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Multi-sensor Spectrogram Transformer Network for Automobile
Noise Prediction from Electric Power Steering
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Noise level management has become an important task in the automotive industry because of the increased
demand for low-noise automobiles. In particular, it is essential to reduce the automobile noises incurred by
electric power steering(EPS) and an automotive steering system. Although existing methods measure the noise
levels by mounting EPS on actual automobiles and detect the importance of frequency bands based on experts’
judgment, they were subjective, time consuming and expensive. Therefore, an efficient method is required to
predict the automobile noise levels and detect influential frequency bands based on EPS acceleration data. We
propose a multi-sensor spectrogram transformer(MuST) for predicting the EPS automobile noise levels. The
proposed method allows us to predict automobile noise levels by reflecting the individual characteristics of
multiple sensors in EPS and detecting influential frequency bands related to noise levels. The experimental
results showed that the proposed MuST performed well and detected influential frequency bands similar to the
experts. We believe that the framework presented in this study can efficiently identify the automobile noise
levels and help experts design quiet automobiles in the future by providing information on influential frequency
bands. In addition, our method can help to handle various tasks which use data collected through multiple

sensors in the automotive industry.

Keywords: Automobile Noise Prediction, Electric Power Steering, Vision Transformer Network, Feature

Extraction, Important Frequency Detection
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Figure 1. Time and Frequency Domains of Acceleration Signals
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Table 1. Comparison Results of Models. Boldface Values
Represent the Best Performance and Standard
Deviations are Included Next to the MAE and R*

Network
Models MAE R-square | Parameter
Structure
Single model |1.30 £0.26 |0.46 + 0.33 11,175,681
ResNet18
Multi model |1.35+0.18/0.48 +0.13 67,039,367
Single model | 1.67 £0.290.21 £ 0.24 1,175,681
ResNet34
Multi model |1.52+0.16|0.24 +0.18 | 127,688,327
Single model |1.04 £0.14|0.66 = 0.11 524,161
ViT
Multi model |1.38 £0.33/0.43 £0.18 3,024,647
Single model {1.06 £0.15/0.64 £ 0.14 524,673
AST
Multi model |1.44+0.27(0.31+0.18 3,027,719
MuST
(Proposed 0.94 £0.03(0.73 £ 0.01 501,121
Method)

Ho
=
oX,
e
oy
oE

Predict values

Actual values

Figure 7. Scatter Plot for Results of MuST

Table 2. Comparison among Models in Terms of Sensor
Embedding. Boldface Values Represent the Best
Performance and Standard Deviations are Included
Next to the MAE and R?

Models
MuST with only positional

MAE Parameter

0.98 +0.06 0.69+0.04 501,121
embedding ’

MuST with positional and

sensor embedding 0.94 +£0.03 0.73£0.01 501,121
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Table 3. Comparison of Importance Ranking by Frequency

Band Calculated from MuST and NTF

Rank MuST NFT

1 0 - 160Hz 0 - 160Hz
2 160 320Hz 160 - 320Hz
3 320 480Hz 320 - 480Hz
4 480 640Hz 480 - 640Hz
5 800 960Hz 640 - 800Hz
6 640 800Hz 1760 - 1920Hz
7 960 - 1120Hz 800 - 960Hz
8 1120 - 1280Hz 1920 - 2080Hz
9 1440 - 1600Hz 1440 - 1600Hz
10 1600 - 1760Hz 2080 - 2240Hz
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