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Abstract: The rapid evaluation of interior aerodynamic noise during the Concept A Surface
design stage is important for vehicle acoustic development, but conventional methods are
limited by high cost and low efficiency. This study proposes a convolutional neural network
transformer-based prediction method for vehicle interior wind noise by integrating vehicle styling
features and acoustic technical parameters. An optimal Latin hypercube sampling method was
used to generate design combinations, and wind tunnel tests were conducted at 120 km/h. Key
vehicle styling parameters, including A-pillar geometry, side mirror dimensions, front windscreen
angle, side mirror-to-body spacing, and side window inclination, together with glazing material
properties, glass thickness, acoustic transfer function, and interior reverberation time, were
selected as input features to predict the driver’s left-ear wind noise spectrum. Based on five-fold
cross-validation, the proposed model was compared with convolutional neural network (CNN),
long short-term memory (LSTM), and transformer models. The CNN-Transformer model
achieved the best performance, with mean absolute percentage error (MAPE) and root mean
square error (RMSE) values of 2.23% and 0.94 dB, respectively. Compared with the transformer,
CNN, and LSTM models, the proposed method reduced MAPE by 24.91%, 36.29%, and 49.59%,
and reduced RMSE by 22.95%, 35.17%, and 48.07%, respectively. The model also maintained
reliable performance on an independent test set, with MAPE and RMSE values of 4.82% and
1.44 dB. The mean impact value method was further applied to identify the influence of design

parameters on interior wind noise, guiding for early vehicle acoustic optimization.

Keywords: interior wind noise; styling features; convolutional neural network;

transformer

1. Introduction

Due to a significant shift in the criteria used to evaluate overall vehicle
performance, consumer attention, which was previously focused on power performance
and fuel economy, has increasingly shifted toward comprehensive driving experiences
such as ride comfort and the refinement of wind and road noise [1]. To meet the
increasing demand for enhanced comfort, further development of noise, vibration,
and harshness (NVH) technologies is required [2,3]. When a vehicle is in motion,

the drivetrain, engine operation, and the interaction between the vehicle body and the


https://orcid.org/0009-0007-2181-5101
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Sound & Vibration 2026, 60(5), 4536.

surrounding airflow each generate distinct noise sources [4-7]. As conventional noise
control technologies continue to improve, the contributions of powertrain and engine
noise to interior noise have progressively decreased, while aerodynamic noise under
high speed operating conditions has become increasingly prominent [8]. Previous
studies have reported that aerodynamic noise becomes a dominant noise source at
vehicle speeds above 100 km/h, as intense airflow interaction around the vehicle
surface leads to a significant increase in aerodynamic excitation [9, 10]. With the
continuous growth of vehicle electrification, conventional powertrain noise contributes
less to total vehicle noise, and aecrodynamic noise has become a more critical factor in
vehicle acoustic performance [11]. Extensive research in related fields has shown that
long-term exposure to excessive noise inside the vehicle can lead to a variety of adverse
effects. Continuing in such an acoustic environment will affect the physical and mental
health of the occupants and cause various health discomforts. In addition, it may also
reduce the driver’s attention, weaken the judgment and response ability during driving,
and further increase the safety risk on the road [12, 13]. Therefore, interior noise
reduction has become an important focus in automotive NVH development [14-17].
At present, the evaluation of vehicle wind noise is mainly carried out by wind
tunnel test and real vehicle measurement. These methods can provide accurate noise
data under real driving conditions and support the development of vehicle NVH [18].
Among them, because the wind tunnel test conditions are controllable and reproducible,
it is widely used in vehicle wind noise assessment. Yu and Davies [19] developed
and validated a method for simulating unsteady interior wind noise by combining
aeroacoustic wind tunnel measurements and multiple yaw angle scanning tests. Their
study examined how wind noise changes in the vehicle under dynamic intake conditions
and how it affects people’s subjective feelings. This provided a basis for evaluating
and improving acoustic comfort inside the compartment. Tajima et al. [20] carried out
vehicle wind noise experiments under turbulent and fluctuating wind conditions using
an aeroacoustic wind tunnel equipped with an active turbulence generation system.
By combining the microphone array and surface pressure measurement with the
modulation power spectrum analysis, the modulation noise caused by the longitudinal
vortex of the A-pillar under unsteady intake conditions is evaluated. The results
quantify the contribution of these vortices to the cabin noise, and show that suppressing
airflow separation at the A-pillar can reduce the modulation noise. Jamaluddin et
al. [18] studied the modulated wind noise in the carriage under unsteady crosswind
conditions by using the active crosswind system. The relationship between wind noise
modulation and unsteady flow structure is analyzed by microphone array measurement
and side window surface pressure data. The results showed that the complex intake
conditions will aggravate the broadband wind noise fluctuation inside the carriage.
Guleria et al. [21] simulated heavy truck wind noise with the lattice Boltzmann
method. They confirmed the results with real road vehicle data. This study analyzed
the changes of wind noise under different vehicle speeds and actual driving conditions.
In general, these experimental studies have significantly improved the understanding
of the generation mechanism of aerodynamic noise under different flow conditions.

However, the wind tunnel test is mainly used as a verification and calibration tool
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in vehicle development. Because it relies on physical prototypes and complex test
procedures, it is not suitable as a means to evaluate a large number of design schemes
in the early conceptual design stage.

Advances in numerical techniques and computing capability have promoted
the application of computational fluid dynamics (CFD) in automotive aeroacoustics.
CFD avoids the high cost and limitations of wind tunnel tests, and can evaluate the
aerodynamic noise characteristics of the external airflow field of the vehicle without
physical experiments. Josefsson et al. [22] used high-resolution numerical simulation
and wind tunnel tests to study the external airflow structure of sport utility vehicles
and cars. The results show that the vortex structures in the rear and hub regions are
closely associated with surface pressure fluctuations and contribute to changes in
vehicle drag and aeroacoustic characteristics under high-speed conditions. Nusser and
Becker [23] used incompressible large eddy simulation to study the turbulent flow
field and extract sound sources and structural loads. This enabled coupled analysis
of fluid, structure, and acoustics around the A-pillar and side window. Jia et al. [24]
developed a high-fidelity computational aeroacoustic approach by combining the lattice
Boltzmann method with large eddy simulation for aerodynamic noise prediction. The
proposed method accurately captured unsteady flow structures and their associated
acoustic radiation characteristics, demonstrating the effectiveness of CFD-based
approaches in resolving complex aerodynamic noise generation mechanisms. These
studies indicate that CFD-based methods can improve aerodynamic noise prediction
accuracy and provide valuable tools for engineering design optimization and acoustic
performance evaluation. However, these methods mainly focus on aerodynamic noise
sources and transmission paths. Improving vehicle interior acoustic performance
also requires effective noise control strategies, especially the development of
advanced acoustic materials and structures. Compared with conventional porous
and resonant noise reduction structures, artificially designed acoustic metamaterials
can manipulate sub-wavelength acoustic waves through precise structural topology
optimization and achieve broadband, low-frequency, and tunable noise reduction
within limited structural thickness and weight. In addition, architected materials
with non-integer dimensional configurations can realize the coupled improvement of
acoustic attenuation, mechanical load capacity, and fluid permeability, providing new
solutions to the conflict between lightweight design, ventilation requirements, and
broadband noise control in vehicle engineering [25,26]. These studies indicate that
current wind noise simulation techniques have significantly improved the accuracy
of aerodynamic noise prediction, while emerging acoustic metamaterial designs offer
promising passive control solutions, together providing reliable tools and strategies
for early vehicle design optimization and NVH performance assessment. Although
CFD-based aeroacoustic approaches provide detailed insights into aerodynamic noise
generation and transmission mechanisms, their application in large-scale design
exploration during the early vehicle development stage remains challenging due to
the high computational cost, complex model preparation, and long simulation cycles
required for each design iteration [27].

CFD has been widely used in the field of automotive aecrodynamics to study the
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generation and propagation mechanism of aerodynamic noise. It can provide detailed
physical insights into the external flow field and sound source, but its application in
large-scale design evaluation is often limited by high computational cost and complex
model setting. In order to improve the prediction efficiency, data-driven methods
have attracted more and more attention in aerodynamic and acoustic analysis in recent
years [28-31]. Yang et al. [32] developed a convolutional neural network (CNN) based
aerodynamic noise prediction model for wind turbines based on a large-scale airfoil
dataset, demonstrating its great potential in migration applications. Roznowicz et al. [33]
proposed a large-scale three-dimensional external flow field approximation model based
on graph machine learning. The model uses graph neural networks to understand links in
complex flow fields. So it predicts vehicle acrodynamic flow quickly. In addition, Hou
et al. [34], Zhao et al. [35] and Dai et al. [36] extended the application of data-driven
methods in acoustic research by using a variety of analysis methods based on machine
learning and data fusion. However, the existing data-driven research mainly focuses
on the prediction of acrodynamic flow field characteristics, external noise sources or
acoustic indicators, while there are still few studies on the direct prediction of interior
wind noise spectrum for vehicle design parameters. In particular, there is a lack of
methods for simultaneously integrating vehicle styling features and acoustic design
parameters.

The above research shows that significant progress has been made in the study
of vehicle aerodynamic noise through experimental testing, numerical simulation and
data-driven prediction. However, there are still some limitations. Although the
experimental method can provide accurate noise response data, it usually requires
physical prototypes and complex test procedures, which limits its application in rapid
evaluation of various design schemes in the early stage of vehicle development. The
numerical simulation method can analyze the physical mechanism in detail, but it
relies on high-fidelity model construction and complex boundary condition setting,
resulting in high computational cost. The existing deep learning methods mainly
focus on aerodynamic flow field prediction or general acoustic regression tasks, while
the research on predicting vehicle interior wind noise directly from vehicle modeling
parameters and acoustic design schemes is still limited. Therefore, it is necessary to
develop a data-driven prediction method that can effectively describe the nonlinear
relationship between design variables and wind noise response by combining vehicle
design features and acoustic technical parameters. These methods support fast wind
noise assessment and optimization during early vehicle design. In this study, a vehicle
interior wind noise prediction method based on CNN-Transformer is proposed. This
method integrates convolutional networks and transformers to capture both local feature
patterns and global feature dependencies. It enables direct prediction of vehicle
interior wind noise spectra from vehicle design parameters and provides effective
support for vehicle styling optimization and acoustic performance improvement. Main

contributions of this paper are as follows:

(1) A CNN-Transformer-based vehicle interior noise prediction model is proposed in
this study. The model takes vehicle styling features and technical parameters as

inputs and predicts the interior wind noise spectrum measured near the driver’s

4
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left ear. Unlike existing studies that mainly focus on aerodynamic flow field
prediction or acoustic response prediction, this study establishes a direct mapping
relationship between early-stage vehicle design variables and the driver’s left-ear
interior wind noise spectrum.

(2) By integrating vehicle styling features with acoustic technical parameters, an
interpretable sensitivity analysis framework based on the mean impact value
(MIV) method is developed to investigate the relationship between input
parameters and interior wind noise levels at the driver’s left-ear position. The
obtained sensitivity results provide quantitative guidance for subsequent noise
control and structural optimization and help reduce the time required for vehicle

acoustic performance development.

This paper is organized as follows. Section 2 explains the Transformer. It
also introduces the CNN-Transformer hybrid network built by combining CNN and
Transformer. In Section 3, the feature variables involved in this study are first
defined. An experimental design is then constructed using optimal Latin hypercube
sampling (OLHS), followed by the acquisition of noise samples under different styling
configurations through full-scale wind tunnel tests. Section 4 introduces the modeling
strategy for driver’s left-ear wind noise and develops a CNN-Transformer-based
interior wind noise prediction model. The prediction performance of the proposed
model is then evaluated through qualitative and quantitative analyses. In addition,
uncertainty analysis based on Monte Carlo Dropout and input parameter perturbation
is introduced to assess the prediction reliability and robustness of the proposed model.
Section 5 compares the proposed model with conventional CNN, transformer, and
long short-term memory (LSTM) networks, and further evaluates its generalization
ability and prediction stability using an independent test dataset. In addition, the MIV
method is introduced to quantitatively analyze the relationships between vehicle styling
parameters, engineering configurations, and vehicle wind noise. Section 6 summarizes
all the research work presented in the entire text. Figure 1 shows the framework of
this study.

2. The proposed method

2.1. Introduction of transformer model

The transformer, as a pioneering deep learning framework, employs a self-
attention mechanism that directly captures global dependencies within sequences,
effectively addressing the issues of gradient vanishing and long-range information loss
commonly observed in recurrent neural networks [37,38]. Meanwhile, the parallel
computation capability of the transformer improves training efficiency and allows
the model to be trained on workstations with limited computational resources. This
feature makes the transformer suitable for practical engineering applications. Therefore,
the transformer has shown strong performance in complex data modeling tasks in

engineering fields [39].
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Figure 1. Driver’s left ear noise prediction method process.

The transformer model contains two functional parts, including the encoder and
decoder. The encoder maps the input information into high-level feature representations,
and the decoder generates the output based on these learned features [40,41]. The
complete structure is illustrated in Figure 2. Multi-head attention serves as the main
mechanism that enables feature interaction within the transformer. It performs parallel
attention calculations through multiple independent attention heads. Each attention
head learns different feature relationships from the input data, which helps capture
various correlations in sequential signals [42]. Based on the attention mechanism, this
module enables the network to capture complex interactions among input features and
improves its ability to model long-range dependencies. Moreover, stacking numerous
scaled dot-product attention layers lets the network carry out concurrent training for

6
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multi-dimensional signals and simultaneous attention weight calculation, which greatly

boosts the model’s power to express complex feature patterns [43].
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To elaborate, linear projection operations are adopted to convert raw input features
into three distinct feature vectors for subsequent calculation. Scaled dot-product
operations are then applied to O, K, and ¥ to perform multi-head attention in parallel.
The similarity between queries and keys is calculated to obtain attention weights for
aggregating value representations. The results generated by all attention heads are then
merged and forwarded to the subsequent module for further processing, as shown in
Equations (1)—(3) [44].

MultiHead (@, K, V') = Concat (Head;, Heads, ..., Heady,) WO, i=1,2,...h (1)

Head; = Attention (QW;9, KW;*, v;") )
. QKT>
Attention(Q, K, V') = soft max < % 3)
( ) Vi

Where, O, K, and V' are obtained by linearly transforming the input vectors through
three trainable projection matrices WZQ, WK and WY, respectively. The dimensions
of these projection matrices are all d,,o4¢; X di. The final output is further linearly
transformed using the projection matrix WO, whose dimension is b X dy X dpodel-
Here, d,;,0q4¢; refers to the size of the feature embedding space, d, and d,, indicate the
feature sizes used for attention calculation, and h represents the number of attention
heads. Concat (-) denotes the matrix concatenation operation used to merge the outputs

of multiple attention heads while maintaining dimensional consistency. The softmax (-)

7
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function normalizes attention weight values into a group of probabilistic weights [45].

Figure 3 illustrates the complete calculation process.
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Figure 3. Multihead attention module.

In vehicle wind noise prediction tasks, although the 23-dimensional input feature
vector is relatively compact, strong coupling relationships exist among the individual
features. A standalone transformer model can directly treat these features as a sequence
and capture their global dependencies through the self-attention mechanism [46,47].
However, the model exhibits limited capability in capturing fine-grained local
interactions, which provides motivation for introducing a CNN module within a hybrid

architecture to enhance performance [48].

2.2. Proposal of the CNN-transformer method

CNNss offer significant advantages in local feature extraction and are particularly
well-suited for processing input data with sequential or dimensional correlations [49].
One-dimensional convolutional neural networks (1D-CNN) perform weighted
summation within local regions of the input features through sliding convolution

kernels. The operation of a single convolutional layer can be expressed as [50]:

Yyj =0 (ZZ Ti - wj; + bj) 4)

where x; is the input feature, wj; represents the convolution kernel weight, b; is the

bias, and o denotes the activation function.
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The 1D CNN module applies convolution operations, batch normalization,
and nonlinear activation functions to learn local feature representations. It can
capture short-range dependencies among neighboring feature dimensions. The feature

transformation process is expressed as follows [51]:
Xout = fCNN (Xm) S RB X Cout X L (5)

where fonn represents the mapping function of the 1D CNN module, and X;,, refers
to the feature tensor provided to the network. B represents the sample count within
each training batch, C,,; specifies the dimension of the generated feature maps; and L
represents the length of the feature dimension.

The local receptive field of the convolution operation enables the module to
capture interactions between neighboring feature dimensions and extract important
local information. Batch normalization is also applied to improve training stability

and accelerate convergence. Its calculation is defined as:
~ Li — UB
T, = —F/————
\Joh +e
B

where, up and op denote the statistical average and variation of the samples within a

Y+ B Q)

batch, respectively. ¢ is a small value introduced to maintain numerical stability during
calculation. v and 3 are trainable coefficients that control the scaling and offset of the
normalized features. Batch normalization normalizes the feature distribution within
each mini-batch, reduces the influence of distribution variation during training, and
improves model stability.

In vehicle wind noise prediction tasks, adjacent dimensions of the input vectors,
including vehicle styling features and technical parameters, usually show certain
correlations. A 1D-CNN can capture these local feature relationships through
convolutional layers, batch normalization, and activation functions, and perform initial
feature extraction and dimensionality reduction [52]. However, a single CNN has a
limited receptive field and cannot fully capture long-range dependencies among input
features. So this study builds a CNN-Transformer hybrid network. It combines the
strengths of CNN and Transformer for vehicle wind noise prediction. The model
first extracts local feature interactions through the CNN module, and then feeds the
resulting feature sequence into a transformer encoder for global dependency modeling.
Unlike approaches that simply stack complex attention modules, the CNN-Transformer
architecture achieves natural synergy between CNN and transformer components,
requiring no substantial increase in additional parameters while effectively alleviating
gradient vanishing issues in deep network training. Under small and medium-sized
datasets, the inductive bias introduced by the CNN module helps reduce the risk of
overfitting, while the transformer provides strong nonlinear global modeling capability,
leading to improved prediction accuracy and generalization performance [53,54]. The

model architecture is shown in Figure 4.
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3. Data collection

3.1. Experimental design

To develop a high-precision nonlinear mapping model relating vehicle styling
parameters and material acoustic properties to interior wind noise response, a sufficient
number of passenger car test samples is required. However, wind noise testing
necessitates the replacement of specific glass samples, making large-scale real-vehicle
experiments extremely difficult to conduct. Therefore, the OLHS method was adopted
for experimental design [55].

The present study did not rely on local parameter refinement of a single vehicle
model. Instead, differentiated baseline flow fields were established using 16 baseline
sedans representing diverse design languages. On this basis, additional glass material
and thickness configurations were generated for each baseline vehicle. The styling
parameters of the 16 baseline vehicles, including the A-pillar dimensions in the X and
Y directions, the three-dimensional dimensions of the side mirrors, the windscreen
inclination angle, spacing between side mirrors and vehicle body panels, and the
angle of inclination of the left glass, were defined as global independent variables and
simultaneously used as inputs to the prediction model. Consequently, the model learns
not only the influence of individual parameter variations but also the aerodynamic
acoustic response characteristics associated with different vehicle body contours. For
each baseline vehicle, the material properties and thicknesses of the glazing components
were parametrically recombined. Table 1 lists the glass material categories and their

corresponding thickness configurations.

Table 1. Types of glass materials and corresponding thicknesses.

Parameters Design value
Glass material types tempered glass, acoustic laminated glass
Tempered glass thickness types 3.2 mm, 3.5 mm, 4 mm
Acoustic laminated glass thickness types 4.36 mm, 4.76 mm, 4.96 mm, 5.36 mm, 5.76 mm

Specifically, to achieve maximum coverage of the 23-dimensional feature space

10
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within a limited sample size, this study employs OLHS for cross-vehicle scheme
allocation. The styling parameters of the 16 benchmark vehicles are treated as mixed
inputs, ensuring that each vehicle has a representative distribution of design schemes
across the 240 operating conditions. This method reduces the risk of model bias
caused by excessive dependence on the styling characteristics of a specific vehicle, and
improves the capability of the model to characterize the acoustic insulation behavior
of different materials. The final 240 x 23 experimental matrix contains measurement
data from 16 vehicles with various glazing configurations. The generated matrix is
presented in Figure 5, where X1 to X5 correspond to the windshield, front door glass,

rear door glass, rear windshield, and roof glass, respectively.

[ 3 Acoustic laminated glass

05 B Tempered glass

Glass thickness

240

Figure 5. Schematic diagram of the experimental design matrix generated based on OLHS.

3.2. Interior wind noise testing
3.2.1. Test platform and methodology

Automotive wind tunnels are dedicated test devices that replicate real-world
driving airflow fields surrounding automobiles, and they find extensive applications
in investigations of automotive aerodynamic characteristics and aerodynamic noise
behaviors [56]. According to functional positioning, automotive airflow test chambers
fall into two main categories: aeroacoustic wind tunnels and environmental wind
tunnels. Of the two types, aeroacoustic wind tunnels are purpose-built to quantify
and judge internal and external flow-induced noise, acting as a vital test bench for the
conceptual design and performance improvement of automotive wind noise [57]. All
tests used an aeroacoustic wind tunnel. Its layout appears in Figure 6.

The measurement system was based on the testing and analysis platform developed
by HEAD Acoustics, Germany. The test object is a passenger vehicle produced by
China FAW Group Co., Ltd. The overall test procedure is illustrated in Figure 7. After
all equipment and wind tunnel operating parameters are properly adjusted, instrument
calibration is performed to ensure sufficient measurement accuracy of the acquired
data. During the tests, the airflow speed is maintained at 120 km/h without lateral flow
interference. Once the in tunnel flow field reaches a stable state, acoustic signals are
continuously recorded for 15 s at a sampling frequency of 48 kHz. Each test condition is
repeated multiple times, with a minimum of three repetitions, to verify the consistency

11
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and stability of the acquired data.
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Figure 6. Schematic layout of the aeroacoustic wind tunnel.
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Figure 7. Driver’s left ear noise test.

3.2.2. Vehicle noise test results

The data analysis stage considers only acoustic signals within the frequency band
from 200 to 8,000 Hz. All spectral curves are processed using A weighting, and
loudness is computed following ISO 532-1 [58]. After completing all experimental
measurements, noise spectra from multiple randomly selected vehicles are presented,
as shown in Figure 8. The spectral trends indicate the absence of abnormal peak values,

confirming that the tested vehicles were in normal operating condition.
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Figure 8. Test results of driver’s left ear noise.

To quantitatively evaluate the repeatability of the experimental measurements,
three repeated test datasets from a single sample vehicle were randomly selected for
analysis. As shown in Figure 9, the spectral curves corresponding to the three test
conditions exhibit a high degree of overlap, fully confirming that the experiment has
excellent repeatability and that the measured acoustic data are stable and reliable.
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Figure 9. Comparison of driver’s left ear noise test results on the same vehicle.

4. Interior wind noise prediction at the driver’s position based on
CNN-transformer

4.1. Development of the CNN-transformer model

To address the challenges of high cost and long duration in full vehicle wind
tunnel testing, as well as the high computational demand of numerical simulations and
the discrepancies between simulation results and real-world measurements, this study
proposes an efficient method for in-cabin noise prediction. The proposed framework

13
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builds a prediction network based on acoustic samples acquired from wind tunnel
experiments, where vehicle styling parameters and glazing technical schemes are used as
inputs, and the model output corresponds to vehicle wind noise levels. The model input
contains two types of variables: vehicle styling parameters and technical parameters.
The vehicle styling parameters mainly describe key geometric features that affect
aerodynamic noise generation. The technical parameters describe the engineering factors
related to wind noise propagation, structural vibration and acoustic attenuation. The
model outputs the 1/3 octave band noise pressure level at the driver’s left ear.

The input styling features include the vehicle geometric parameters defined in
Section 3. The A-pillar dimensions influence the locations of flow detachment and vortex
generation, while the side mirror dimensions affect the intensity of wake turbulence. The
front windshield angle, the gap between the side mirror and vehicle surface, and the side
window inclination further characterize the airflow disturbance and separation behavior
[59]. The technical parameters include the material properties and thickness of window
glasses, the acoustic transfer function, and the average interior reverberation time. The
glazing material and thickness affect acoustic transmission loss and structural vibration
response, and they play an important role in controlling low- and medium-frequency
noise transmission [60]. The acoustic transfer function and interior reverberation time
were introduced to characterize the overall acoustic transmission characteristics and
cabin acoustic environment of the vehicle. The acoustic transfer function quantifies the
attenuation characteristics of noise transmitted from the vehicle exterior into the cabin
through the glazing and body structure. The average interior reverberation time describes
the sound diffusion and decay characteristics inside the cabin and mainly affects the
perceived high frequency noise level.

The dataset was constructed by obtaining vehicle styling features through
three-dimensional software measurements, matching the technical schemes directly
according to the design configurations presented in Section 3, and acquiring in-vehicle
noise data from wind tunnel tests. The acoustic transfer function and reverberation
time were independently measured in a reverberation chamber before the wind tunnel
experiments. The acoustic transfer function was obtained by applying a controlled
sound excitation outside the vehicle and recording the sound pressure response at the
driver’s left-ear position, while the reverberation time was calculated based on the
sound decay characteristics after excitation. These parameters represent the inherent
acoustic transmission and sound field characteristics of the vehicle cabin rather than
the aerodynamic noise response itself. A CNN-Transformer hybrid neural network
was employed for modeling. The synergistic architecture of 1D-CNN and transformer
encoder was utilized to optimize the model, aiming to minimize prediction error and
enhance accuracy and generalization performance in vehicle wind noise prediction.

Figure 10 shows the overall network structure of this prediction model.
Considering the complex nonlinear coupling relationship of vehicle wind noise
prediction, this paper adopts a hybrid network architecture with deep integration of
1D CNN and transformer encoder. The input features are first sent to the 1D-CNN
module to complete local feature extraction and noise filtering; then, the features are
mapped to a 64-dimensional hidden space through the dimension projection layer, and
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the dimension arrangement is adjusted to meet the sequence input requirements of
transformer. The network core is built by a single-layer transformer encoder module,
and the global coupling correlation and nonlinear action weight between various
body physical features are mined by means of a four-head multi-head self-attention
mechanism. After entering the regression prediction stage, the feature tensor output
by the encoder is flattened, and then the end-to-end regression mapping from
23-dimensional input features to 17-dimensional 1/3 octave wind noise results is
realized through two layers of fully connected layers. Considering the limited dataset
size, the Adam optimizer with a weight decay of 1 x 1072 and the ReduceLROnPlateau
adaptive learning rate strategy were adopted to improve model robustness and
achieve stable convergence during training. The main parameter settings of the
CNN-Transformer network are shown in Table 2.
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Figure 10. Overall architecture of the prediction model for driver’s left ear noise.

Table 2. CNN-Transformer prediction model parameters.

Model structures Parameter types Value
Input layer Input feature dimension 23
Convolutional layer channels 16
CNN layer Kernel size 3
Activation function ReLU
Hidden layer dimension 64
Number of self-attention heads 4
Transformer layer
Number of encoder layers 1
Feed-forward network dimension 128
Output layer Output dimension 17
Optimization algorithm Adam
. X Learning rate 5% 107°
Training configuration . )
Weight decay 1x10
Batch size 64

The dataset was constructed from wind tunnel experimental measurements and
contains 240 independent vehicle operating condition samples. Each sample is defined
by a 23-dimensional input feature space, including 10 vehicle styling geometric
parameters and 13 glazing-related technical parameters. The driver’s left-ear interior
wind noise spectrum was used as the regression output, covering 1/3 octave bands
from 200-8,000 Hz. Since the input variables had different magnitudes and units,
feature scaling was applied during data preprocessing. Each feature was linearly
transformed into the interval of 0—1 to reduce the effect of scale differences on gradient
optimization [61].
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To obtain an unbiased and reliable evaluation of model performance, a strict
five-fold cross-validation strategy was adopted. The complete data set containing 240
sets of samples was randomly disrupted and divided into five non-overlapping subsets.
In each iteration, 80% of the samples are randomly chosen for model training, and the
other 20% serve as the validation set. The training and validation sets have no common
samples in any round. To assess the model, we use the root mean square error (RMSE)
and mean absolute percentage error (MAPE) from five independent validation rounds
instead of a single leave-out test. This strategy reduces the deviation caused by random
data partitioning, thus providing a more reliable model performance evaluation.

All network construction and model training were completed in the PyCharm
2025.3 environment. The computing platform is configured with an Intel Core i5-12600
KF processor and 64 GB of memory. In order to ensure a fair comparison between
different models, all networks are trained under the same conditions, and the Adam
optimizer is used. Model training uses a learning rate of 1 x 1074, a weight decay of 1
x 1072, and a batch size of 64. The mean square error (MSE) serves as the loss function.

Additionally, the same early stopping strategy optimizes the parameters.

4.2. Prediction analysis using the CNN-transformer model

The trained CNN-Transformer hybrid model was applied to forecast the interior
wind noise at the driver’s left ear. Independent validation data verified the model. In
Figure 11, the predicted noise spectrum for a representative vehicle is compared against
wind tunnel test results. The high agreement between the predicted and experimental
frequency responses proves the accuracy of the model in tracking noise changes. To
quantify the errors, MAPE and RMSE values were computed. The validation samples
yield a MAPE of 2.23% and an RMSE of 0.94 dB. The model is able to learn the
complex nonlinear interactions between vehicle styling parameters, glazing technical

schemes, and interior wind noise responses.
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Figure 11. Prediction results and errors of driver’s left ear noise using the CNN-Transformer
model.

To further evaluate the reliability of the CNN-Transformer model, prediction

uncertainty analysis was conducted from two aspects: model uncertainty and input
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parameter uncertainty. First, the Monte Carlo Dropout method was applied. With
the input sample unchanged, 100 stochastic forward passes were performed to obtain
the distribution of prediction results, and the 95% prediction interval was calculated
to evaluate the uncertainty caused by model parameters. Second, considering that
deviations may exist between the actual values and design targets of vehicle styling
parameters and acoustic technical parameters due to manufacturing and assembly
processes, random perturbations ranging from 0% to +5% were applied to the
continuous input variables of the selected sample. A total of 100 perturbed samples
were generated and predicted using the trained model. The 95% prediction interval
was then calculated based on the distribution of the predicted results to evaluate the
robustness of the model against input parameter uncertainty.

As shown in Figure 12a, the predicted mean value obtained by the Monte Carlo
method is in good agreement with the measured internal wind noise spectrum, and the
prediction interval is relatively small, indicating that the model has low uncertainty
in the current data distribution range. The prediction interval becomes slightly
wider in the high-frequency region, which is mainly attributed to the more complex
variation and stronger nonlinear characteristics of high-frequency wind noise responses.
Furthermore, as shown in Figure 12b, the input parameter perturbation analysis shows
that when small deviations caused by manufacturing and assembly uncertainties are
introduced into the input parameters, the predicted results still maintain a consistent
trend with the original noise spectrum, while the variation of the prediction interval
remains limited. This indicates that the proposed model has good robustness against

inevitable parameter uncertainties in practical engineering applications.
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(b) Input parameter perturbation-based uncertainty analysis.

Figure 12. Prediction uncertainty analysis of the CNN-Transformer model.

5. Model comparison and sensitivity analysis

5.1. Model performance comparison

The CNN-Transformer model was compared with three typical deep learning
architectures, including CNN, LSTM, and transformer, to examine its capability in

predicting driver-position interior wind noise. To ensure a fair comparison, we train and
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evaluate all models on the identical dataset. Each baseline model is built based on its
typical architecture. The CNN extracts local features, the LSTM captures dependencies
between them, and the Transformer learns global feature relationships. A validation
sample was randomly chosen to test the four models, and Figure 13 presents their
predictions. In addition, the MAPE and RMSE values of each model on the validation

set were calculated for quantitative evaluation, as summarized in Table 3.
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Figure 13. Original vehicle driver’s left-ear noise and prediction results with errors obtained
using different models.

Table 3. MAPE and RMSE of the different models.

Model MAPE RMSE
CNN-Transformer 2.23% 0.94 dB
CNN 3.50% 1.45dB
LSTM 4.42% 1.81dB
Transformer 2.97% 1.22dB

Validation results show that the CNN-Transformer model has the highest accuracy
among all tested models, with the best scores in MAPE and RMSE indicators.
Specifically, the MAPE of the model is 2.23%, and the RMSE is 0.94 dB. Compared
with the CNN model, the MAPE and RMSE were reduced by 1.27% and 0.51 dB,

respectively. Compared with the transformer model, these two indicators decreased by
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1.28% and 0.28 dB, respectively. Compared with the LSTM model, the performance
improvement is the most significant; the MAPE is decreased by 2.19%, and the RMSE
is decreased by 0.87 dB.

In comparison, coupling convolution feature extraction with self-attention
global modeling is better for modeling the complex links between car parameters
and cabin wind noise. The CNN model can extract local features from vehicle
modeling parameters and acoustic technical parameters through convolution operation.
However, the wind noise inside the vehicle is affected by many factors, including
aerodynamic characteristics, structural acoustic conduction and acoustic performance
of the compartment. The input parameters also involve complex nonlinear interactions.
Therefore, a single CNN structure has limitations in capturing global correlations
among different design variables. The LSTM model achieves average MAPE
and RMSE values of 4.42% and 1.81 dB, respectively, showing relatively lower
prediction performance. This is mainly because LSTM is designed for modeling
data with sequential dependencies, while the input variables in this study are vehicle
design parameters and the output is frequency-domain noise responses. There is no
clear temporal order among these features, which limits the ability of the recurrent
structure to represent the nonlinear relationship between vehicle design parameters
and noise responses. The transformer model improves the modeling of global feature
relationships through the self-attention mechanism, achieving average MAPE and
RMSE values of 2.97% and 1.22 dB, respectively. However, without an explicit
local feature extraction process, its ability to represent local feature variations is
still limited under the condition of a relatively small dataset. In comparison, the
CNN-Transformer model combines the local feature extraction capability of CNN
and the global relationship modeling capability of transformer. The CNN module
first extracts important features from vehicle styling and acoustic parameters, and
the transformer module then learns the complex interactions among these features,
resulting in more accurate prediction of interior wind noise responses.

Further analysis of Figure 13 shows that the prediction performance of different
models shows a certain frequency dependence, which is mainly related to the
complexity of noise response in different frequency bands and the feature representation
ability of each model. The CNN model maintains relatively stable prediction
performance in most frequency bands. However, because it mainly relies on local
convolution feature extraction, its ability to capture global relationships is limited for
some frequency bands affected by multi-parameter interactions, resulting in an increase
in prediction error. The LSTM model shows more obvious prediction fluctuations in
different frequency ranges. This is because its cyclic structure is more suitable for
data with time evolution characteristics, and the input variables in this study do not
contain intrinsic sequence information. Therefore, LSTM cannot give full play to its
sequence modeling ability, resulting in a large difference in prediction performance
between different frequency bands. The transformer model can capture the global
relationship between input variables through the self-attention mechanism, which is
superior to CNN and LSTM in frequency consistency. However, its lack of clear
local feature extraction ability limits its ability to characterize some complex spectral
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changes. In comparison, the CNN-Transformer model gives stable predictions across
the full frequency range. It integrates local feature data with global relationships, so it
captures the nonlinear mapping between vehicle parameters and broadband wind noise
better.

In order to evaluate the reliability and robustness of the proposed model in
practical engineering applications, independent data samples are used for verification
after training the model under the same experimental conditions. Figure 14 compares
the predicted results with the measured vehicle interior wind noise spectrum. Error
analysis shows that the model achieves a MAPE of 4.82% and a RMSE of 1.44 dB on
unseen samples. The results show that the CNN-Transformer hybrid model has good
generalization performance. The model can still maintain a high prediction accuracy
on unseen samples outside the training data set, showing its potential in practical

engineering applications.
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Figure 14. Predicted vehicle driver’s left-ear noise and error results obtained using the
CNN-Transformer model on independent test samples.

5.2. Sensitivity analysis

Different input parameters have different effects on vehicle interior wind noise
prediction. In order to guide the optimization of vehicle modeling, this study uses the
MIV method to calculate the feature importance of the model [62]. In the original
23-dimensional vehicle styling and technical feature space, glass material type was not
included in the MIV analysis. Acoustic laminated glass has better sound insulation
performance than conventional tempered glass in practical engineering applications.
Glass material is also a binary categorical variable, and the two glass types are encoded
as 1 and 2 in the dataset. This does not meet the requirements of the MIV method. The
MIV method evaluates feature sensitivity by applying small continuous perturbations to
input variables and calculating the changes in model outputs. Therefore, it is suitable
for continuous numerical features. Since glass material has only two fixed discrete
values, continuous perturbation cannot be applied, and the obtained MIV value would
not have a clear physical meaning. Therefore, the glass material parameter was set as

a fixed boundary condition and excluded from the sensitivity analysis.
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MIV is an effective indicator for evaluating feature importance in neural networks.
It applies controlled perturbations to the original input features after model training and
measures the changes in model output. The formula is as follows:

MIV = 1\}5 ZZNi Y (Xxy 4+ 10%) = 4 (Xxy — 10%) @)
where Ny represents the frequency range of the independent variable, Xy, indicates
the base value of the independent variable, y; (X x,, + 10%) denotes the predicted result
when the variable is increased by 10%, and y; (X x,, — 10%) denotes the predicted result
when decreased by 10%.

The absolute value of MIV is used to quantify the sensitivity of each input feature,
while the sign of MIV shows whether the feature has a positive or negative effect on
the predicted wind noise level. A sensitivity analysis model was established based on
vehicle styling features and technical schemes to evaluate the extent to which these
parameters are associated with in-cabin noise. The calculated MIV was normalized
and transformed into the contribution proportion of each feature, and a corresponding
heatmap was generated, as shown in Figure 15.
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Figure 15. Full-frequency sensitivity analysis.

The following key patterns can be observed from the figure. The MIV sensitivity
analysis shows that the absolute MIV values for the Y-direction dimensions of the side
mirror and A-pillar are significantly higher than those of other variables, indicating
that these two parameters are the dominant drivers of wind noise amplitude. A
further comparison across different parameter categories reveals that the influence of
side mirror and A-pillar dimensions is mainly distributed within the medium to high
frequency region, whereas the sensitivities of front side-window and front windscreen
glass thickness are relatively lower and primarily concentrated in the medium to low
frequency bands.

These results are consistent with the basic aeroacoustic mechanisms. Under the
120 km/h high-speed condition, turbulent separation around the side mirror and A-pillar

generates the main aerodynamic noise sources. Small changes in these geometric
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parameters directly affect the noise source strength. Glass thickness mainly affects the
noise transmission path and changes the interior sound field by modifying the acoustic
transfer characteristics. The front side window has higher sensitivity than the front
windscreen because it is closer to the main region of A-pillar vortex impingement.

The sensitivity analysis based on the MIV method provides a quantitative
foundation for subsequent noise control and structural optimization. In practical
engineering design, priority should be given to the key parameters with the highest
MIV rankings. Through targeted refinement of these parameters, more substantial noise
reduction can be achieved with relatively lower design costs.

6. Conclusion

A CNN-Transformer hybrid prediction framework was developed in this study to
predict aecrodynamic wind noise at the driver’s position in passenger vehicles. The
proposed method can be used for driver-side vehicle interior wind noise prediction
and provides support for vehicle acoustic optimization. The key findings of this study
are as follows. The OLHS approach was applied to design combinations of vehicle
styling and glazing acoustic parameters. Wind tunnel experiments were performed at
the driver’s left-ear position, and the measured spectra were used to build a dataset.
Vehicle geometric features and glazing technical parameters were defined as input
variables, while the corresponding interior wind noise spectra were treated as prediction
targets. A CNN-Transformer hybrid model was developed to establish the nonlinear
relationship between input parameters and vehicle interior wind noise responses. The
CNN module extracts local geometric features, and the transformer encoder captures
global feature relationships. The model can describe the nonlinear relationship among
vehicle styling features, glazing configurations, and aerodynamic noise responses. The
comparison results show that the proposed model achieves a MAPE of 2.23% and an
RMSE 0f 0.94 dB on the validation dataset. The model also achieves a MAPE 0f4.82%
and an RMSE of 1.44 dB on independent test samples. Compared with CNN, LSTM
and transformer models, the proposed model performs better in prediction accuracy
and generalization performance. The MIV method is used to quantify the contribution
of each input feature. The sensitivity ranking shows the influence of vehicle shape
parameters and glass scheme on the interior wind noise. These results provide guidance
for vehicle acoustic optimization and structural design improvement, and shorten the
iteration cycle in vehicle NVH development.

The wind noise prediction model of vehicle interior based on CNN-Transformer
developed in this study has good prediction accuracy and generalization performance.
However, there are still some limitations. Firstly, the model is trained and validated
using only 240 passenger car wind tunnel test samples. The size of the data set is
limited, which affects the predictive stability of the model and styling configurations
that are not included in the data set, and increases the predictive uncertainty. Secondly,
the current input features only contain the selected vehicle styling parameters and
glass-related technical parameters, and fail to cover all structural factors affecting the
aerodynamic noise of vehicle interiors, resulting in prediction errors in some frequency

bands. Future research requires more wind tunnel data from diverse car models. A
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