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Abstract: With the continuous release of automobile market potential and the steady growth of 

automobile ownership, consumers’ concern for automobile NVH problems makes the road noise 

performance directly affect the sales of automobiles. Therefore, it is of great significance to study 

the problem of vehicle road noise. In the actual research process, it often faces the challenge of 

insufficient effective sample size. In this paper, 102 sets of sample data are collected by combining 

the real vehicle test method and the CAE simulation method. By comparing the road noise 

prediction model based on the GRU algorithm with the LSTM model and the CNN model, the 

results show that the GRU model performs roughly similarly to the LSTM model in terms of 

prediction accuracy (RMSE = 2.18) and robustness (MSE = 7.66%), and the GRU model and the 

LSTM model are significantly better than the CNN model, but the prediction efficiency of the 

GRU model is significantly better than the LSTM model. Therefore, the vehicle road noise 

prediction model based on the GRU algorithm is optimal. This paper provides an efficient method 

for road noise performance analysis and prediction, which can be applied to the vehicle design and 

performance improvement process and provide technical support for improving vehicle comfort 

and market competitiveness. 
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1. Introduction 

The phenomenon of NVH (noise, vibration and harshness) in the process of 

vehicle driving is unavoidable. Obvious NVH problems will not only damage the 

stability, reliability, and life of the vehicle driving state but also affect the feelings of 

the driver and passenger [1]. Powertrain noise, wind noise, and road noise are the three 

major noises of automobiles. With the vigorous development of energy conservation 

and emission reduction and energy security in China, the electrification of automobiles 

has made the medium- and low-frequency structural noise caused by road roughness 

excitation become the main factor of automobile road noise [2,3]. 

Scholars at home and abroad have done a lot of research on vehicle road noise. 

Based on the formation mechanism of road noise, it is a common method to analyze 

road noise through experiments and simulations. Diez-Ibarbia et al. [4,5] carried out 

hammering experiments based on the TPA (transfer path analysis) method, analyzed 

the transfer path from the vehicle vibration source to the receiving place, and evaluated 

and determined the contribution of noise and vibration to the critical path. In order to 

overcome the shortcomings of traditional TPA, such as time-consuming and incorrect 

boundary conditions, Zhu et al. [6] proposed an improved TPA method using artificial 

excitation. With this method, noise and vibration problems can be analyzed without 

dismantling the mechanical system. Li et al. [7] and Vaitkus et al. [8] used a simpler 
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OTPA (Operational transfer path analysis) method to establish a ‘reference point-

target point’ model based on the OTPA method to study noise control technology. On 

the basis of the transfer path method, a large number of experiments are needed to 

study the road noise problem by means of experimental methods, which are time-

consuming, high cost, and difficult to guarantee the accuracy [9]. These shortcomings 

make CAE (computer aided engineering) technology applicable in road noise research. 

Rapino et al. [10] and Bartolozzi et al. [11] analyzed the vehicle road noise problem by 

establishing a vehicle road noise simulation model and adding tire and road factors. 

Su et al. [12] established the CAE model of the whole vehicle for correlation analysis, 

formulated a reasonable chassis optimization scheme, and improved the road noise 

performance of the whole vehicle. On the basis of OTPA test analysis, Yoshida et al. 

[13] used CAE analysis to adopt a strengthening policy for high-contribution vibration 

mode, thus reducing the interior noise level. Although the CAE modeling method can 

effectively reduce the dependence of road noise analysis on the test, it has the problems 

of difficult modeling, difficult parameter acquisition, and low accuracy. In summary, 

the traditional test method and simulation analysis method based on the mechanism 

have certain limitations on the study of vehicle road noise problems. 

With the continuous research of many scholars in recent years, such as data-

driven methods [14–17], its advantages of no deep mechanism, strong adaptability, 

high utilization rate of accumulated data, and high model prediction accuracy have 

been found, making it widely used in various fields. An and Jung et al. [18] predicted 

the pressure coefficient of buildings under complex non-uniform terrain based on 

PANN (artificial neural network based on empirical parameters) and MANN (artificial 

neural network based on morphology). Chen et al. [19] trained seven data-driven 

prediction models for the shear capacity of concrete joints, and the author studied the 

shear capacity of joints through the prediction models. The advantages of the data-

driven method make it an effective method for studying NVH problems. At present, 

data-driven has shown significant advantages in studying noise and vibration problems, 

making it an effective tool for analyzing road noise problems. Oh et al. [20] proposed 

a method based on deep learning to continuously update the secondary path estimation 

in real time and finally realize the active control of road noise. Luo et al. [21] proposed 

a new method to evaluate the dominant noise sources of railways in all bogie areas by 

using a microphone array and a GNN (physical information neural network) model. 

Based on the MKL-SVR method, Sun et al. [22] efficiently predicted the sound 

insulation performance of the automobile system, which laid the foundation for the 

development of automobile-related noise reduction work and optimization design. The 

data-driven method can make a high degree of use of historical accumulated data [23], 

but it also has the disadvantages of strong dependence on the quality of the data set 

and poor model interpretation. 

The analysis method of mechanism analysis and data-driven fusion aims to make 

full use of domain knowledge to guide modeling, ensure the interpretable application 

of the model, and ensure the efficiency and accuracy of the research problem. Due to 

the inefficiency of the finite element method and the lack of interpretability of the 

traditional data-driven method, the analysis method of mechanism analysis and data-

driven fusion is being studied and applied by various industries. Guo et al. [24] 

introduced the differential equation of double time-varying diffusion solution in the 
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traditional data-driven method to analyze the chloride ion erosion problem of concrete. 

Cong et al. established the PINN (physical information neural network) model based 

on the principle of fatigue crack growth rate and verified the accuracy of the model 

prediction through experiments [25]. Liu et al. coupled a sorting operation into PINN 

[26] and proved the accuracy of PINN in predicting the potential energy curve by 

comparison, which provided a portable and effective method for the engineering field 

of origami structures. Fan et al. [27] and Jeong et al. [28] predicted the ultra-high cycle 

fatigue life of the structure and analyzed the structural topology optimization by 

combining data-driven and physical principles. Pang et al. [29] introduced a 

mechanism model into the data-driven model to establish a mechanism and data-

driven model and used this model to study the interior noise caused by uneven roads. 

The mechanism and data fusion modeling method has advantages in reducing model 

uncertainty and data demand, and the method shows high reliability and high accuracy. 

In summary, this paper uses the combination of TPA analysis and data-driven 

methods to predict the interior noise problem caused by road roughness mechanisms. 

It is summarized as a research method of self-consistent fusion of mechanism and data. 

This method can not only alleviate the high cost of a large number of test personnel 

and repeated test operations but also ensure the accuracy of road noise model 

prediction. The model has strong interpretability and can guide the further 

improvement of the model according to the prediction results. 

The main contributions of this paper are as follows: 1) The empirical formula is 

introduced as the loss term, and the road noise problem is fused and analyzed by 

combining TPA analysis and data-driven methods. A road noise performance 

prediction model based on self-consistent fusion of mechanism and data is established. 

2) A hierarchical structure of vehicle road noise with self-consistent fusion of 

mechanism and data is built. On the basis of avoiding the complex mechanism of the 

suspension system and frame system, the excitation, transmission path, and response 

of the vehicle body to right ear noise are emphasized. 3) The basic data are collected 

by the test method and the simulation method, and the sample data set of the fusion of 

the test data and the simulation data is generated. 

The structure of the article: 1) Section 2 introduces the generation mechanism, 

mechanism, data self-consistent fusion theory, and GRU theory of road noise. On the 

basis of expounding the mechanism and data self-consistent fusion theory, the road 

noise hierarchical structure is built in combination with the generation mechanism of 

road noise. 2) Section 3 collects basic sample data through experimental methods and 

simulation methods. 3) According to the road noise hierarchical structure, the TPA 

prediction model and the GRU prediction model are built respectively, and the TPA 

and data-driven fusion model are used to predict the road noise problem and verify the 

results. 4) Section 5 summarizes the content of the paper based on the research. 

2. Research methods 

2.1. Road noise generation mechanism 

Road noise is a medium- and low-frequency noise caused by road roughness 

excitation during driving. According to the different transmission routes, road noise is 

divided into structural sound and air sound. As shown in Figure 1, the road noise 
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structure noise is mainly caused by the vibration caused by the road excitation and the 

vibration caused by the resonance of the tire cavity [30–32]. The vibration is 

transmitted to the passenger compartment through the suspension system and the body 

structure and finally causes noise. Structural sound is mainly affected by the stealth of 

the road surface, suspension structure, body structure, tire diameter, and flat ratio. The 

air noise in the road noise is mainly composed of the following aspects: the first is the 

friction noise generated by the friction between the tire surface and the ground and the 

air, the second is the aerodynamic noise caused by the disturbed air flow during the 

rolling process of the tire, and the last is the noise generated by the continuous contact 

between the tire surface pattern and the groove depth and the ground. These noises are 

transmitted through the air and directly enter the passenger compartment and affect 

the ride comfort. The intensity and characteristics of the air sound are mainly 

determined by factors such as the surface pattern of the tire, the depth of the groove, 

the material of the tire, and the way the tire contacts the ground [33,34]. The vibration 

caused by the road excitation and the interaction between the tire and the ground tends 

to be transmitted and amplified through the structure, and the structural sound has a 

more significant impact on the overall noise level and the noise in the cockpit. At the 

same time, compared with air sound, structural sound can usually be more effectively 

controlled by optimizing the structural design of the vehicle. Therefore, this paper 

mainly studies the low-frequency (20 Hz–300 Hz) road noise structure sound. 

 

Figure 1. Vehicle road noise transfer process diagram. 

2.2. Mechanism and data self-consistent fusion 

This paper takes a certain type of automobile equipped with ‘front double-fork-

arm and rear five-link’ suspension of FAW as the research object. The front double 

fork arm suspension is a commonly used suspension system for high-performance 

vehicles. The double fork arm suspension has many bushings and a good damping 

effect. At the same time, it can only change the arrangement angle of the upper and 

lower swing arms to design a suitable roll center, which can affect the key performance 

of the suspension as little as possible [35,36]. The front double fork arm suspension is 

composed of a front shock absorber, a front upper fork arm, and a front lower fork 

arm. The fork arm is shaped like a triangle (front installation point and rear installation 
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point). The upper fork arm of the front suspension and the shock absorber are 

connected to the body, and the lower fork arm is connected to the subframe. 

The rear five-link is a complex multi-link suspension system, which consists of 

five connecting points and multiple connecting rods. It can better achieve longitudinal 

and lateral control, provide more precise wheel control and vehicle handling, and is 

usually used for high-end vehicles with high requirements for stability and comfort 

[37,38]. The rear five-bar linkage consists of a rear transverse tie rod, a rear transverse 

control arm, a rear shock absorber, a rear lower swing arm, and a rear longitudinal arm. 

The rear transverse tie rod and the rear transverse control arm are connected to the 

subframe, and the rear shock absorber, the rear lower swing arm, and the rear 

longitudinal arm are connected to the body. 

 

Figure 2. The main influence factors of road noise. 

According to the vehicle road noise transfer process diagram shown in Figure 1, 

the influencing factors of road noise are analyzed. It can be concluded that the structure 

and model of the tire, suspension, and body play a key role in the effective control of 

road noise. Combined with the suspension structure of ‘front double fork arm, rear 

five connecting rods’, the main influencing factor diagram of road noise shown in 

Figure 2 is drawn. In this diagram, we take the wheel center force of tires with 

different widths and thicknesses under the excitation of road roughness as the input. 

Since only the bushing dynamic stiffness or IPI (acceleration admittance) of the 

subframe is generally changed when studying new models in engineering, the IPI 

expression is shown in the following Equation (1). Therefore, the suspension and 

frame parts are simplified as a black box as a suspension system. Without studying the 

internal details, only the vibration acceleration, acceleration admittance, and bushing 

dynamic stiffness at the connection point are studied. The body part studies the 

vibration acceleration and the NTF (noise transfer function) from the body to the 

driver’s right ear. The expression of NTF is shown in Equation (2). The excitation 

point of the front subframe includes two points connected to the front and rear 

installation points of the front lower swing arm. The excitation point of the rear 
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subframe includes two points connected to the rear lateral control arm and the rear 

lateral tie rod, respectively, and the output is less than 300 Hz interior noise. 

IPI =
𝐴(𝜔)

𝐹(𝜔)
 (1) 

NTF =
𝑃(𝜔)

𝑋(𝜔)
 (2) 

where 𝐴(𝜔) represents the spectrum of the acceleration response, 𝐹(𝜔) represents 

the spectrum of the excitation force, 𝑃(𝜔) represents the sound pressure spectrum 

measured by the microphone, and 𝑋(𝜔) represents the acceleration or force input 

spectrum of the excitation point. 

 

Figure 3. Road noise hierarchical architecture based on mechanism and data self-

consistent fusion. a is the vibration acceleration. 

Based on the above analysis, a road noise hierarchical structure with self-

consistent fusion of mechanism and data, as shown in Figure 3, is further built. The 

hierarchical structure takes the left side as an example. When studying the mechanism 

and data self-consistent fusion model, the data-driven method is used to predict the 



Sound & Vibration 2025, 59(3), 3143. 
 

7 

path of the ‘excitation-suspension system-body system’, which involves complex 

structures, while the ‘body system-driver right ear noise’ is predicted by the TPA 

method. The data-driven part can make full use of test data, simulation data, and 

historical data for prediction, which can improve the prediction accuracy of the 

complex system. The TPA method can focus on the sound source, transmission path, 

and response in the studied path so as to accurately predict the noise level in the vehicle. 

In summary, the fusion of the data-driven method and the TPA method can reduce the 

research cost and improve the prediction accuracy. 

In addition, the empirical formula is introduced as the constraint of the prediction 

model, and the loss function involved is optimized and expanded to make it more in 

line with the requirements of low-frequency road noise prediction, forming a model 

prediction method of mechanism (empirical formula) and data fusion. There are three 

loss functions involved in this study, including the data-driven model loss function 

that measures the difference between the predicted value and the real value, the peak 

error loss function of the sequence, and the correlation loss function. The calculation 

formula of the model loss function is shown in Equation (3). 

MSE𝑑 =
1

𝑁𝑑
∑ [𝑢pred(𝑡𝑖

𝑑 , 𝑥𝑖
𝑑; 𝜃, ) − 𝑢real(𝑡𝑖

𝑑, 𝑥𝑖
𝑑)]

𝑁𝑑

𝑖=1

2

 (3) 

where 𝑁𝑑  denotes the number of data points, 𝑢pred(𝑡𝑖
𝑑, 𝑥𝑖

𝑑; 𝜃, )  represents the 

predicted value of the model, 𝑢real(𝑡𝑖
𝑑 , 𝑥𝑖

𝑑) represents the real value (label value), 

The smaller the loss value is, the closer the predicted value of the model is to the real 

value. 

The loss function calculation the Equation of the peak error is as follows: 

MSE𝑝 =
1

𝑁𝑝
∑ [𝑢pred(0, 𝑥𝑝

peak
; 𝜃, ) − 𝑢real(0, 𝑥𝑝

peak
)]

𝑁𝑝

𝑖=1

2

 (4) 

where 𝑁𝑝  is the number of data points near the peak of the sequence, 

𝑢pred(0, 𝑥𝑝
peak

; 𝜃, ) represents the predicted value of the neural network for the p-th 

initial data point 𝑥𝑝
peak

 under the parameter θ, and 𝑢real(0, 𝑥𝑝
peak

) represents the 

real value (label value) of the p-th initial data point 𝑥𝑝
peak

 under the parameter θ. The 

loss term calculates the mean square error between the neural network output and the 

real value near the characteristic peak position to ensure that the neural network output 

matches the real value of the characteristic peak. 

The calculation method of the correlation loss function is shown in Equation (5). 

The correlation is measured by Pearson’s correlation coefficient, which is fast and 

efficient. It is defined as 1 minus the Pearson correlation coefficient obtained. When 

the predicted value is completely correlated with the true value, the loss is 0; when the 

predicted value is completely unrelated to the true value, the loss is 1, thus effectively 

regulating the process of network training. 

MSE𝑟 = 1 −

1
𝑁𝑟

∑ [(𝑢pred
𝑟 − 𝑢̄pred)(𝑢real

𝑟 − 𝑢̄real)]
𝑁𝑟
𝑖=1

√∑ [(𝑢pred
𝑟 − 𝑢̄pred)

2]
𝑁𝑟
𝑖=1

∑ [(𝑢real
𝑟 − 𝑢̄real)

2]
𝑁𝑟
𝑖=1

 (5) 
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where 𝑁𝑟 represents the number of data points, 𝑢̅pred is the average value of the 

model prediction results, and 𝑢̅real  is the average value of the true value. The 

correlation loss function measures the correlation between the predicted value and the 

real value and characterizes the linear relationship between the predicted value and the 

real value. 

Based on the above analysis, this paper builds a hierarchical structure that 

integrates mechanism features such as IPI and NTF and data features such as vibration 

acceleration and structural stiffness parameters. A prediction model including TPA 

analysis and data-driven joint modeling is established, and empirical physical 

constraints are introduced into the prediction process through three loss functions. 

Finally, a road noise modeling method with self-consistent fusion of mechanism and 

data is formed. This method not only improves the prediction performance but also 

effectively enhances the interpretability of the model by introducing intermediate 

parameters with physical meaning and empirical loss terms closely related to the 

prediction target. 

2.3. Brief description of GRU theory 

GRU (Gated Recurrent Unit) is a kind of RNN (recurrent neural network), which 

is similar to LSTM (Long-Short Term Memory). It is also proposed to solve the 

problems of the complex structure of long short-term memory networks and gradients 

in backpropagation [39–42]. GRU combines the input gate and forgetting gate of 

LSTM, which is called the update gate. The network structure of the three gates is 

simplified to a network structure with only an update gate and a reset gate, and the 

hidden state calculation method of the recurrent neural network is modified, as shown 

in Figure 4. 

 

Figure 4. Reset gate and update gate in GRU. 

where 𝑟𝑡 represents the reset gate, and 𝑧𝑡 represents the update gate. The reset gate 

is responsible for controlling the number and degree of forgotten information. The 

update gate determines whether the memory information at the previous moment can 

continue to be transmitted to the current moment or determines the retention ratio of 

the information at the previous moment at the current moment and the degree to which 

the information at the current moment is transmitted backward. GRU abandons the 

traditional linear self-updating memory unit but directly implements the linear self-

updating process inside the hidden state unit by applying the gating mechanism. For a 
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given time step t, assume that the input is a small batch of 𝑋𝑡 ∈ 𝑅𝑛𝑑 , where n 

represents the number of samples, d represents the number of inputs, and the hidden 

state of the previous time step is ℎ𝑡−1 ∈ 𝑅𝑛ℎ, where h represents the number of hidden 

units. The calculation of the reset gate 𝑟𝑡 ∈ 𝑅𝑛ℎ is shown in Equation (6), where 𝜎 

represents the sigmoid activation function: 

𝑟𝑡 = 𝑋𝑡𝑊𝑥𝑟 + ℎ𝑡−1𝑊ℎ𝑟 + 𝑏𝑟 (6) 

The calculation of the update gate 𝑧𝑡 ∈ 𝑅𝑛ℎ is shown in Equation (7): 

𝑧𝑡 = 𝑋𝑡𝑊𝑥𝑧 + ℎ𝑡−1𝑊ℎ𝑧 + 𝑏𝑧  (7) 

where 𝑊𝑥𝑟, 𝑊𝑥𝑧, 𝑊ℎ𝑟, and 𝑊ℎ𝑧 are all weight parameters; 𝑏𝑟 ∈ 𝑅ℎ and 𝑏𝑧 ∈ 𝑅ℎ 

are bias parameters; and the sigmoid function is used to convert the input value to 

between 0 and 1. When the 𝑟𝑡 term of the reset gate is close to 1, the network will be 

close to the ordinary recurrent neural network. For all items close to 0 in the reset gate 

𝑟𝑡, the candidate hidden state is the result of a multi-layer perceptron with 𝑋𝑡 as input. 

Where tanh represents the activation function. 

 

Figure 5. Calculating candidate hidden states in GRU. 

Therefore, any pre-existing hidden state will be reset to the default value. The 

calculation process of the reset gate is shown in Figure 5, and the calculation result is 

only a candidate hidden state, which still needs to be combined with the calculation of 

the update gate 𝑧𝑡 to obtain the final effect. The newly generated hidden state ℎ𝑡 ∈

𝑅𝑛ℎ  depends on the old state ℎ𝑡  and the new candidate state ℎ̃𝑡 . The final 

calculation method of GRU is shown in Equation (8): 

GRU = ℎ𝑡𝑧𝑡 ∗ ℎ𝑡−1 + (1 − 𝑧𝑡) ∗ ℎ̃𝑡 (8) 

When the update gate is close to 1, the model will maintain the original state 

unchanged. At this time, the processing of relevant information can be regarded as 

neglect, ignoring the information coming from 𝑋𝑡 , thus effectively skipping the 

dependent t term. Therefore, when the update gate is close to 1, this step is actually 

simplified. Conversely, if the update gate is close to 0, the new hidden state is closely 

related to the candidate hidden state. The GRU method not only effectively alleviates 

the problem of gradient disappearance and gradient explosion in the recurrent network 

but also can more accurately capture the deep relationship between the time steps 

across the larger sequences. Figure 6 is the GRU calculation flow after the update gate 

works. 
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Figure 6. Computational hidden state in GRU. 

3. Data collection and processing 

3.1. Test data collection 

The test sample vehicle of this paper is a certain type of automobile of China 

FAW Group. Based on the hierarchical structure built in Section 2.2, the road real 

vehicle test is carried out to collect the vibration data, the origin dynamic stiffness 

(IPI), and the bushing dynamic stiffness of the active end of the connection point 

between the chassis system and the body system; the vibration data and the origin 

dynamic stiffness (IPI) of the passive end of the connection point between the chassis 

system and the body system; and the noise data of the driver’s right ear in the vehicle. 

Based on GB/T 18697-2002 vehicle interior noise measurement method [43], this 

paper uses LMS SCADAS Mobile data acquisition software and hardware system, a 

sound pressure sensor, and a three-way vibration acceleration sensor from LMS 

Company in Belgium to carry out a vehicle road noise road test. 

 

Figure 7. Sensor layout diagram. 
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Due to the limitation of hardware equipment, the test assumes that the vibration 

of the left and right sides of the vehicle is the same, so the unilateral vibration data is 

collected. The vertical coordinate is (0.7 ± 0.05) m above the intersection line of the 

seat surface and the backrest surface, and the horizontal coordinate is (0.20 ± 0.02) m 

from the center of the seat to the right. The sound pressure sensor is arranged to collect 

noise data. The 32 excitation points determined by the analysis of the main influencing 

factors of road noise need to be arranged with three-way acceleration sensors. The 

layout of each sensor on one side is shown in Figure 7. 

When collecting transfer function data such as IPI and NTF, a hammer is used to 

strike the loading point short and fast. The sound pressure sensor, three-way 

acceleration sensor, and hammer are connected to the data acquisition instrument 

through a one-way line or a three-way line. The data acquisition instrument collects 

the noise and vibration data and submits it to the data analysis software for analysis. 

Under the condition of sunny weather, no three-dimensional buildings or other large 

objects that can reflect noise near both sides of the road, and the road environment is 

asphalt pavement. The vibration signal sampling frequency is set to 25,600 Hz, the 

noise sampling frequency is set to 51,200 Hz, and the sampling time is set to 60 s. To 

ensure that in addition to the necessary testers and drivers, the vehicle has no other 

excess load under the premise of the test site to 60 km/h, this typical urban road speed 

forward. Through the above test method, the real vehicle road test was carried out, and 

2 sets of vehicle sample data were collected. 

Taking noise data as an example, the noise sampling frequency is set to 51,200 

Hz. The main purpose is to ensure that the collected noise data can cover the human 

ear's audible range of 20–20,000 Hz. At the same time, considering the vibration and 

noise generated by the interaction between the tire and the road surface, the main 

frequency range transmitted through the automobile structure is usually 20–300 Hz, 

and the body, suspension, and other structures usually resonate between 20–300 Hz. 

In addition, due to the influence of the acoustic-vibration coupling effect, the structural 

vibration is coupled to the acoustic cavity, and the process of eventually forming noise 

is affected by the modal characteristics of the vehicle body and the acoustic cavity 

resonance. The main frequency distribution of the interior noise matches the frequency 

distribution of the structural vibration, so the frequency band of the vibration 

acceleration is also 20–300 Hz. 

Therefore, this paper mainly analyzes and discusses the 20–300 Hz frequency 

band of the collected data. The noise data shows the driver’s right ear noise data of a 

sample measured by the sound pressure sensor. Due to the large amount of vibration 

data collected in the test, the vibration acceleration data only shows the vibration 

acceleration of the left front shock absorber at the active end, the vibration acceleration 

of the front mounting point of the left front upper arm, the vibration acceleration of 

the rear mounting point of the left front upper arm, the vibration acceleration of the 

front subframe left front mounting point, and the vibration acceleration of the front 

subframe left rear mounting point, as shown in Figure 8. 
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Figure 8. Test data: (a) Sample 1 driver’s right ear noise; (b) left front shock absorber; 

(c) left front upper arm front mounting point; (d) left front upper arm rear mounting 

point; (e) front subframe left front mounting point; (f) front subframe left rear 

mounting point. 

3.2. Simulation data collection 

Based on the existing models of the enterprise, this study optimizes and adjusts 

the bushing, subframe, and body structure to improve the acoustic performance of the 

vehicle, especially the road noise control ability. In the research process, the mature 

vehicle simulation model is used to collect and analyze the road noise simulation data. 

In the modeling process, the simulation results of the vehicle model used in this study 

were verified by the key response parameters. In the long-term application, the 

accuracy of the model has also been verified by multiple rounds. The data results 

obtained by the model simulation are highly consistent with the real vehicle test data, 

which can accurately reflect the vibration and noise characteristics of the vehicle. 

Therefore, the simulation data can not only be used as an important research basis but 

also as a powerful supplement to the test data in order to reduce the test cost, improve 

the development efficiency, and provide strong support for further optimization of 

vehicle NVH performance. The data collection point in the simulation experiment is 
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consistent with the test process. In this paper, the NVH module of Hypermesh2021.1 

is used to simulate the required data. 

The noise response data is collected as the driver’s right ear response. The 

acceleration data collection includes the vibration acceleration response of the active 

end and the acceleration response of the passive end. The transfer function collection 

mainly includes the IPI origin dynamic stiffness and the NTF noise transfer function. 

In the traditional CAE analysis process, engineers often need to carry out a large 

number of repetitive operations for the pre-processing and post-processing of the 

model. By setting the analysis condition in the form of the process tree of the Process 

Manager of NVH, the whole operation process of the frequency response function 

analysis can be fixed and simplified, which greatly reduces the workload of the pre-

processing and post-processing of the simulation and avoids some errors caused by 

human negligence. The simulation setting of the transfer function first needs to enter 

the frequency response analysis module through the toolbar to set the frequency 

response definition process and complete the parameter setting of the entire analysis 

according to the process tree. In this paper, the global damping, SPC single-point 

constraint, and MPC multi-point constraint are set to zero. According to the above 

steps, the road noise response header file and the frequency response analysis header 

file are generated and imported into the required basic model, respectively. By 

systematically adjusting the key parameters of the model, such as bushing stiffness, 

elastic modulus, and structural thickness, the simulation data collection under different 

simulation models and different load conditions was obtained, and finally 100 sets of 

simulation sample data were collected. Due to the large amount of data, only two sets 

of examples of the effect of modifying the local bushing parameters on the driver’s 

right ear noise response are shown, as shown in Figure 9. 

 

Figure 9. Test data: (a) Driver’s right ear noise change1; (b) driver’s right ear noise 

change2. 

4. Road noise prediction model 

4.1. Data preprocessing and model building 

In order to eliminate the influence of data unit and magnitude difference, improve 

the stability and convergence speed of model training, and take into account the 

limitation of the model on the output data range, it is necessary to normalize the input 

data [44,45] and map it to the [0, 1] interval. The prediction model is calculated based 
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on the normalized data, and the final prediction result is restored to the original 

magnitude by anti-normalization. The normalized formula is shown in Equation (9): 

𝑦 = (𝑦max − 𝑦min⁡) ×
𝑥 − 𝑥min⁡

𝑥max − 𝑥min⁡
+ 𝑦min⁡ (9) 

where x is the original data set, 𝑥max is the maximum value of the data set, 𝑥min is 

the minimum value of the data set, 𝑦max is the upper limit of the normalized interval 

(take 1), and 𝑦min is the lower limit of the normalized interval (take 0). 

In the process of data import of the prediction model, reasonable division of data 

sets is the key to ensuring the training effect of the model and evaluating the 

generalization ability. Usually, the data set is divided into a training set, a test set, and 

a final verification set to ensure that the model can effectively learn data features and 

have good prediction ability. The training set is used for the training process of the 

model. By continuously adjusting the parameters, the model learns the rules between 

the data and optimizes the prediction effect. The test set is used to evaluate the 

performance of the model on unseen data, analyze its accuracy and stability, and 

determine whether there are over-fitting or under-fitting problems; the final validation 

set is used for the final evaluation after the model optimization is completed to ensure 

its reliability and generalization ability in practical applications. In this paper, 2 sets 

of test data and 100 sets of simulation data are integrated into a data set, and randomly 

disrupted. The data set is divided according to the ratio of 4:1. Among them, 80 sets 

of data are used for training, 20 sets of data are used for testing, and 2 sets of data are 

retained as the final verification set to ensure the adaptability of the model on different 

data and improve the confidence and practicability of the prediction results. 

 

Figure 10. Prediction model building process. 

GRU prediction model, LSTM prediction model, and CNN prediction model. 

Taking the driver’s right ear noise prediction as an example, the input size of the GRU 

network and the LSTM network is 300⁡×⁡48, the output size is 300⁡×⁡1, the learning 

rate is set to 0.001, and the optimizer selects Adam; the input size of the CNN network 

is 300⁡× 48, the output size is 300⁡×⁡1, the number of channels is set to 12, the kernel 
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size is set to 2, the step size is set to 1, the learning rate is set to 0.001, the optimizer 

selects SGD, and the momentum is set to 0.9. By observing the change trend of the 

loss function and the prediction effect, the epoch of the three networks is set to 300, 

and the performance of the model is optimal or no longer significantly improved. As 

shown in Figure 10, the prediction model is built. After the data samples are imported 

and the data sets are divided according to the requirements, the network models are 

imported for training and testing. When the model training is completed and the model 

reaches a high accuracy, the verification set is imported to verify the generalization 

and accuracy of the prediction model. 

4.2. Road noise model prediction and results comparison 

The root mean square error (RMSE) can effectively measure the deviation 

between the predicted value and the true value of the model and is sensitive to large 

errors. The mean absolute error (MAE) provides a more intuitive mean error, which 

can effectively reflect the overall prediction error of the model. The coefficient of 

determination (R2) measures the degree of fitting of the model to the target data and 

can show the model’s ability to explain the data variation. These three indicators can 

comprehensively evaluate the accuracy and generalization ability of the prediction 

model. Therefore, RMSE, MAE, and R2 are selected as evaluation indicators [46,47], 

and the calculation formulas of each indicator are as follows. On the other hand, the 

running time is an important index to measure the computational efficiency of the 

prediction model. In view of the fact that the road noise data processed in this study 

have the characteristics of large data scale and high computational cost, and in 

engineering applications, the model prediction efficiency directly affects its practical 

application value. Therefore, the model running time is included in the evaluation 

index system to comprehensively consider the performance of the model. 

RMSE = √
1

𝑛
∑ (𝑦𝑖 − 𝑦̂𝑖)
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𝑛

𝑖=1
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where n is the number of samples, 𝑦𝑖 is the true value, 𝑦̂𝑖 is the predicted value, 𝑦̅𝑖 

is the mean value of the true value. 

In order to intuitively represent the prediction results of the road noise model, the 

prediction results of the GRU model, the LSTM model and the CNN model are 

compared with the real values, and the comparison diagram of the model prediction 

results shown in Figure 11 is drawn. According to the analysis, the predicted value of 

the GRU model and the predicted value of the LSTM model, are in good agreement 

with the trend of the real value (label), which can reflect that the two models can 
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accurately predict the driver’s right ear noise and realize the accurate prediction of 

road noise performance. In contrast, the predicted value of the CNN model is quite 

different from the true value, which is difficult to apply to the research object of this 

paper. This may be because noise prediction is a time-dependent task. Both the GRU 

model and the LSTM model are specifically used to capture and learn long-term 

dependencies in time series data, which can effectively capture time series patterns in 

signals. CNN is usually used to process local spatial features and has a weak ability to 

capture long-term trends in time series data. Therefore, based on the fact that the 

prediction task in this paper predicts the temporal variation of noise based on historical 

acceleration data, IPI data, NTF data, etc., LSTM and GRU are more suitable than 

CNN. 

 

Figure 11. Comparison of model prediction results. 

 

Figure 12. Comparison of model prediction errors. 

In order to further compare the performance differences of GRU, LSTM, and 

CNN models in road noise prediction, this study analyzes the prediction errors of the 

three models in each frequency band in detail, as shown in Figure 12. The relative 

error curves of the three models at each frequency are shown in the figure. The results 

show that the relative errors of the three models have obvious abnormal peaks in the 

frequency range of 0–25 Hz. This phenomenon may be due to the poor response of the 

sound measurement equipment to the low-frequency band and the simplification of 

the low-frequency band by the simulation model. Due to the low amplitude of the 

noise signal itself and the significant noise interference, the low-frequency band of the 
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sample data obtained by the test and simulation is not accurate, which leads to the 

decrease of the prediction accuracy of the model. However, due to the limited 

influence of low-frequency signals below 25 Hz on the subjective noise perception of 

occupants, the error of this frequency band has little influence on the analysis of actual 

road noise problems. In addition, in the frequency band of more than 25 Hz, the 

relative error of the GRU model is lower than that of the LSTM and CNN models, 

which is close to the analysis results of Figure 11. This further verifies the advantages 

of the GRU model in dealing with temporal noise prediction tasks. 

In order to quantitatively compare the specific advantages and disadvantages of 

the three models, the overall RMSE, MAE, R2 and running time of the three models 

are recorded, as shown in Table 1. The RMSE value of the GRU prediction result is 

2.18, the MAE value is 7.66%, and the R2 value is 0.97. The RMSE value of the LSTM 

prediction result is 2.39, the MAE value is 8.03%, and the R2 value is 0.96. The error 

results of the two models are small and better than the CNN model. The RMSE value 

is 5.26, the MAE value is 14.06%, and the R2 value is 0.85. Although the accuracy 

difference between the prediction results of the GRU model and the LSTM model is 

small, the training time of the LSTM model is five times that of the GRU model, so 

the overall performance of the GRU model is the best. 

Table 1. Statistical table of model error results and running time. 

Index CNN LSTM GRU 

RMSE 5.26 2.39 2.18 

MAE 14.06% 8.03% 7.66% 

𝑅2 0.85 0.96 0.97 

Time (s) 8.13 76.83 15.97 

4.3. Verification of road noise model prediction results 

The main role of the validation set is to evaluate the performance of the model 

on unknown data, help us select the best model and hyperparameters, and prevent 

overfitting [48–52]. It provides a basis for the optimization and tuning of the model 

and ensures that the model has good generalization ability in practical applications. In 

the model validation process, the validation set samples that are not involved in model 

training and model prediction are used to simulate new scenarios in practical 

applications so that the generalization ability of the model can be intuitively evaluated. 

In addition, by introducing a variety of models for verification and comparison, the 

generalization performance of the model is reflected by comparing and analyzing the 

prediction results of different models. The application of the validation set data in the 

prediction effect of the three models is shown in Figure 13. By observing the 

prediction results of sample 1 and sample 2 in the validation set, it can be seen that the 

conclusion is roughly the same as the analysis in Section 4.2. It is still the case that the 

predicted value of the GRU model and the predicted value of the LSTM model are 

better than the real value (label) trend, and the predicted value of the CNN model is 

quite different from the real value. 
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Figure 13. Verification set prediction results: (a) Comparison chart of prediction 

results of validation set sample 1; (b) comparison chart of prediction results of 

validation set sample 2. 

 

Figure 14. Validation set prediction error: (a) Comparison chart of prediction error 

of validation set sample 1; (b) comparison chart of prediction error of validation set 

sample 2. 

Table 2. Verification set model error results and running time statistics table. 

 Index CNN LSTM GRU 

Validation set 

sample 1 

RMSE 5.5 2.39 2.47 

MAE 13.84% 8.30% 7.49% 

𝑅2 0.87 0.95 0.96 

Time (s) 9.04 69.88 15.04 

Validation set 

sample 2 

RMSE 4.81 1.73 1.73 

MAE 13.14% 7.12% 7.09% 

𝑅2 0.92 0.96 0.98 

Time (s) 12.08 70.89 15.15 

In order to further quantify and compare the prediction performance differences 

of GRU, LSTM, and CNN models on the validation set, this study conducted a 

statistical analysis of the prediction errors of the three models. The specific results are 

shown in Figure 14 and Table 2. The results show that the prediction effects of the 

CNN model, LSTM model, and GRU model are relatively stable. The RMSE value of 

the CNN model on sample 1 is 5.50, the MAE value is 13.84%, and the R2 value is 

0.87. The RMSE value on sample 2 is 4.81, the MAE value is 13.14%, and the R2 

value is 0.92. The RMSE value of the LSTM model on sample 1 is 2.39, the MAE 

value is 8.30%, and the R2 value is 0.95. The RMSE value on sample 2 is 1.73, the 

MAE value is 7.12%, and the R2 value is 0.96. The RMSE value of the GRU model 
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on sample 1 is 2.47, the MAE value is 7.49%, and the R2 value is 0.96. The RMSE 

value on sample 2 is 1.73, the MAE value is 7.09%, and the R2 value is 0.98. The 

accuracy and reliability of the GRU model and LSTM model are still better than the 

CNN model. In addition, the running time of the validation set samples on the two 

models was observed. The LSTM model was 69.88 and 70.89, and the GRU model 

was 15.04 and 15.15. The running time of the GRU model is a quarter to a fifth of the 

running time of the LSTM model, and its efficiency is significantly better than the 

LSTM model. 

In addition, the prediction performance of the proposed model on the verification 

set can also reflect its adaptability and generalization. On this basis, a small amount of 

relevant data from other models can be supplemented, and the model can be fine-tuned 

to realize the effective migration and application of the model on different models or 

roads. With the continuous accumulation of the number of samples, the prediction 

performance of the model will continue to improve iteratively. 

5. Conclusion 

Based on the analysis of the road noise generation mechanism and transfer path, 

this paper constructs a hierarchical structure of vehicle road noise with the body system 

as the core and emphasizes the excitation, transfer function, and response of the vehicle 

body to right ear noise. On the basis of avoiding the complex structure of suspension 

and frame, the noise transfer function (NTF) and the origin dynamic stiffness (IPI) are 

introduced as the research parameters, and multiple critical paths of road noise are re-

divided to realize the fusion modeling of transfer function, vibration acceleration, and 

bushing dynamic stiffness. Aiming at the problem of insufficient samples, 100 groups 

of representative data samples are generated in batches through parametric design and 

CAE simulation, and a data sample library with self-consistent fusion of mechanism and 

data is constructed. Finally, the TPA analysis and data-driven method are combined, and 

the empirical formula is introduced as the loss term to establish a road noise performance 

prediction model based on self-consistent fusion of mechanism and data. The results 

show that the model has excellent performance in prediction accuracy, robustness, and 

operation efficiency. Among them, the GRU model performs best (RMSE = 2.18, MSE 

= 7.66%, time = 15.97 s), which is significantly better than the comparison method. 
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