
calculation process.
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(2) The Random Process. To mitigate the impact of errors in training data and
observational inaccuracies on the interpolation outcomes, the wind pressure and
aerodynamic coefficients from wind tunnel tests were employed as the training
dataset. A weighting scheme was devised to ensure unbiasedness and the minimum
possible variance. And the weighted average method was applied to predict wind
pressure in the target area. The Kriging approximation model was utilized to construct
the predictive function output through the known sample points, so that, the iterative
linear regression was subsequently used to refine the training data and achieve the
final interpolation result.
(3) Repeated Iteration Process. To enhance the precision of the interpolation,

after completing a cycle of linear regression calculations, the interpolation result
matrix was reintroduced into the regression model as additional training data for
further iteration. This iterative process was continued until the interpolation accuracy
reaches a state of convergence, thereby refining and stabilizing the predictive
accuracy of the model.

Each of these components plays a critical role in the application of the Kriging
interpolation algorithm, ensuring that the model was robust, reliable, and capable of
providing accurate predictions of wind pressure and aerodynamic forces on high
speed trains.

3 Prediction of wind pressure distribution

3.1 Dataset preparation and parameter settings

The head car of CRH380A was adopted as the background of the fundamental test
model in this study. The length of the vehicle was 26.25 m. In the wind tunnel tests, a
total of 420 measurement points were arranged in 16 sections along the longitudinal
direction and the wind pressure coefficients of 420 measurement points can be
obtained, as shown in Fig.1.

In the Kriging interpolation method, the surface wind pressure distribution data of
the train were divided into training samples and prediction samples. The wind
pressure distribution at section of x/L=0.11 and x/L=0.51 were prediction samples,
and other adjacent measurement points were used as training samples which were
obtained from wind tunnel tests. The training samples were used to find the
relationship and regularity of wind pressures at different positions on the train surface,
and then a prediction model was constructed using this relationship to predict the
unknown wind pressure of the train, and the predicted results were compared with the
wind tunnel test results, in order to examined the effectiveness of forecast.
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Fig. 1. Receiving trained and prediction point positions.

When the Kriging interpolation algorithm was employed to regression prediction of
wind pressure distribution, the influencing factors of wind pressure play a significant
influence in the accuracy of regression prediction. Generally, the wind pressure at
various positions on the train surface were determined by factors such as wind speed,
wind direction, and spatial position.

Taking into account the geometry characteristics of the CRH380A, the influencing
factor of wind pressure in the test sample was identified as three-dimensional spatial
coordinate: (x,y,z)，and the angle θ between the normal direction of the measurement
point and the coordinate axis (which can account for the influence of wind direction).
Since a non-dimensional coefficient was used to represent the train's wind pressure, it
disregards the Reynolds number effect caused by wind speed. The three-dimensional
spatial coordinates were established with the nose of the train as the origin, with the
driving direction as the x-axis, the vertical axis as the y-axis, and the horizontal axis
as the z-axis. The angle θ was represented by the sine and cosine functions of the
angle between the outer normal of the measuring point and the y-axis. This approach
ensures that the geometric and directional influences on wind pressure are adequately
captured in the prediction model.

Considering the distribution characteristics of the wind pressure, a first-order
polynomial model was chosen for constructing the regression model to predict wind
pressure. Given that the wind pressure distribution was fundamentally Gaussian and
non-Gaussian, a Gaussian function was selected as the correlation function. The
parameters of the model can be acquired through real-time optimization, and
similarly, the parameters of the calling function can be ascertained through
continuous trial and error.

3.2 Prediction results of the wind pressure

The scenario where the train was situated on the track of a 6 meter high embankment
with a crosswind angle adopted as the background, and the average wind pressure
coefficients of the CRH380A train at the sections where x/L=0.11 and x/L=0.51 were
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forecasted by means of the Kriging interpolation algorithm. The comparison between
the interpolation algorithm and the wind tunnel test results were shown in Fig.2.

(a) the head of train (x/L=0.11) (b) the body of train (x/L=0.51)

Fig.2. Comparison of predicted and experimental results of average wind pressure coefficient.

Fig.2. revealed that the interpolation outcomes were consistent with the wind tunnel
test results, with an acceptable level of error. Notably, the accuracy of the
interpolation within the flow separation zone was particularly highlighted, suggesting
that with a sufficient quantity of training samples, the chosen interpolation
algorithm—specifically, the Kriging method—can indeed attain a high level of
precision in predicting wind pressures. The wind pressure prediction results of train
body section where x/L=0.51were superior to that of the train head section where
x/L=0.51, this improvement can be attributed to the streamlined shape of the train
head, which results in considerable variations in the wind pressure distribution, in
contrast, the train body is blunt body, shows a more consistent of wind pressure
distribution. This fact inferred that the regularity inherent in the original training data
is a key determinant of the interpolation model can yield accurate interpolation
outcomes.

The pronounced discrepancy between the results of prediction and experimental at
measurement points 8 and 9 in the train head section where x/L=0.11, it can be
attributed to the location of the train head area in the flow separation zone of the train,
where vortex shedding induces rapid fluctuations in wind pressure. In this region
where the curvature of the train undergoes significant changes along with the
pressure, the choice of interpolation functions can substantially influence the outcome
of the interpolation.

The Kriging interpolation method maintains robust performance in the windward
airflow separation zone, exemplified by points 7 and 10 of the train head section
where x/L=0.11, which were notably influenced by the incoming flow, the Kriging
method exhibit a better results in its predictive outcomes. Consequently, the Kriging
interpolation algorithm is advocated when the quantity of measurement points is
limited and the change of wind pressure is severe.
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4 Prediction of aerodynamic force coefficient

4.1 Selection of data samples and parameter settings

The Kriging interpolation model was employed to forecast the aerodynamic
coefficients of the trains. In this approach, the train's aerodynamic force coefficients
measured in wind tunnel tests at specific wind angles served as the basis for the
training model, which were used to predict the aerodynamic coefficients for other
unknown wind angles. The influencing factor identified for the train's aerodynamic
coefficient was the incoming wind angle α. Given that the actual incoming wind angle
impacts the windward surface area of the train, the projected area S under various wind
directions was considered as the input parameter. Correspondingly, the output
parameter was the aerodynamic coefficient under the different wind directions. The
aerodynamic coefficients obtained from wind tunnel tests with α=5 °, 15 °, 25 °, 35 °,
45 °, 55 °, 65 °, 75 °, and 85 ° were used as training samples, and the aerodynamic
coefficients of α=0 °, 10 °, 20 °, 30 °, 40 °, 50 °, 60 °, 70 °, 80 °, and 90 ° should
obtained by means of prediction.

For the Kriging iterative model, the optimization parameter vector in the ‘dacefit’
call function was taken as 10, and the length of the input parameter and optimization
parameter vector was equal, and they were used as the correlation function vector
with a lower limit of e-6 and an upper limit of 1000, respectively. The regression
model was selected as a linear regression with a Gaussian function as the correlation
function, and the dimension of the sample points was 1. The regression model was
selected as a quadratic polynomial.

An improved AdaBoost_BP prediction model was utilized to forecast the
aerodynamic force coefficients of the train. In the construction of the predictive
model, it was ascertained that the number of hidden layer neurons for determining the
train's aerodynamic force coefficient should be set at 10, with each instance of the
Back-Propagation (BP) algorithm undergoing 20 training cycles. Training instances
that exhibited errors greater than 0.1 were subjected to intensified learning. The
activation function for the neurons in the hidden layer was the ‘tansig’ function,
which is a built-in function in MATLAB, while the activation function for the output
layer was the ‘purelin’ function.

4.2 Prediction of aerodynamic force coefficient and error analysis

As depicted in Figure 3, a comparative analysis is showcased between the outcomes of
the AdaBoost_BP predictive model, the Kriging iterative model, and the results
obtained from wind tunnel testing. It can be found from Fig.3 that if the parameters
configuration were reasonable, both the AdaBoost_BP prediction model and the
Kriging iterative model can achieve good results. However, the results of Kriging
iterative model were closer to the experimental results than the BP neural network
model. When the wind direction α=0 °, due to the small absolute value of the
aerodynamic coefficient, leads to a pronounced discrepancy of the results between
predicted and experimental, particularly in the prediction results of the BP model and
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AdaBoost_BP prediction model. This phenomenon indicates that the regularity of the
original data was a critical determinant of the neural network can achieve satisfactory
learning outcomes.

In comparison with the AdaBoost_BP model and the Kriging iterative model, it was
evident that the results obtained through the Kriging iterative model more accord with
the experimental values, especially when the wind direction of α=0 ° and 90 °. The
Kriging iterative model shows the superiority of its algorithmic approach in these
scenarios.

(a) drag coefficient

(b) Lift coefficient

(c) Overturning moment coefficient

Fig. 3. Predicted value of train aerodynamic coefficient

734             T. Zuo et al.



5 Conclusion

Innovative Kriging interpolation method based on spatial interpolation and
fundamental statistical theories was employed to identify and fit the wind pressure
and aerodynamic coefficient, which can effectively compensate for the local missing
pressure measurements in the wind tunnel experiments and supplement the
aerodynamic analysis results under various working conditions.

The predicted wind pressure on the surface of high-speed railways train agreed
well with experimental data, it exhibits significant recognition errors in regions where
values approach zero, it indicates that the Kriging method is highly applicable and
effectively method in predicting wind loads on the high speed train. Moreover, in
terms of prediction accuracy, the Kriging interpolation method is better than the
improved neural network approach.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.
        The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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