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ABSTRACT

For autonomous vehicles, technology that monitors the state of the vehicle and detects a failure

using sensor data is receiving increasing attention. The purpose of this study is to determine the type

and location of faults of a vehicle chassis system under noisy conditions using acceleration data and

deep learning. Because there is a limit in the acquisition of specific defect data from a real vehicle,

normal and defect data were obtained using a vehicle physics model that considers various vehicle

speeds, vehicle-to-vehicle variations and road changes. We proposed DNI-ResNet (DenseNet Inspired

ResNet), which applied the advantages of DenseNet to ResNet, and used it to determine the type

and location of defects occurring in the rubber of the vehicle chassis system. Additionally, the do-

main adaptation ability of the proposed method was verified with various vehicle speed and new

types of defects.
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Fig. 1 Process for chassis fault classification using vehicle physics model
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Table 1 Architecture for DNI-ResNet

Layer name Output size Filter size, number

Convolution 12x300 12x40 Conv2D, 16

. 3x3 Conv2D, 16
Residual block 1 12x300 3x3 Conv2D, 16
Transition layer 1 6x150 1x1 Conv2D, strides=2

. 3x3 Conv2D, 32
Residual block 2 6x150 3x3 ConvaD, 32
Transition layer 2 3x75 1x1 Conv2D, strides=2

. 3x3 Conv2D, 64
Residual block 3 3x75 3x3 Conv2D, 64

Output 14 400-d fc. Softmax
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Fig. 6 Locations of vibration measurement - 4 locations
(red area), front/rear LH/RH shock tower
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Table 2 Fault location and name

Aslo

=i

Condition |Fault location| Name-9class Name-4class
Normal - Normal Normal
1 Handling LH
Front LH
2 Shock FRT LH
3 Handling RH
Front RH
4 Shock FRT RH
Abnormal
5 Shock_RR_LH
Rear LH
6 TrailingArm_LH
7 Shock RR_RH
Rear RH
8

TrailingArm_RH
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Table 4 Setting for performance validation of domain
adaptation — vehicle speed

Vehicle | No. of | o6 | Fault Sample no.
Domain | speed mea. -
(km/h) | points | PO | ®PC | Train | Test
56%’67%’ 4 9 400x9x4| -
Source 2 (100 or
S -
55 4 9 ame S0yxOn]
Target 55 4 9 100x9x1
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90
a0
70
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|
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Fig.
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Table 5 Setting for performance validation of domain
adaptation — new fault
) Vehicle | No. of Class | Fault Sample no.
Domain | speed mea. )
(km/h) | points | " type | Train Test
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Fig. 18 4 Measurement points, source/target domain
is different (class no. 4) — in source domain,
no new type fault data
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Table 6 Setting for performance validation of domain
adaptation — vehicle speed and new fault

Vehicle | No. of
Class
speed mea. o
(km/h) | points ’

50,60,
65,70

55 4 4
Target 55 4 4

Fault Sample no.

type

Domain

Train Test
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Source Same
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New -
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Fig. 19 4 Measurement points, source/target domain is

different (class no. 4) — in source domain, no
new type fault data and Small number of
55 kph data are used
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