
 

ENGINEERING INTELLIGENCE AND INNOVATION 

Open Access Journal | https://www.eii-journal.org 

EII 

 

 

Performance Prediction of Vehicle Floor Sound Insulation 

Systems Based on Sound Intensity—Gated Recurrent Units 

Yingqi Yin 1, Peisong Dai 1, Xingyu Xiang 2, Weiping Ding 1, Haibo Huang 1* 

1 School of Mechanical Engineering, Southwest Jiaotong University, Chengdu 610031, China; | 2 Vehicle Measurement 

Control and Safety Key Laboratory of Sichuan Province, Xihua University, Chengdu 610039, China 

* Corresponding author: huanghaibo214@swjtu.edu.cn 

 

Article Type: Research Article  

Manuscript ID: EII-XXXX-XXXX (assigned 

by the system) 

Received: YYYY-MM-DD 

Revised: YYYY-MM-DD 

Accepted: YYYY-MM-DD 

Published Online: YYYY-MM-DD 

DOI: to be assigned 

Copyright: © 2026 The Author(s) 

Abstract. Accurately predicting the sound insulation performance of a system is of great 

significance for the development of automotive noise, vibration, and harshness (NVH) 

performance. However, traditional numerical simulation methods are computationally 

expensive, while purely data-driven models often suffer from stability issues and lack of 

physical consistency when dealing with complex structures. To address this issue, this 

paper proposes a sound intensity-guided gated recurrent unit (SI-GRU) model for 

predicting the sound insulation of automotive floor systems by embedding sound intensity, 

a key indicator of sound insulation performance, as prior knowledge into the gated 

recurrent unit (GRU) network architecture. This approach enhances the model's stability 

and robustness during the frequency-domain learning process. Experimental results 

indicate that various deep learning models can effectively capture the overall trend of 

sound insulation performance as a function of frequency. Compared to benchmark models 

such as GRU, LSTM, and 1D-CNN, the proposed SI-GRU achieves superior results across 

evaluation metrics including RMSE, MAE, and MedAE, with a 2.5% reduction in RMSE 

prediction error relative to the GRU network. In the mid-to-high frequency range, where 

NVH performance is most critical, the model can stably control the relative error within 

approximately 6%–7%. The results demonstrate that combining domain knowledge with 

data-driven models can effectively improve the reliability and engineering applicability of 

sound insulation prediction, providing an efficient predictive method to replace high-cost 

numerical simulations. 
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1. INTRODUCTION 

As consumer demands for cabin comfort and interior 

quietness continue to rise, researchers are constantly 

exploring ways to improve automotive chassis sound 

insulation technology. As one of the major systems 

responsible for noise transmission in vehicles, the 

automotive chassis is a critical component along the primary 

transmission paths of airborne noise [1,2]. Previously, due 

to the masking effect of engine noise in internal combustion 

engine vehicles, occupants were less sensitive to road noise. 

However, since the noise generated by electric vehicle 

motors is significantly lower than that of internal 

combustion engines, road noise produced during electric 

vehicle operation makes occupants more sensitive to it [3,4]. 

Therefore, this study focuses on predicting the sound 

insulation performance of floor sound insulation systems 

and provides corresponding prediction methods.  

In research on automotive floor systems, experimental 

testing and simulation methods are two key approaches for 

evaluating and optimizing sound insulation performance. 

Liu et al. [5] conducted experimental tests on vehicle 

carpets using an impedance tube to measure sound 

absorption coefficients and transmission loss, and compared 

and analyzed the contributions of different material 

combinations to acoustic performance through theoretical 

models. John [6] addressed the acoustic optimization of 

vehicle floor carpet systems by establishing a material 

parameter database and a virtual modeling verification 

system. Through structural improvements and optimized 

design, he enhanced sound insulation and sound absorption 

performance while ensuring controllable weight and cost. 

While experimental testing provides an intuitive means of 

assessing the sound insulation performance of the chassis, 

discrepancies between test conditions and actual driving 
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environments, coupled with the nonlinear and time-varying 

characteristics of in-vehicle noise sources, often result in 

significant testing errors. Additionally, the testing process 

typically requires substantial time and high costs, limiting 

its widespread application in practical engineering [7,8]. 

With the advancement of computer technology, simulation 

methods have been increasingly adopted by researchers for 

the sound insulation and optimization of automotive chassis 

systems. Zhang et al. [9] developed a simulation model of 

the chassis sound insulation system based on FEM, 

simulating the vibration characteristics of the chassis and 

body structure as well as sound propagation paths, and 

analyzed the impact of different structural sound insulation 

materials on acoustic performance. Deng et al. [10] 

predicted the sound insulation performance of a sealing 

specimen and an actual automotive door sealing system by 

establishing a hybrid finite element-statistical energy 

analysis (FE-SEA) model. Simulation methods have, to 

some extent, addressed the shortcomings of experimental 

methods; however, due to the complex coupled effects in 

automotive sound insulation systems, issues such as the 

difficulty in defining boundary conditions for simulation 

models and the uncertainty of material parameters can also 

affect the accuracy of the models and the reliability of the 

prediction results [11,12]. In summary, existing 

experimental and simulation methods for predicting 

automotive underbody sound insulation systems suffer from 

limitations in efficiency and accuracy, and involve high 

costs; therefore, it is necessary to explore more efficient, 

economical, and reliable alternative solutions. 

Compared to traditional experimental testing and 

simulation methods, data-driven approaches can process 

large amounts of experimental data in a short period of time, 

significantly reducing modeling and prediction times. 

Unlike traditional physical modeling and simulation 

methods, data-driven approaches do not require precise 

mathematical formulas and can efficiently predict acoustic 

performance even in the absence of explicit physical models 

[13,14]. Noise transmission in vehicle sound insulation 

systems often involves complex nonlinear relationships that 

are difficult to accurately describe using traditional physical 

models. Wu et al. [15] employed a deep convolutional 

neural network (CNN) model to predict noise levels at 

different locations inside the vehicle; this model can 

adaptively adjust the weights of input data and achieve good 

predictive results. Wang et al. [16] used SVM to classify the 

performance of different sound-insulating materials, 

accurately predicting the sound-insulation effects of each 

material in practical applications. Ma et al. [17] proposed a 

convolutional neural network based on adaptive weighted 

feature learning. Using a data-driven approach, they 

performed predictive analysis of the sound insulation 

performance of the entire front acoustic package system 

based on the original parameters of the front acoustic 

package components. The data-driven method can not only 

be used for prediction but also to identify optimal sound 

insulation design solutions through optimization algorithms. 

The integrated nature of this method gives it great potential 

for practical engineering applications. Peng et al. [18] 

developed a hierarchical multi-objective prediction system 

incorporating a one-dimensional CNN model to predict the 

sound insulation performance of automotive underbody 

acoustic packages. Testing demonstrated that the proposed 

one-dimensional CNN model provides more accurate and 

efficient predictions for automotive floor acoustic systems 

compared to results obtained using two-dimensional CNNs 

and support vector regression models. Huang et al. [19] 

noted that current research on acoustic packages largely 

focuses on data-driven aspects while neglecting the 

knowledge attributes underlying acoustic package design. 

They proposed a Long Short-Term Memory (LSTM) model 

based on adaptive learning rates, employing a multi-

objective approach as a knowledge model, and developed an 

acoustic package system encompassing component-level, 

system-level, and path-level analyses. Data-driven methods 

for predicting automotive sound insulation systems offer 

significant efficiency advantages over experimental 

simulation methods. However, data-driven methods rely on 

large volumes of high-quality datasets. In practical 

applications, obtaining comprehensive and accurate in-

vehicle noise data is often fraught with difficulties. In 

particular, collecting high-dimensional, diverse data under 

complex operating conditions is costly and may even 

involve issues such as data missingness or imbalance 

[20,21]. Furthermore, data-driven models typically ignore 

physical mechanisms during prediction, relying solely on 

statistical relationships between inputs and outputs. This 

leads to unstable model performance when faced with 

scenarios outside the distribution of training data, resulting 

in a loss of generalization ability. 

In recent years, data-driven methods have been widely 

applied in the fields of artificial intelligence and machine 

learning. By analyzing and mining large amounts of data, 

these methods can identify patterns, predict trends, and 

demonstrate strong performance across numerous 

application scenarios. However, they have significant 

shortcomings in integrating domain knowledge, causing 

data-driven models to deviate from professional domains 

and physical rules. McCarthy et al. [22] noted that when 

using traditional data-driven methods to extract information 

and predict noise models in acoustic research, issues such as 

noise, missing data, or data imbalance directly impact model 

performance and stability. Jiang et al. [23] pointed out that 

since data-driven methods extract information directly from 

data, they tend to capture correlations rather than causal 

relationships, making it difficult for models to provide 

credible explanations in complex scenarios. Afifi et al. [24] 

point out that data-driven methods rely on large-scale, high-

quality datasets; without domain knowledge guidance, these 

methods may amplify biases present in the data, 
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compromising the fairness and reliability of results. Fan et 

al. [25] predicted the ultra-high-cycle fatigue life of 

structures by integrating data-driven approaches with 

physical principles, demonstrating that incorporating 

physical principles improves the model's predictive 

accuracy. Pang et al. [26] introduced empirical knowledge 

of in-vehicle noise into a data-driven model designed to 

study noise caused by uneven road surfaces, thereby 

establishing a mechanism- and data-driven model that 

improved prediction accuracy. The approach of combining 

external empirical knowledge with data-driven methods can 

reduce data requirements and minimize model uncertainty; 

currently, this method is also receiving widespread attention 

in practical engineering research and applications. 

To address the aforementioned issues, this paper 

integrates sound intensity (SI) calculation methods with 

empirical knowledge of automotive sound insulation 

systems and introduces a gated recurrent unit (GRU) to 

construct an sound intensity—gated recurrent units  (SI-

GRU) prediction model. This model not only reduces the 

reliance on large-scale data inherent in traditional data-

driven methods but also further improves prediction 

accuracy, providing a new technical approach for predicting 

sound insulation performance in data-constrained scenarios. 

The main contributions of this paper are as follows: (1) A 

physics-guided recurrent neural network model 

incorporating sound intensity mechanisms is proposed for 

predicting the sound insulation performance of automotive 

floor sound insulation systems. By integrating prior 

knowledge from the field of acoustics into the GRU 

architecture, the model exhibits greater physical consistency 

and training stability when learning complex structure–

sound coupling relationships. (2) A systematic model 

evaluation framework oriented toward sound insulation 

frequency characteristics was established. Through multi-

frequency error distribution analysis and the combined 

evaluation of absolute and relative errors, the model's 

predictive capabilities and error evolution patterns across 

different frequency bands were systematically revealed, 

providing an efficient and practical data-driven solution for 

rapid sound insulation performance assessment. 

This paper is organized into the following sections: 

Section 2 introduces the specific computational process of 

the GRU network and proposes the SI-GRU network by 

incorporating an empirical gate; Section 3 details the 

specific workflow for collecting in-vehicle noise test data; 

Section 4 uses the SI-GRU method to predict in-vehicle 

noise and compares the results with those of GRU, LSTM, 

and 1D-CNN networks; Section 5 presents conclusions 

based on the preceding results; the specific workflow is 

illustrated in Fig. 1. 

 
Fig.1. Paper Structure Diagram 

 

2. METHOD 

2.1 Introduction to GRU Networks 

The GRU network is essentially a type of recurrent neural 

network (RNN). It is commonly used to address issues such 

as the lack of long-term memory in RNNs and gradient 

vanishing during backpropagation. Its function is similar to 

that of the LSTM network, but it is simpler in structure. The 

GRU network model primarily consists of two gates: the 

reset gate and the update gate [27,28]. The GRU unit is 

shown in Fig. 2. 

 
Fig.2. GRU Network Architecture 

 

In Fig. 2, 𝑥𝑡 represents the input at the current time step, 

ℎ𝑡−1 represents the hidden state from the previous time step, 

ℎ̃𝑡  represents the candidate hidden state, ℎ𝑡  represents the 

hidden state passed to the next time step, 𝑟𝑡 represents the 

reset gate, 𝑧𝑡  represents the update gate, 𝜎  represents the 

sigmoid function, and 𝑡𝑎𝑛ℎ  represents the 𝑡𝑎𝑛ℎ  function. 

The reset gate 𝑟𝑡 determines how the new input is combined 

with the previous memory, and its calculation formula is as 

follows: 

 

𝑟𝑡 = 𝜎(𝑊𝑟 · [ℎ𝑡−1, 𝑥𝑡]) 
(1) 

ℎ̃𝑡 = tanh(𝑊 ∙ [𝑟𝑡 ∗ ℎ𝑡−1, 𝑥𝑡]) 

 

In Equation 1, where 𝑊𝑟  and 𝑊 are both weight matrices, 

the reset gate uses the sigmoid function to reset the hidden 

state based on the input information at the current time step, 
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and calculates the value of 𝑟𝑡. This value is then used with 

the 𝑡𝑎𝑛ℎ function to compute the candidate hidden state ℎ̃𝑡. 

The update gate 𝑧𝑡 controls the extent to which the state 

information from the previous time step is incorporated into 

the current state, and is primarily used to update memory 

[29,30]. Through Equation 2, 𝑧𝑡 is still obtained by applying 

the sigmoid function to the weight matrix 𝑊𝑧 , the input 

information 𝑥𝑡, and the hidden state from the previous time 

step ℎ𝑡−1. Finally, by incorporating some information from 

the forgotten state ℎ𝑡−1  and adding the candidate hidden 

state information ℎ̃𝑡 from the current node, the hidden state 

information ℎ𝑡 to be passed to the next time step is formed. 

𝑧𝑡 = 𝜎(𝑊𝑧 · [ℎ𝑡−1, 𝑥𝑡]) 
(2) 

ℎ𝑡 = (1 − 𝑧𝑡) ∗ ℎ𝑡−1 + 𝑧𝑡 ∗ ℎ̃𝑡 

 

Based on the computed hidden layer, normalization is 

performed using the function 𝑠𝑜𝑓𝑡𝑚𝑎𝑥  to transform the 

output into a probability distribution. According to Equation 

3, 𝑦𝑡  is the output at the current time step t, typically a 

probability distribution; 𝑊𝑜  is the output layer weight 

matrix, used to map the GRU's hidden state to the output 

space; and 𝑏𝑜 is the output layer bias term, used to adjust the 

output. 

𝑦𝑡 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑜ℎ𝑡 + 𝑏𝑜) (3) 

 

Through this mechanism, the GRU network improves 

training and prediction efficiency with fewer gating 

structures and can accurately capture effective information 

over longer time spans when processing long sequences 

[31,32]. However, GRU networks are highly sensitive to 

hyperparameters when handling small-sample and high-

noise data; therefore, external expertise must be 

incorporated to tune the hyperparameters and achieve 

optimal performance. 

2.2 Introduction to the SI-GRU Method 

In the performance modeling of automotive sound 

insulation systems, traditional GRU networks primarily rely 

on statistical correlations between inputs and outputs for 

prediction, lacking an effective representation of physical 

mechanisms. This leads to model instability or significant 

prediction errors when data distributions change. To 

enhance the generalization capability and physical 

interpretability of automotive sound insulation system 

performance modeling, this paper proposes an improved 

model, SI-GRU, that incorporates physical knowledge. By 

integrating sound intensity calculation methods into the 

model and using it as key physical information in the input, 

the model helps capture the true temporal evolution patterns. 

Compared to the traditional sound pressure level, sound 

intensity incorporates both the magnitude and directionality 

of sound energy, enabling the characterization of sound 

energy propagation paths to help identify areas of poor 

sound insulation. It also directly describes the sound energy 

flux density per unit area, offering stronger physical 

representativeness [33,34]. The formula for sound intensity 

is as follows: 

𝐼 =
𝑝𝑟𝑚𝑠

2

𝜌𝑐
 (4) 

 

Where 𝐼 is the sound intensity, 𝑝𝑟𝑚𝑠  is the effective sound 

pressure level (the 1/3-octave band sound pressure levels 

used in this paper are effective sound pressure levels), 𝜌 is 

the density of air, and 𝑐 is the speed of sound. 

By combining sound intensity with the hidden state 

information of the GRU (ℎ𝑡 ), external experience data is 

dynamically integrated into the model. Its main unit 

structure is shown in Fig. 3. Here, the experience gate 𝑔𝑡 is 

obtained by applying a sigmoid function to the weight 

matrix 𝑊𝑔 , the input information 𝑥𝑡  , the previous time 

step's hidden state ℎ𝑡−1 , and the external experience 

information 𝑒𝑡 . The experience gate 𝑔𝑡  is then combined 

with the candidate's hidden state ℎ̃𝑡. The contribution of the 

external experience information 𝑒𝑡 to the candidate hidden 

state is controlled via the experience gate 𝑔𝑡 , resulting in an 

experience-enhanced candidate hidden state ℎ̃𝑡
𝑒𝑥𝑝

. Finally, 

the candidate hidden state ℎ̃𝑡
𝑒𝑥𝑝

 is combined with the update 

gate 𝑧𝑡 to form the hidden state information ℎ𝑡 for the next 

time step. 

𝑔𝑡 = 𝜎(𝑊𝑔 ∙ [ℎ𝑡−1, 𝑥𝑡 , 𝑒𝑡]) 

(5) ℎ̃𝑡
𝑒𝑥𝑝 = 𝑔𝑡 ∗ ℎ̃𝑡 + (1 − 𝑔𝑡) ∗ 𝑒𝑡 

ℎ𝑡 = (1 − 𝑧𝑡) ∗ ℎ𝑡−1 + 𝑧𝑡 ∗ ℎ̃𝑡
𝑒𝑥𝑝

 

 

 
 Fig.3. SI-GRU Network Architecture Diagram 

 

After calculating the hidden state information ℎ𝑡  to be 

passed to the next time step, the SI-GRU's hidden state is 

mapped to the output space using the same output 

calculation method as GRU, as described in Equation 3, to 

produce the current time step's 𝑦𝑡 value. 

 

3. EXPERIMENT 

In automotive sound insulation systems, sound insulation 

index is commonly used to evaluate the system's sound 

insulation performance; this index is also referred to as the 

system's STL. The sound insulation performance of an 

automotive floor system is determined by the combined 

STL of the sound insulation components that make up the 

system. These components consist of the STL of the sheet 
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metal and the STL of the sound-absorbing mats laid on top 

of the sheet metal [35,36]. According to the specific STL 

testing methods provided in ISO 10140-2:2010 [37], a 

reverberation chamber-anechoic chamber combination is 

used to test the sound insulation performance of various 

floor materials. The test consists of two main areas: the 

reverberation chamber and the anechoic chamber. A sound 

source is generated in the reverberation chamber and 

received in the anechoic chamber; the STL is calculated by 

measuring the attenuation of the noise source between the 

source chamber and the receiving chamber [38]. During 

testing, the material or component under test is mounted on 

the partition wall between the reverberation chamber and 

the anechoic chamber, and fixtures and sealing putty are 

used to prevent sound leakage. Simultaneously, a 

dodecahedral spherical sound source is placed at the center 

of the reverberation chamber to generate white noise with a 

total sound pressure level of 120 dB. The STL of the test 

specimen is calculated by measuring the difference in sound 

power between the anechoic chamber and the reverberation 

chamber [39,40]. As shown in Fig. 4. Before conducting 

sound insulation performance tests, it is first necessary to 

match and combine sheet metal and carpet materials of 

different thicknesses according to the design scheme. A 

three-dimensional testing method is then used to determine 

the proportion of each thickness of sheet metal and carpet 

within the target area, thereby accurately describing the 

material distribution characteristics of the sound insulation 

system [41,42]. After configuration, This composite 

structure is tested as an independent sample to measure 

sound insulation performance, thereby generating a data set 

with a clear correlation between structural parameters and 

performance metrics. Tables 1 and 2 respectively show the 

composition ratios of sheet metal and carpet materials of 

different thicknesses for five of these samples. Next, tests 

were conducted on the STLs for different thicknesses of 

sheet metal material, different types and thicknesses of 

sound insulation pads, and the floor system used in the floor 

sound insulation system. Using spectral analysis methods, 

the sound pressure level distribution characteristics for each 

1/3-octave band were extracted. Fig. 5 shows the STLs for 

different thicknesses of sheet metal material and different 

types and thicknesses of sound insulation pads; Fig. 6 shows 

the STL for the floor system. 

 

Fig.4. STLs of automotive floor sound insulation 

components and systems obtained from tests in a 

reverberation chamber and an anechoic chamber  

 

TABLE 1 

PERCENTAGE OF SHEET METAL OF DIFFERENT 

THICKNESSES IN FIVE SETS OF SAMPLES 
Thickness 

(mm) 

Area ratio 

Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 

0.65 0.89 0.85 0.94 0.90 0.82 

0.7 0.01 0.00 0.00 0.00 0.03 

0.8 0.00 0.00 0.00 0.01 0.01 

0.9 0.00 0.02 0.03 0.00 0.00 

1 0.00 0.01 0.00 0.00 0.01 
1.1 0.00 0.00 0.00 0.00 0.00 

1.2 0.00 0.00 0.02 0.02 0.03 

1.3 0.00 0.01 0.00 0.01 0.03 

1.4 0.00 0.00 0.01 0.00 0.00 

1.5 0.03 0.03 0.00 0.00 0.00 
1.6 0.02 0.00 0.00 0.00 0.02 

1.7 0.03 0.02 0.00 0.00 0.00 

1.8 0.00 0.03 0.00 0.01 0.00 

1.9 0.00 0.01 0.00 0.00 0.00 

2 0.00 0.01 0.00 0.01 0.00 
2.1 0.00 0.00 0.00 0.03 0.03 

2.2 0.00 0.01 0.01 0.00 0.02 

 

 
(a) 

 
(b) 

Fig.5. Sound Transmission Loss: a). Different thickness of 

sheet metal material STL; b). Carpet-A different thickness 

of sound insulation pads STL. 
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TABLE 2  

COMPOSITION OF CARPET MATERIALS BY THICKNESS FOR 

FIVE SETS OF SAMPLES 
Thickness 

(mm) 

Area ratio 

Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 

0 0.00 0.00 0.00 0.00 0.00 

5 0.00 0.03 0.04 0.00 0.02 

10 0.06 0.09 0.07 0.07 0.08 

15 0.52 0.40 0.44 0.44 0.42 

20 0.00 0.00 0.03 0.00 0.04 
25 0.11 0.13 0.08 0.08 0.05 

30 0.03 0.00 0.05 0.00 0.05 

35 0.13 0.11 0.14 0.19 0.14 

40 0.16 0.24 0.15 0.22 0.20 

 

 
Fig.6. Floor system STL. 

 

 

4. MODEL DEVELOPMENT AND PREDITION 

4.1 Development of the SI-GRU Model 

By testing the sound insulation data of sheet metal and 

sound insulation pads of different thicknesses, and 

separately collecting the STL values for the six subsystems 

of the chassis and the chassis system as a whole, we formed 

separate datasets for each sample. Preprocessing the 

collected raw data effectively reduces data noise, improves 

data quality, and eliminates the influence of data magnitude 

on the neural network's prediction results [43,44]. 

Preprocessing primarily involves normalizing the data input 

to the prediction model, using the normalized data for model 

training and prediction, and finally denormalizing the 

prediction results back to their original magnitude [45,46]. 

Normalization is the process of scaling feature data with 

different dimensions or numerical ranges to a specific range 

(between [0,1]); the formulas for normalization and 

denormalization are shown in Equation (6). 

𝑋𝑠𝑡𝑑 =
𝑥𝑖 − 𝑋𝑚𝑖𝑛

𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛
 

(6) 

𝑋_𝑠𝑐𝑎𝑙𝑒𝑑 =  𝑋_𝑠𝑡𝑑 × (𝑋𝑚𝑎𝑥 − 𝑋𝑚𝑖𝑛) + 𝑋_𝑚𝑖𝑛  

 

Where 𝑋𝑠𝑡𝑑 is the normalized value, 𝑥𝑖 is the value for each 

data point, X is the original dataset, 𝑋𝑚𝑎𝑥  is the maximum 

value in the original dataset, 𝑋𝑚𝑖𝑛 is the minimum value in 

the original dataset, and 𝑋𝑠𝑐𝑎𝑙𝑒𝑑  is the denormalized value. 

Due to the limited number of available samples, a K-fold 

cross-validation strategy combined with an independent test 

set was employed to ensure the reliability of the 

performance evaluation [47,48]. The complete dataset 

consists of 140 samples, of which 112 samples (80%) were 

used for model development, while the remaining 28 

samples (20%) served as an independent test set and were 

not included in any training or hyperparameter tuning 

processes. These 112 training samples were further 

subjected to 5-fold cross-validation. In each fold, 

approximately 90 samples were used to train the SI-GRU 

network, and the remaining 22 samples were used for 

validation. Model hyperparameters and training strategies 

were determined based on the average performance across 

the five-fold validation. After model selection, the SI-GRU 

model was retrained using all 112 training samples, and a 

final evaluation was conducted on the independent test set. 

Following the dataset partitioning, the SI-GRU network was 

deployed to analyze the automotive chassis sound insulation 

system problem, with 17 one-third octave bands 

corresponding to different thicknesses of sheet metal 

material STL, Different types and thicknesses of sound 

insulation pads STL (STL files of sheet metal materials of 

varying thicknesses and sound insulation pads of different 

types and thicknesses) as model inputs, with the 1/3-octave 

band frequencies of the floor system STL serving as the 

model outputs. A single-layer SI-GRU network was selected 

as the overall model framework to predict the floor sound 

insulation performance. The model output consists of results 

processed by the SI-GRU network and passed through a 

fully connected layer, corresponding to the predicted values 

of the system at each 1/3-octave band frequency. A 

schematic diagram of the model structure is shown in Fig. 7. 

The software used for model development is PyCharm 

2023.2, and the computer hardware configuration is as 

follows: CPU: 13th Gen Intel Core i7-13700HX; GPU: 

NVIDIA GeForce RTX 4060; RAM: 16.0 GB. 

 
Fig.7. Prediction model for the chassis sound insulation 

system based on the SI-GRU 
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4.2 Analysis of Prediction Results 

This section compares the predictive performance of four 

models—SI-GRU, GRU, LSTM, and 1D-CNN—under the 

assumption that all models use fixed weights. All models 

were trained using the same dataset split and training 

settings. The structure of SI-GRU is described in detail in 

Section 4.1; the GRU adopts a single-layer structure with a 

main architecture identical to that of SI-GRU; The 1D-CNN 

comprises two convolutional layers (the first layer with 2 

input channels and the second with 6 input channels, both 

using 3×3 convolutional kernels with padding=1), followed 

by adaptive average pooling and a fully connected layer; the 

LSTM also adopts a single-layer structure with 128 hidden 

units. The Adam optimizer was used for training all models, 

with an initial learning rate of 0.001 and a total of 200 

training epochs. 

In the experiment, mean absolute error (MAE), root mean 

squared error (RMSE), and median absolute error (MedAE) 

were used as evaluation metrics for the models. Table 3 

summarizes the prediction results of the four models on the 

test set. Overall, all three baseline models achieved high 

prediction accuracy, indicating a strong learnable mapping 

relationship between the system's sound insulation 

performance and the input features. Among them, the GRU 

demonstrated the best overall prediction accuracy, with both 

its MAE and RMSE slightly lower than those of the LSTM 

and 1D-CNN, while its MedAE was comparable to that of 

the LSTM but superior to that of the 1D-CNN; Compared to 

LSTM, GRU exhibits smaller values and more stable 

fluctuations across all error metrics, demonstrating better 

prediction consistency. Therefore, this paper selects GRU as 

the baseline model for improvement. Based on this, the 

proposed SI-GRU achieves the best results across all 

evaluation metrics, with its MAE, RMSE, and MedAE 

reduced by approximately 2.0%, 2.5%, and 6.0% compared 

to GRU, respectively. Although the numerical 

improvements are relatively modest, further reducing errors 

becomes increasingly challenging when the model's overall 

prediction accuracy is already at a high level. This indicates 

that the introduced sound intensity mechanism can 

effectively enhance prediction stability without significantly 

increasing model complexity. In particular, the substantial 

improvement in MedAE demonstrates that this method 

performs more robustly in suppressing outlier samples, 

thereby reducing the impact of extreme prediction errors on 

overall performance. 

TABLE 3 

ERROR METRICS FOR DIFFERENT MODELS 

Model 
MAE 

(dB) 

RMSE 

(dB) 

MedAE 

(dB) 

SI-GRU 3.591 2.820 2.268 

GRU 3.664 2.893 2.413 

LSTM 3.687 2.908 2.413 

1D-CNN 3.695 2.943 2.461 

 

To provide a more intuitive comparison of the predictive 

performance of each model, Fig. 8 shows a comparison of 

the prediction results from each model with the actual 

values across the entire frequency range. It can be seen that 

all models demonstrate good trend capture capabilities. In 

terms of absolute error, the prediction deviation of SI-GRU 

is generally within ±1.5 dB at most frequency points, with 

a maximum deviation of 2.52 dB (at 800 Hz). Fig. 9 further 

illustrates the distribution of relative errors across 17 

frequency points, where the error bars represent the error 

range of the test samples. It is worth noting that although the 

relative error in the low-frequency band (<500 Hz) is 

relatively high—with SI-GRU ranging from approximately 

11.3% to 20.2% and the comparison models generally 

reaching 12.9% to 27.7%— the sound insulation values 

themselves are at a relatively low level of 20–27 dB. 

Consequently, even with a certain degree of deviation, the 

corresponding absolute error remains within 2.5 dB. 

Therefore, on the absolute scale shown in Fig. 8, low-

frequency errors do not exhibit a significant trend of 

amplification. This phenomenon primarily stems from the 

fact that at low frequencies, the structural-acoustic coupling 

system exhibits denser modal characteristics, making it 

more sensitive to boundary conditions and parameter 

perturbations, which leads to increased response uncertainty

—a common challenge in sound insulation prediction. As 

the frequency increases, the relative errors of all models 

generally show a gradual downward trend. In the 1000–
5000 Hz frequency band, the relative error of SI-GRU 

remains largely between 5.9% and 6.9%, which is 

significantly lower than the 6.2%–8.4% for GRU and 

LSTM and the 6.4%–8.9% for 1D-CNN. Overall, SI-GRU 

exhibits a superior error distribution across all frequency 

bands. Additionally, this model features a shorter error tail 

and lower dispersion, consistent with the results showing 

significant improvements over MedAE. This indicates that 

the proposed method not only enhances average prediction 

accuracy but also effectively suppresses the occurrence of 

extreme errors, thereby improving the model's stability and 

engineering applicability under complex operating 

conditions. 
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(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 8. Real floor sound insulation and prediction results 

obtained using different models. (a) SI-GRU. (b) GRU. (c) 

LSTM. (d) 1D-CNN  

 

 
Fig. 9. Relative error distribution of each model. 

 

5. CONCLUSION 

This paper proposes a Sound Intensity-Guided Recurrent 

Unit (SI-GRU) model for predicting the sound insulation 

index of automotive floor systems. By integrating domain-

specific acoustic knowledge into the recurrent neural 

network architecture, the proposed method effectively 

enhances the model's prediction stability while maintaining 

high computational efficiency. Experimental results indicate 

that various deep learning models can effectively capture 

the overall trend of sound insulation performance as a 

function of frequency; however, the SI-GRU demonstrates 

superior comprehensive performance across multiple 

evaluation metrics. Compared with the baseline GRU 

model, the SI-GRU model reduced MAE, RMSE, and 

MedAE by approximately 2.0%, 2.5%, and 6.0%, 

respectively, indicating that this model possesses greater 

robustness than GRU in suppressing large prediction errors. 

Analysis of each prediction frequency point shows that 

although the relative error is slightly higher in the low-

frequency band due to significant structure–acoustic 

coupling effects and strong modal sensitivity, the absolute 

deviation is still controlled within an engineering-acceptable 

range. In the mid-to-high frequency bands, which are more 

critical for vehicle NVH performance, SI-GRU can stably 

control the relative error within approximately 5.9%–6.9%, 

lower than the 6.2%–8.4% of GRU and LSTM, while 

demonstrating good prediction reliability and engineering 

applicability. 

Overall, the proposed method not only improves average 

prediction accuracy but also effectively reduces the 

probability of extreme errors, thereby enhancing the model's 

stability under complex operating conditions. The results 

indicate that combining domain knowledge with data-driven 

models is a promising technical approach for enhancing 

structural-acoustic prediction capabilities. Future work will 

further expand the dataset scale, conduct model validation 

across multiple vehicle platforms, and explore hybrid neural 

network architectures that incorporate physical mechanisms 

to continuously improve the model's generalization ability 
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and engineering applicability. 
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