









	[image: images]
	Sound & Vibration
	[image: images]






DOI: 10.32604/sv.2024.046940

ARTICLE

Prediction of Sound Transmission Loss of Vehicle Floor System Based on 1D-Convolutional Neural Networks

Cheng Peng1, Siwei Cheng2, Min Sun1, Chao Ren1, Jun Song1 and Haibo Huang2,*

1Guangzhou Automobile Group Co., Ltd., Automotive Research and Design Centre, Guangzhou, 511434, China
2School of Mechanical Engineering, Southwest Jiaotong University, Chengdu, 610031, China
*Corresponding Author: Haibo Huang. Email: huanghaibo214@foxmail.com;
Received: 19 October 2023; Accepted: 02 January 2024; Published: 06 February 2024


Abstract: The Noise, Vibration, and Harshness (NVH) experience during driving is significantly influenced by the sound insulation performance of the car floor acoustic package. As such, accurate and efficient predictions of its sound insulation performance are crucial for optimizing related noise reduction designs. However, the complex acoustic transmission mechanisms and difficulties in characterizing the sound absorption and insulation properties of the floor acoustic package pose significant challenges to traditional Computer-Aided Engineering (CAE) methods, leading to low modeling efficiency and prediction accuracy. To address these limitations, a hierarchical multi-objective decomposition system for predicting the sound insulation performance of the floor acoustic package has been developed based on an analysis of the noise transmission path. This approach involves introducing a 1D-Convolutional Neural Network (1D-CNN) model for predicting the sound insulation performance of the floor acoustic package, thereby avoiding the limitations of conventional CAE approaches that rely solely on “data-driven” methods. The proposed method was applied and tested using specific vehicle models, and the results demonstrated the effectiveness and superiority of the proposed approach relative to those obtained using 2D-CNN and Support Vector Regression (SVR) models.
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1  Introduction

Excessive noise affects passenger comfort and increases driver fatigue, which can lead to more accidents. Thus, reducing noise is crucial for improving traffic safety and passenger well-being [1]. The “vehicle acoustic package” refers to a combination of elements designed to reduce sound pressure, especially from air, affecting the vehicle’s interior acoustics [2]. The floor acoustic package, often a carpet, is key in car interiors for comfort and safety, absorbing internal noise and blocking external sounds [3]. The floor acoustic package is crucial for insulating against noise from the powertrain and tires, significantly affecting the vehicle’s overall NVH performance [4]. A well-conceived acoustic package design not only serves to markedly diminish in-cabin noise levels but also holds the potential to reduce costs and facilitate vehicular weight reduction. Consequently, the study of performance enhancements in automobile floor acoustic packages bears profound practical significance.

In the realm of traditional research pertaining to automotive acoustic packages, the prevalent approach has been the application of Statistical Energy Analysis (SEA) within engineering contexts [5]. The integration of SEA theory into automotive industry research has enabled a nuanced examination of the propagation of sound and vibrational energy within intricate structures [6]. Notably, advancements in simulation software, such as VA-One, have markedly augmented the analysis of high-frequency noise [7]. Conventional acoustic research typically uses SEA or FE-SEA models for precise simulation of medium and high-frequency noise, with significant contributions like Toyota’s Kobayashi et al.’s vehicle SEA model analyzing the relationship between acoustic packages and internal noise [8]. Ge et al. used the statistical energy method to create a SEA model, predicting and optimizing a vehicle’s internal noise for cost-effective acoustic packaging, achieving cost and weight reductions without compromising NVH quality [9]. Lu and colleagues developed a hybrid FE-SEA model to predict the acoustic package’s insertion loss at mid-frequencies and examined how design changes affect this loss [10]. Gao et al. employed SEA to prognosticate road noise transmitted via the vehicle’s air, culminating in the development of a comprehensive SEA model for the vehicle [11]. Teknos and team set high-frequency noise targets in vehicles using the statistical energy method, combining experimental and simulation methods to optimize the acoustic package to meet noise standards [12]. Using SEA, Lee et al. analyzed and optimized acoustic subsystems that affect vehicle noise, reducing the driver’s head area sound pressure by 1.1 dB (A) [13]. Che et al. developed a model based on SEA to predict and control interior noise in electric vehicles, focusing on the acoustics of primary panels [14]. Du et al. executed the establishment of SEA models for both the front and floor within the VA One software platform, thereby effecting the creation of an acoustic package, which facilitated the determination of transmission loss for the front and floor [15]. Peng and team created a noise transmission test method, identifying and fixing insulation weaknesses in a vehicle’s front wall, enhancing overall sound insulation and internal noise control [16]. Additionally, Norimasa et al. established a SEA model for a vehicle, addressing the quandary of high-frequency noise within the vehicle, and subsequently delving into the intricate interplay between acoustic package attributes and internal noise through the lens of the established model [17]. Jiang Dongming thoroughly evaluated a vehicle’s front acoustic package using FE-SEA and SEA methods, leading to a design that improved insulation and reduced weight [18]. Lee presents a new experimental method for evaluating transmission losses in multilayered solid materials by means of an improved transfer matrix method and experimentally verifies its feasibility on a wide range of materials for automotive and architectural soundproofing design [19]. Dell proposed a simplified model based on the transfer matrix method (TMM) for obtaining simple analytical expressions for the effective properties of acoustic systems in the low frequency range [20]. A general, efficient and stable method for predicting the acoustic properties of layered systems based on the transfer matrix method proposed by Song et al. [21].

The current method combines experiments and simulations to characterize materials for SEA models, but it is complex and efficiency is a challenge [22]. Consequently, factors of diverse nature compel simplification and adjustment of parameters in order to facilitate a comparison between the SEA-based simulation model and experimental findings, albeit within specific operational contexts [23]. In the automotive industry’s shift towards big data and AI, data-driven methods are key for engineering challenges, including assessing acoustic packages through data correlations, as demonstrated by Huang et al.’s use of algorithms and neural networks for vehicle noise analysis [24]. Zheng used SVR and Classification and Regression Tree (CART) to model and compare the sound insulation prediction of vehicle bodies [25]. Wang et al. used a neural network to predict the sound insulation of ultra-fine glass wool mat in vehicles, focusing on thickness, density, resin content, and sound loss at certain frequencies, achieving high predictive accuracy [26]. Schaefer et al. used neural networks and particle swarm optimization to relate front acoustic package materials to cost and weight, optimizing without losing sound properties and cutting weight by 15.21% [27]. Song and Oliazadeh studied sound transmission in foam-filled honeycomb panels, creating a detailed SEA-based analytical model, yielding a closed-form STL expression for accurate transmission loss predictions [28–30]. Huang and team conducted detailed analysis and prediction of vehicle front panel sound quality using a multi-objective, multi-level approach, and developed an optimization methodology for NVH design and fault diagnosis [31,32]. Song et al. [21] proposed a method based on a one-dimensional convolutional neural network (1D-CNN) to improve the accuracy of the acoustic performance prediction of automotive floor acoustic systems, and verified the validity of the model with experimental data [33]. Wang et al. in 2023 developed a diagnostic approach for MBR membrane fouling based on a modified residual neural network [34].

The acoustic package greatly affects comfort, yet its complex, interconnected subsystems make understanding its mechanisms challenging. It is worth noting that grounding data-driven methodologies in the pertinent engineering context not only diminishes reliance on the precision and scale of the data per se, but also augments the precision and applicability of the resultant models.

The Convolutional Neural Network (CNN) stands as a profound deep learning algorithm, distinguished by its exceptional feature extraction capabilities, rendering it highly proficient in the processing of extensive datasets. Leveraging the backpropagation algorithm for training purposes, CNN undergoes extensive data-driven training across various tiers of features, which in turn, exhibit commendable interpretability. Consequently, this algorithm furnishes a potent instrumental framework for the prediction of acoustic package performance. Tan developed a deep learning model using compressed sensing for noise reduction and a 1D-CNN with dropout regularization for acoustic event classification [35]. Abdoli et al. proposed an end-to-end method for ambient sound classification using a 1D-CNN that learns directly from audio signals and uses convolutional layers to capture temporal structures and relevant filters for the task [36].

The advantage of the data-driven approach to acoustic modeling is its ability to learn and reveal elusive patterns from large amounts of complex data. This approach is not constrained by the limitations of a priori knowledge required by traditional semi-analytical models and can handle nonlinear and non-stationary problems with higher accuracy. It is adaptively tuned by machine learning algorithms to show greater flexibility for unknown or variable phenomena. Once built, these models make predictions quickly, demonstrating computational efficiency in applications that require fast responses. They can easily update themselves with new data to improve model performance and have good scalability. Data-driven models can also handle large-scale and high-dimensional datasets, enabling the discovery of new acoustic patterns, which may be less feasible when using semi-analytical methods. Although the effectiveness of data-driven methods is dependent on the quality of the data and the construction of the model, they provide a unique and powerful tool in understanding and predicting complex acoustic systems.

Moreover, a direct establishment of the mapping model between the foundational design parameters of the acoustic package and the sound absorption and insulation performance of the floor system may potentially incur the risk of underfitting. This is attributable to the intricate nature of noise transmission characteristics in vehicles, where the sound absorption and insulation performance of the floor acoustic package system demonstrates a tenuous correlation with the underlying design parameters of the acoustic package—specifically, parameters encompassing material-level sound absorption and insulation performance, thickness, and their respective proportional distributions. Nevertheless, the direct establishment of a mapping relationship between the sound absorption and insulation performance of the floor system and the design parameters of the acoustic package’s bottom layer may inadvertently introduce a surge in the complexity of the relationship between said design parameters and the system’s overarching objectives. Consequently, this may potentially lead to a diminution in the model’s predictive accuracy. This occurrence is rooted in the fact that circumventing established mechanisms through exclusive reliance on data-driven modeling imposes stringent demands on the precision and scale of the underlying data.

To address this issue, this paper presents a new approach to predict the absorption and insulation performance of floor acoustic packages based on a vehicle noise propagation path perspective and system decomposition at the system level. The method not only contributes to the advancement of acoustic package performance research, but also provides valuable insights for future research in this area. The innovations of this study are (1) a data-driven floor acoustic performance analysis method is proposed and combined with a 1D-CNN convolutional neural network to improve the prediction efficiency and accuracy, and (2) a relevant mechanism, i.e., a multilevel target decomposition system for floor acoustic packages, is introduced in the corresponding engineering context. This enhancement enhances the interpretability of the model to a great extent. The advantage of this approach is that it can automatically learn and extract key features from a large amount of data, which reduces the reliance on traditional acoustic modeling experience and speeds up the analysis. Meanwhile, through the data-driven approach, we can reveal the complex nonlinear relationship between the performance of acoustic packages and their design parameters, thus providing more precise guidance for designing more optimized acoustic packages.

In summary, our study not only focuses on the performance enhancement of floor acoustic packages, but also emphasizes methodological innovations in the prediction of automotive acoustic package performance by introducing advanced 1D-CNN techniques. This provides a new research perspective for the automotive industry and points the way to the future development of acoustic packages. In the next sections, we will detail the application of 1D-CNN in floor acoustic package performance prediction and validate the effectiveness of its prediction model.

The novelty of this study lies in the use of a 1D-CNN to predict the sound isolation performance of multilayer acoustic systems, which demonstrates its unique advantages in processing time-series data when compared with traditional statistical methods or machine learning models, especially long-short-term memory networks. The 1D-CNN efficiently captures localized features in the acoustic signals through its convolutional layers and abstracts higher-level data representations through a multilayer structure, which not only enhances the processing accuracy but also improves the efficiency. 1D-CNN efficiently captures local features in sound signals through its convolutional layers and abstracts higher-level data representations through a multilayer structure, which not only improves the prediction accuracy but also increases the processing efficiency. Although Long Short-Term Memory (LSTM) performs well in processing long-term dependent time series data, 1D-CNN is more efficient and applicable in analyzing sound transmission problems with local temporal correlation, and in the specific application of sound propagation prediction, 1D-CNN is able to process complex acoustic signals, identify and learn patterns and trends in these signals. These properties of 1D-CNN make its application in sound propagation prediction is innovative and can provide more accurate and efficient prediction results than traditional data-driven methods. Overall, the application of 1D-CNN in this study represents a methodological innovation, which not only improves the accuracy of sound insulation performance prediction for multilayer systems, but also provides a new research direction and solution for this field.

In addition, the introduction of a multi-layered target system is intended to provide a more detailed and comprehensive approach to acoustic performance prediction. In acoustic modeling, single-target prediction methods often fail to capture the complexity and dynamics of multi-layer structured systems. By decomposing the objectives into multiple layers, this study not only allows the performance of acoustic packaging to be evaluated at different scales and dimensions, from material properties to detailed analysis of overall system performance, but this approach also promotes a deeper understanding of the factors influencing acoustic packaging design. By considering a wide range of variables, from single material layers to complex system structures, we are able to identify and optimize key factors that can significantly improve the overall performance of the acoustic package. This multidimensional analysis approach not only improves the accuracy and applicability of the predictive model, but also provides practical guidance for the innovative design of acoustic packaging, which can play an important role in improving ride comfort and reducing noise.

The paper is organized as follows: Section 2 describes the 1D-CNN neural network and integrates it with the floor acoustic package hierarchical target decomposition system to establish a multilayer prediction model for the sound insulation performance of floor acoustic packages. Section 3 describes the data collection process for sound absorption and sound insulation at all levels of the floor acoustic package. In Section 4, the 1D-CNN method is used to predict the sound insulation performance of the floor acoustic package, and the feasibility and superiority of the method are verified. Finally, Section 5 summarizes the results of the study and concludes the study based on the previous findings.

2  Research Method

2.1 1D-CNN Network Introduction

CNN is a feed-forward neural network containing convolutional layers. It is one of the important algorithms for deep learning. It uses multi-layer perceptrons to detect, analyze and obtain features in data. This kind of network structure can be highly invariant to the observation data of tilt, rotation, scaling or translation, and can obtain the most significant features of the observation data. The sound absorption and insulation performance data of each level mentioned above can be regarded as a two-dimensional array, so the CNN model can better extract the characteristics of sound absorption and insulation performance of each level. The 1D-CNN model used in this paper is mainly composed of input layer, convolution layer, pooling layer, fully connected layer and output layer. Before the output layer, Softmax (for classification) or linear regression (for regression) function [37] is used to determine the output type. The typical network structure is shown in Fig. 1. The input layer is used to receive the data input by the user. The convolution layer includes multiple convolution kernels for image feature extraction. Usually, the first convolution layer extracts low-level features, and the latter convolution layer extracts more important features. After the convolution layer, the nonlinear activation function is generally used to convert the processing results into a nonlinear form to increase the expression and generalization ability of the network. After the fully connected layer, the output layer is connected to obtain the output data that the user needs to obtain.
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Figure 1: Floor acoustic package multi-level target decomposition system


xji=f(∑i∈Mi⁡xil−1∗kijl+bjl)
(1)

In the formula, l is the number of convolution layers, 
xil−1
is the jth output feature map of the l layer, 
kijl
is the convolution kernel of the l layer, f (·) is the activation function, * is the convolution operator, 
bjl
is the bias of the l layer, and 
Mi
is the number of feature maps of the l − 1 layer. The pooling layer downsamples the input feature map to reduce the data feature dimension [38]. It is mainly used for feature dimension reduction (downsampling), reducing the number of parameters and model complexity after convolution, and compressing features. The commonly used pooling methods include the maximum pooling method, the average pooling method, etc.


xjl=f(wx+1down(xjl−1+bx+1))
(2)

In the formula, 
down
(·) is the down sampling function and 
wx+1 
is the coefficient. The fully connected layer plays the role of ‘classifier’ in CNN, expands the stacked feature maps into feature vectors, and passes them to the next layer by using the activation function, so as to correspond the abstract features to the real sample labels one by one.

In addition to forward propagation, convolutional neural networks also have the characteristics of back propagation. The back propagation process updates the model parameters based on the error calculated by the loss function [39,40]. The loss function is an important index to determine the direction of the network training process. In regression problems, the root mean square error loss is used to evaluate the error and constrain the training process, which is defined as follows:


Lt=1/N∑i=1N(fi−fi¯2)
(3)

Among them, 
Lt
represents the loss of the tth iteration, N is the number of samples, and 
fi
and 
fi¯
represent the real label and the predicted label, respectively. At the same time, the RMSE (root mean square error) index can be used to test the accuracy of the regression network model. The expression is as follows:


RMSE=∑i=1N⁡(Xtarget,i−Xmodel,i)2N
(4)

where 
 Xtarget,i
is the true value of the i th sample, 
Xmodel,i
is the predicted value of the i th sample, and N is the number of samples.

In the field of acoustic modeling, 1D-CNN are used to extract features from one-dimensional sound signals. Compared to traditional multilayer perceptrons and other deep learning models, 1D-CNN has a significant advantage in processing time-domain signals by extracting local temporal features in the signals through convolutional layers and reducing the dimensionality of the features through pooling layers to achieve feature downscaling and abstraction. The advantage of 1D-CNN is its ability to automatically and efficiently learn useful representations from complex sound signals without complex pre-processing or feature engineering. For example, it can directly process raw audio waveforms to learn feature representations for classification or regression tasks. In addition, 1D-CNN is more efficient than fully connected networks in processing time-dependent data because it can exploit the temporal nature of the signal. However, 1D-CNN also has some limitations. First, although 1D-CNN performs well in extracting temporal features, additional processing steps may be required to extract frequency domain features when the sound signal contains complex frequency domain information. Second, the training of 1D-CNN requires a large amount of data and computational resources. If there are not enough training samples, the model may be overfitted, resulting in poor generalization ability. Finally, parameter tuning and network structure design of 1D-CNN require specialized knowledge, which may increase the difficulty of model design and debugging.

Despite these challenges, 1D-CNN has great potential for application in acoustic modeling. By designing suitable network structures and using appropriate regularization techniques, 1D-CNN can be effectively utilized for acoustic feature extraction and analysis, leading to accurate modeling and prediction in several acoustic applications.

2.2 Establishment of Floor Acoustic Package Hierarchical Target Decomposition System

Hierarchical decomposition represents an analytical approach that integrates theoretical foundations with practical engineering expertise. This method involves the systematic deconstruction of comprehensive technical metrics into constituent elements, thereby unveiling latent influencing factors [41]. The sound absorption and insulation efficacy of an entire vehicle is contingent upon the aggregate performance of numerous acoustic package components installed on the vehicle. Consequently, when scrutinizing the sound absorption and insulation properties of the overall vehicle, it is imperative to commence the analysis from the vantage point of the sound absorption and insulation characteristics of the underlying components. This approach enables a more precise assessment of the foundational determinants influencing the sound absorption and insulation attributes of the entire vehicle. Noise transmission pertains to the conveyance of sound waves from the source (with a specific focus in this study on tire-generated noise) to the human auditory system, traversing through the transmission pathway within the vehicle cabin. An in-depth examination of this noise transmission pathway facilitates a layered analysis of the sound absorption and insulation performance, commencing from the overall vehicle level and subsequently delving into the performance at the system and component levels. This progressive analysis culminates in the establishment of a multi-tiered target decomposition system for evaluating the sound absorption and insulation performance of the entire vehicle’s acoustic package.

This study centers on evaluating the sound absorption and insulation capabilities of the acoustic package within the automotive floor system. Consequently, the primary design objective of the uppermost layer is to optimize the sound insulation performance of the automotive floor system’s acoustic package. The design variables at adjacent lower levels, which are intricately linked, encompass component-level performance metrics such as transmission loss through the floor sheet metal and insertion loss via the carpet. Additionally, process indicators including carpet coverage and potential leakage contribute to the design considerations. Further, the underlying design variables at the component level pertain to the composition of materials, their respective thicknesses, and the proportional distribution of each thickness. The depicted multi-level target decomposition system, as illustrated in Fig. 1, affords several distinct advantages: Firstly, the model’s formulation takes into account specific noise transmission pathways, thereby mitigating the risk of model under-fitting that can arise from solely data-driven approaches. Secondly, the inclusion of component-level considerations augments the hierarchical structure of the model, thereby minimizing nonlinearity between the uppermost and lowermost levels while concurrently enhancing the model’s interpretability [42].

Furthermore, it is important to note that the levels within the multi-level target decomposition system may not be uniformly interconnected, resulting in varying contributions of subsystem target performance from lower levels to the target performance of upper levels. Through the implementation of the constructed acoustic package target level decomposition system, both forward design from the uppermost level to the lowermost level and reverse performance verification from the lowermost level to the uppermost level can be achieved. This approach substantially mitigates the complexity inherent to acoustic package analysis, consequently enhancing the precision of performance assessment. In accordance with the hierarchical target decomposition system illustrated in Fig. 1, sound absorption and insulation performance data from each level are systematically gathered. Subsequently, a data-driven methodology is applied to model and establish a predictive framework for assessing the performance of the automotive floor acoustic package. The design variables are derived from the sound absorption and insulation performance data of each respective level. Specifically, the sound absorption and insulation performance data of the subsequent level are employed as predictive inputs, while the data from the adjacent upper level serve as the output, facilitating the establishment of a mapping relationship across levels, spanning from the lowermost to the uppermost tier.

2.3 Multi-Level Target Prediction of Sound Insulation Performance of Floor Acoustic Package with CNN

The establishment of the predictive model for the automotive floor acoustic package system’s performance is predicated upon the previously discussed multi-level target decomposition framework. As delineated in Fig. 2, predicting the sound absorption and insulation performance of the floor acoustic package system necessitates a comprehensive understanding of the quantitative interrelationships among the pertinent elements at each tier within the hierarchical target decomposition system. To address this, we have introduced a data-driven approach, specifically a 1D-CNN methodology, to discern and characterize these quantitative relationships.
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Figure 2: Prediction model of sound absorption and insulation performance of floor acoustic package system

The predictive model for the sound absorption and insulation performance of the automotive floor acoustic package system comprises multiple sub-models, each encapsulating the quantitative interdependence of the respective indicators associated with the system’s elements. Progressively, the sound absorption and insulation performance of the floor acoustic package system is forecasted through the sequential application of these 1D-CNN sub-models.

Specifically, the term “basic parameters” refers to the intrinsic and geometric properties of the materials that make up flooring sheet metal and carpet. Specifically, for flooring sheet metal, these parameters include the total area of the sheet metal (e.g., 1.529 m2 in its original state), the percentage of area in each thickness (e.g., 0.65, 0.7, 0.8 mm in its original state) category (e.g., 10%, 20%, 70% in its original state), and the sound transmission-loss characteristics of the sheet metal for each of these thicknesses. loss) of these different thicknesses of sheet metal. For carpet, the basic parameters include the total area (e.g., 1.519 m2 in the original state), the percentage of the area of each carpet thickness category (e.g., 48%, 8%, 15%, 19% in the original state), and the sound transmission loss of the carpet panels for each thickness.

Subsequently, the predicted outputs from each CNN sub-model at the third to second levels (encompassing parameters such as floor sheet metal transmission loss, carpet insertion loss, carpet sound absorption, and floor leakage) are employed as the predictive inputs for the CNN sub-model operating from the second level to the first level. The ultimate prediction output represents the sound absorption and insulation performance data specific to the floor system.

3  Experimental Test

3.1 Data Acquisition and Sample Structure

We can use the transfer matrix method (TMM) to evaluate the sound absorption and insulation performance of flat panels, which is a feasible method. We produce test samples of acoustic package flat panel materials, and based on standing wave tube experiments we can more accurately obtain the acoustic absorption and insulation performance of acoustic package flat panels. The advantage of the data-driven acoustic modeling approach is that it is able to learn and reveal elusive patterns from a large amount of complex experimental data. This approach is not limited by the a priori knowledge required for traditional semi-analytical modeling, and can deal with nonlinear and non-stationary problems with higher accuracy. While the effectiveness of data-driven methods depends on the quality of the data and the construction of the model, they provide a unique and powerful tool for understanding and predicting complex acoustic systems.

The results of the test can effectively reflect the sound absorption and insulation performance of the floor acoustic package. The data used in this paper are collected in the reverberation chamber-semi-anechoic chamber. The test method refers to the International Society of Automotive Engineers standard SAEJ1400-2700 [43]. In the case of flat panels, we test the sound absorption and insulation properties of carpet acoustic package flat panels using flat circular samples in conjunction with a standing wave tube test. Specifically, we tested the sound absorption and isolation performance of the sheet metal parts containing 0.65, 0.7, and 0.8 mm flat sheets, and the acoustic package carpet flat sheets containing 10, 20, 30, and 40 mm flat sheets, respectively, in the standing wave tube test. For example, PET (Polyethylene Terephthalate) and PUF (Polyurethane Foam) materials were fabricated into 100 mm diameter and 10 mm thickness pancake shaped test specimens. As shown in Fig. 3, the sound absorption and insulation properties were tested in a standing wave tube. In the ‘reverberation chamber-semi-anechoic chamber window’ laboratory, the measured sample is installed in the window, and the sound source is placed in the reverberation chamber as the sound chamber. The excitation source uses white noise with a total energy of 120 dB, and four microphone sound pressure sensors are arranged in the reverberation chamber to measure the sound pressure level in the reverberation chamber. The semi-anechoic chamber is used as the receiving chamber, and the sound intensity level is measured by two sound intensity probes. According to the noise transfer formula, the transmission loss can be derived. The test site is shown in Figs. 4a and 4b. The STL of the floor system, the STL of the floor sheet metal and the SIL of the carpet were collected through experiments. Figs. 5a–5cshow the sound insulation performance of the floor system and the corresponding components.
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Figure 3: Standing wave tube experiment. (a) PET material test specimen (b) PUF material test specimen (c) Standing wave tube
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Figure 4: Reverberation chamber-semi-anechoic chamber window. (a) Sound insulation wall on one side of reverberation chamber (b) Sound insulation wall on one side of semi-anechoic room
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Figure 5: Sound insulation performance of floor acoustic package system and components under reverberation chamber-semi-anechoic chamber test. (a) Floor system STL. (b) Floor sheet metal STL. (c) Carpet SIL

The floor sheet metal is organized by three thicknesses (0.65, 0.7, 0.8 mm) of sheet metal, with the area share of the three thicknesses of sheet metal being 10%, 20%, and 70%, respectively, and then carpeted components are covered on the floor sheet metal to form the flooring system. The carpet component consists of four different thicknesses (10, 20, 30, and 40 mm) of carpet, and the corresponding area share of the four thicknesses of carpet sheet metal parts is 48%, 8%, 15%, and 29%, respectively. For the four different thicknesses of the carpet, each layer is made of PET, EVA (Ethylene-Vinyl Acetate copolymer), and PUF. Each thickness of the carpet is made of three same thickness materials using the thickness of superimposed splicing, thickness ratio of 40%:40%:20%. In order to collect the number of samples needed to construct the prediction model, the Latin hypercube experimental design was used to construct the sample combination, in which the design factors were the thickness of the floor sheet metal and the carpet and the corresponding thickness area ratio. According to the engineering experience, the design variable factor is that the value of the original scheme changes by 10%, and the design level of the area corresponding to different thickness increases by 10%. At the same time, there is a limit that the sum of the area of different thickness is 100%. Tables 1 and 2show the original scheme of the car floor acoustic package. Through the Latin hypercube experimental design, 1000 sets of test samples were generated, including one set of original states. In the test, according to the standard SAEJ1400-2017, the transmission loss of the floor acoustic package system, the transmission loss of the floor sheet metal and the insertion loss of the carpet were obtained, respectively, in which the component holes were sealed by seals. The holes in the components are sealed by seals during the test, and the test specimen is left with holes connecting the source and receiver chambers. Acoustic sealing tapes are commonly used to close the holes during sound absorption and insulation performance tests. These tapes are effective in reducing sound and vibration and have a highly adhesive backing that adheres tightly to the sound insulating surface. With regard to the percentage of surfaces to be covered, this will vary depending on the specific test criteria and requirements. Typically, the tape should cover all possible acoustic leakage points to ensure accurate test results. The model of the test equipment used in the sound insulation performance test of the components in this paper is shown in Table 3. In acoustic applications, PET fibers can be used to make acoustic panels and acoustic fillers. Acoustic properties of PET materials derive from their fibrous structure, which traps and dissipates acoustic energy and reduces echoes and noise. EVA is a plastic that has rubber-like qualities, with good flexibility, high transparency, and excellent weathering, chemical stability, and ultraviolet resistance. In acoustics, EVA is often used as a soundproofing material due to its good shock-absorbing properties and waterproofing characteristics, helping to reduce sound and vibration transmitted by structures. PUF is a lightweight, porous material with excellent sound absorption and thermal insulation properties. Its open cell structure allows sound waves to enter the interior of the material and consume energy as they propagate through the porous material, resulting in acoustic absorption. PUF is often used for automotive interiors, furniture, building soundproofing and acoustic absorption, as well as other locations where acoustic improvements are needed. The three materials are often used in combination to utilize their individual properties to achieve higher acoustic performance.
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4  Application and Validation of Method

4.1 Data Preprocessing

Before building the sound insulation performance prediction model of the floor system, it is necessary to prepare relevant data and preprocess the data. The collection of samples is mainly obtained through relevant sound insulation performance tests, and the collected samples are cleaned to reduce data noise. After completing the data pre-processing, because the data dimension and value will have a certain impact on the modeling, it is necessary to further normalize the data set. Normalization is to convert the eigenvalues of the sample to the same dimension and map the data to the interval [0, 1]. The normalization function MinMaxScaler in the python-sklearn library is used to normalize the input data and denormalize the output results. The expressions are Eqs. (5) and (6).


Xstd=X−X.min(axis=0)X.max(axis=0)−X.min(axis=0)
(5)


Xscaled=Xstd∗(max−min)+min
(6)

where X: the data to be normalized, usually a two-dimensional matrix; 
X.min(axis=0)
: the row vector consisting of the minimum values in each column; 
X.max(axis=0)
: the row vector composed of the maximum value in each column; 
max
: the maximum value of the interval to be mapped, the default is 1; 
min
: the minimum value of the interval to be mapped, the default is 0; X_std: Normalization result; X_scaled: Denormalized results.

4.2 Model Establishment

Through experiments, 1000 sets of more accurate STL and insertion loss SIL results of the floor acoustic package system and corresponding components and the underlying parameters obtained from the database were obtained. On this basis, the 1D-CNN method was introduced, and combined with the multi-level target decomposition system constructed above, the acoustic package forward development prediction model can be effectively established. Randomly, 800 of the 1000 groups of samples were used as training sets for learning, and the remaining 200 groups of samples were used as test sets.

The 1000 sample data sets obtained include transmission losses for the top-level floor acoustical package system, transmission losses for the floor sheet metal components, and insertion losses for the carpet. In addition, there are subfloor parameters for sheet metal and carpet components, including area, thickness, and percentage of area corresponding to each thickness, as well as sound absorption and sound insulation data for each thickness of sheet metal and carpet flat components. For the sound insulation performance objective, in constructing the third level to the second level model, a material-level base data prediction component-level transmission loss prediction model was built, with the area percentage of each thickness of the sheet metal and carpet acoustic matting material and the sound insulation corresponding to the 17 column 1/3-octave corresponding to each thickness as inputs, and the corresponding sheet metal and carpet component-level transmission losses as outputs. When constructing the second level to the first level model, the sheet metal and carpet component sound insulation quantities were used as inputs to the model, and the floor system sound insulation quantities were used as outputs of the model. The average value of the 10 operation results is taken as the evaluation preparation to reduce the random error. The 1D-CNN network with two layers of convolution is used as a sub-model for modeling. The number of input layer nodes of each sub-model is the input dimension of the prediction model described above, and the output layer is the output dimension of the prediction model described above. Table 4 corresponds to the specific parameters of each layer of the 1D-CNN network, and Fig. 6 is the corresponding 1D-CNN network architecture diagram.
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Figure 6: 1D-CNN structure diagram

The processor adopts AMD Ryzen 7 5800H with Radeon Graphics 3.20 GHz, 16 GB RAM memory, and the software development platform adopts Windows 10 64-bit operating system. Anaconda is used as the compiler environment of Python programming language, and vscode is used as the integrated development environment of Python. This platform can improve the efficiency of development. Combine Python third-party library tools to simplify code. Numpy and Pandas libraries are used as tools for data extraction, preprocessing and normalization. The deep learning model is established by using the torch.nn, torch.optimized, torch.autograd and other modules in the deep learning open source framework PyTorch. Use the Matplotlib graphics library to draw the results for analysis.

4.3 Model Prediction and Verification Based on 1D-CNN

After network learning, the prediction results and model accuracy under 17 one-third octaves can be obtained. Fig. 7 shows the prediction results and statistical errors of the 1D-CNN model in the training set and the test set. It can be seen that the fitting effect on the training set is better than that on the test set. The maximum absolute error of the above prediction model in the training set and the test set is 1.3 and 1.7 dB (reference sound pressure is 2.0 × 
10−5
Pa), respectively. The maximum relative error of the above model in the training set and the test set is 6.6% and 7.2%, respectively. Fig. 8 shows the results of the average relative error and the average absolute error of the sound insulation performance prediction model of the floor acoustic package system on the training set and the test set. It can be seen that the prediction error of the 17 third octave is mostly below 1 dB on the training set, and the prediction relative error is mostly below 4%. The absolute error of the prediction on the test set is mostly below 1.2 dB, and the relative error of the prediction is mostly below 5%. The prediction error is overall composite expectation. The expectation is that the error between the predicted value and the measured label value is controlled within ±1 dB or ±8%, indicating that the overall prediction effect of the model is better.
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Figure 7: Prediction of sound insulation performance of floor acoustic package system. (a) Prediction effect of floor acoustic package system on training set. (b) The prediction effect of floor acoustic package system on the test set

[image: images]

Figure 8: Prediction error of sound insulation performance of plate acoustic package system. (a) The prediction absolute error box diagram of the floor acoustic package system on the training set. (b) The prediction relative error box diagram of the floor acoustic package system on the training set. (c) The prediction absolute error box diagram of the floor acoustic package system on the test set. (d) The prediction relative error box diagram of the floor acoustic package system on the training set

In the process of 1D-CNN network training, in order to access the output of the middle layer, the forward hook function of PyTorch can be used. A hook can be added to any layer in the network structure. The hook will capture the output of the layer during the forward transfer, and use the visualization function visualize activations in matplotlib for visualization. The following five graphs show the output of each layer in the 1D-CNN model. Specifically. The abscissa axis usually represents the length of the feature map (i.e., the time step or the number of elements in the sequence), while the ordinate axis represents the value of the feature map (i.e., the activation value of each specific time step or position). Fig. 9a shows the feature activation values output by 10 output channels through the first layer convolution. Fig. 9b shows the feature activation values output by 10 output channels through the first pooling layer. Fig. 9c shows the feature activation values output by 12 output channels through the second layer convolution. In Fig. 9d, the feature activation values output by 12 output channels through the second pooling layer are shown. Fig. 9e is the output activation value of the fully connected layer.

[image: images]

Figure 9: Visualization results of each middle layer of the network during the training of a single sample. (a) Output the result after the first layer of convolution. (b) Output results after the maximum pooling layer of the first layer. (c) The second layer outputs the result after convolution. (d) Output results after the maximum pooling layer of the second layer. (e) Full connection layer output results

This paper is also based on the prediction of the floor acoustic packet based on SEA simulation method, and the prediction results are shown in Fig. 10. It can be seen that the SEA simulation method predicts a higher gold ground when the frequency is above 800 Hz and the accuracy is slightly higher than that of the 1D-CNN prediction method, whereas the prediction accuracy of the SEA method is lower when the frequency is below the low-frequency, especially 800 Hz frequency domain. This is due to the fact that SEA is a computational method for estimating energy flows and resonances in complex dynamic systems. SEA provides higher accuracy at higher frequency ranges because at these frequencies the energy transfer and dissipation mechanisms of the system can be assumed to be random and evenly distributed. The specific frequency range depends on the specific parameters and boundary conditions of the system. For low frequencies, SEA is less accurate because in this range the wavelength is long relative to the structure size and the behavior of the system is more influenced by specific boundary conditions and structural details that are not adequately taken into account in the high-frequency assumptions of SEA. Therefore, SEA is not suitable for accurate prediction at low frequencies and is more applicable to statistical problems at high frequencies. The 1D-CNN method can make up for this shortcoming of the SEA simulation method, and a wider applicability exists.

[image: images]

Figure 10: Visualization results of each middle layer of the network during the training of a single sample. (a) Prediction of sound insulation performance of floor acoustic package systems. (b) Predictive effectiveness of an SEA-based floor acoustic package system

Table 5 shows the accuracy of each sub-model in the multi-level system in the test set. The conventional method is to introduce the mean square error MSE as the evaluation index. However, since the mean square error MSE uses the coefficient of determination to evaluate the upper and lower limits, the predicted data in different sub-models may have a large gap between the upper and lower peak levels. It can only be effective in vertical comparison, but it is relatively difficult to compare horizontally. Therefore, the coefficient of determination index R2 is introduced to evaluate. Among them, the average determination coefficient R2 of the prediction model of the sound absorption and insulation performance of the top floor system reaches 0.976, and the average determination coefficient R2 of the second floor model is not less than 0.968, which is at a good level, indicating the accuracy of the 1D-CNN method proposed in this paper in the prediction of the acoustic package of the automobile floor.

[image: images]

In order to verify the superiority of the proposed method, the commonly used SVR and 2D-CNN models are applied to the multi-level target decomposition system of the floor acoustic package system for modeling and prediction. The SVR uses Gaussian kernel function and is optimized by grid parameter search. Fig. 11 shows the prediction accuracy of different models for predicting the sound insulation performance of the floor system at different frequencies. Table 6 shows the comparison of the STL prediction results of the floor acoustic package system by the three models. It can be seen that the accuracy of SVR in the test set is relatively low. Its R2 in different sub-model STL prediction is 0.915, 0.923, 0.928; the accuracy of 2D-CNN and 1D-CNN is higher, and the R2 of 2D-CNN model is 0.935, 0.946 and 0.951 respectively in STL prediction of different sub-models. According to experience, 2D-CNN is more suitable for image data or two-dimensional data, while 1D-CNN is usually suitable for sequence data. The sound absorption and insulation data of our component systems are essentially one-dimensional data, so it may be more appropriate to use 1D-CNN. Combined with the prediction accuracy comparison of the 1D-CNN mentioned above, it can be seen that the 1D-CNN method has the highest R2 in the three prediction models, which verifies the superiority of the proposed method.

[image: images]

Figure 11: Accuracy of the floor acoustic package system under different models at each frequency of the test set

[image: images]

Regarding the limitations of our proposed method: our 1D-CNN model is trained on a specific dataset consisting of flooring systems with specific material compositions and number of layers. Since the predictive power of a machine learning model depends on the representativeness of its training data, the model may not be able to accurately predict the acoustic performance of a flooring system when it consists of different materials or structures. If the material or number of layers of the flooring system is significantly different from the training data, the model can be retrained using the new data to accommodate these changes. Regarding the validity of our proposed method: despite the limitations mentioned above, our model shows good predictive ability over its range of training data. The validity of the model has been verified on both the training and validation sets, showing a high degree of accuracy and relevance. However, in order to fully evaluate the effectiveness of the model, we plan to conduct more extensive tests on flooring systems with different materials and structures in future work. In acoustic modeling, if the floor system consists of different materials, the simulation of its acoustic performance needs to take into account the flat-piece acoustic absorption and isolation cardioplex data for more materials of each material. Variations in these materials can directly affect the sound absorption and acoustic performance of the floor system. Our future work will extend the model to incorporate more types of floor system configurations and model the acoustic properties of different materials to improve the model’s generalization ability and prediction accuracy.

5  Conclusion

This study introduces a novel approach utilizing the 1D-CNN method for the prediction of sound absorption and insulation performance within automotive floor acoustic packages. Leveraging insights derived from the structural composition of the floor acoustic package and the mechanics of noise transmission, a hierarchical decomposition system for the automotive floor acoustic package is established. Subsequently, a multi-level target performance prediction methodology for the acoustic package is proposed, predicated on the 1D-CNN model. The accuracy of the proposed performance prediction targets consistently exceeds 0.968, surpassing the performance of traditional models such as SVR and 2D-CNN. This substantiates the precision and superiority of the proposed method.

Furthermore, the prediction model undergoes rigorous training and testing using accumulated experimental data. The model’s performance undergoes iterative refinement and self-learning as the dataset expands, endowing it with the capacity for continuous evolution. Additionally, the multi-level decomposition system implemented for the floor acoustic package simplifies the interdependencies between data points across the entire model. By adopting a data-driven approach to predict floor acoustic package performance, this study considers the pertinent mechanisms within the corresponding engineering context, thereby markedly enhancing the accuracy and interpretability of the prediction model.
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Table 1: Original state of automobile floor acoustic package system and parts

Part name Name of the material Thickness/mm Area ratio/%
Floor sheet metal Steel grade 45 0.65,0.7, 0.8 10, 20, 70
Carpet PET + EVA + PUF 10, 20, 30, 40 48, 8, 15,29

Note: The thickness of floor sheet metal and carpet and the proportion of each thickness area are the design variables for constructing the prediction
model.
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Table 3: Parts sound insulation performance test equipment

Equipment name

Model number

16-channel data acquisition front-end
Sound pressure transducer

Acoustic pressure sensor calibrator
Sound source

Sound intensity probe

Notebook computer

Data acquisition software

B&K 3560B

B&K 4198

B&K 4231

GBL control 29AV
B&K 2683
DELL-XPS13
PULSE LabShop
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Table 6: Average accuracy of sound insulation performance of floor acoustic package system on test set

under different models

Forecasting model Floor system (R?) Floor metal (R?) Carpet (R?)
1D-CNN 0.976 0.968 0.973
2D-CNN 0.935 0.946 0.951
SVR 0.915 0.923 0.928






OEBPS/Images/SV_46940-fig-8.png
N

.00

-

.75

-

.50

-

25

dB (2X10°-5 Pa)

00
7

Abssolute error
[4,]

5

o

2

(4]

Training set

00

o

Relative error (%)
N

T 1

N

;

0.

© © o ©o

OO S GO S NS

2.00
.75

NN

.50

-

25

dB (2X10"-5 Pa)

0

I=3

7

Abssolute_error
o

5

o

2

e © o o
o

o
I=3

l

1/3 octave band/(Hz)

@

$Sosios®

A ROR R q@\ \b@ qﬁ: \%0

{ . .
LTra|n|ng set

B

I

L

6§Pé§

1/3 octave band/ (Hz)

()

’Testing setJ

[e4]

Relative_error (%)

PP A0 . oD O O OO ®
PP PSSR ST SRS

1/3 octave band/(Hz)

©

o

IN

N

0-

Testing set

T

&H

$9¢p®p§p§p€p§96§¢) épép
1/3 octave band/(Hz)

(@

;
;

S

o

[

L






OEBPS/Images/SV_46940-fig-2.png
CNN-Modell

Floor system
STL

‘ Floor-metal ‘

Floor-carpet

Floor Floor-carpet
leakage SIL

STL Coverage rate

Metal Metal Material Carpet
Area rate Material Area rate Material

Metal l 0.65mm Material '—Smm ‘

Area Metal-STL Area Carpet-SIL
0.7mm 0.8mm uomm '—:5111"1
Metal-STL Metal-STL Carpet-SIL|  [Carpet-SIL
il p—
Metal-STL| | 7777 Carpet-SIL

CNN-Model2

CNN-Model3





OEBPS/Images/table-4.png
Table 4: Specific parameters of 1D-CNN network layers

Layer Parameter name Parametersize Outputsize

Input layer / / Batch size x 2 x 17
Convl Kernels 10x2x2 Batch _size x 10 x 8
Pooling?2 Max pooling size 2 Batch size x 10 x 4
Conv3 Kernels 12 x 10 x 2 Batch size x 12 x 2
Pooling4 Max pooling size 2 Batch size x 12 x 1

Fc layer Weight matrix 12 x 17 Batch size x 17
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Table 2: Other original states of automobile floor acoustic package system

Other parameters Original state

Carpet coverage 99.4%
Carpet leakage 0.30%
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Table 5: The average accuracy of each 1D-CNN sub-model on the test set

Model name Sound insulation performance of Prediction accuracy (R?)
the corresponding system or component

1D-CNN submodel 1 Floor system STL 0.976

1D-CNN submodel 2 Floor sheet metal STL 0.968

1D-CNN submodel 3

Carpet SIL 0.973






OEBPS/Images/copy.png





OEBPS/Images/SV_46940-fig-3.png





OEBPS/Images/SV_46940-fig-11.png
0.70

1D-CNN
I SVR
mE 20-CNN
SR IR N I N N N N N TR R T TR T T
D P ¢ 0 S SIS TS SE P sS

1/3 octave band/ (Hz)






OEBPS/Images/SV_46940-fig-7.png
STL of floor system
dB (2X107-5 Pa)
8 8 8 8 8 & &

@

—e— STL-CNN trained
—e— Label

B S e R N N ME NS
1/3 octave band/ (Hz)

(a)

& S8

STL of floor system

dB (2X107-5 Pa)

N
8

—®— STL-CNN tested
—e— Label

R S
1/3 octave band/ (Hz)

(b)





OEBPS/Images/SV_46940-fig-9.png
Value

Value

convl_out outputs

pooll_out outputs

0.8 0.8
0.6 / 0.7
0.4 0.6
0.2 0.5
]
0.0 = 0.4
s
-0.2 0.3
-0.4 0.2
-0.6 0.1
-0.8 0.0
0 1 2 3 4 7 0.0 0.5 1.0 1.5 2.0 2.5 3.0
Index Index
@ ()
conv2_out outputs pool2_out outputs
o 0.4
—_—
0.6
0.2 —
0.4
5 0.0
= O
0.2 > 7\
-0.2
0.0
-0.2 —’K -0.4 ><
—_—
0.0 0.2 0.4 0.6 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Index Index
© (d)
fc_out outputs
0.4
0.2
0.0
o
2
$ 0.2
-0.4
-0.6
-0.8
4 6 8 10 12 14 16
Index

(e)

Feature 1
Feature 2
Feature 3
Feature 4
Feature 5
Feature 6
Feature 7
Feature 8
Feature 9
Feature 10

Feature 1
Feature 2
Feature 3
Feature 4
Feature 5
Feature 6
Feature 7
Feature 8
Feature 9
Feature 10
Feature 11
Feature 12





