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ABSTRACT

This study proposes a new method of determining whether the state of a vehicle engine is normal
or abnormal using measured data from various sensors around the engine and verifies its performance.
To understand the obtained sensor data, a correlation between data from each sensor is developed,
and an analysis is performed to classify data that can be used as a feature. The given sensor data are
converted into gray images and color images to be used as training and test data. The performance in

discriminating between normal and abnormal states of an automobile engine is evaluated using an au-

toencoder, convolutional neural networks, and transfer learning. It is confirmed that the proposed

method can accurately classify the normal and abnormal states of the vehicle engine.
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Fig. 2 Normal and abnormal sensor data visualization
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(a) Gray image

(b) Color image

Fig. 4 Transformed images from sensor data
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Fig. 5 Structure of the autoencoder

Table 1 Hyper parameters for autoencoder

No. Hyper parameter Value

1 Hidden size 200

2 Encode function e Satlin

3 Decode function d Purelin

4 Epochs 3000

5 L2 weight regularization, A 0.01

6 Sparsity regularization, (3 4

7 Loss function MSE sparse
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Fig. 6 Comparison of MSE between normal and abnormal
data

UEHAE Table 264 vehd 213} o] AlexNet,
SqueezeNet, ShuffleNet, GoogLeNet, ResNet-18= A}
Bt o] RS2 T2 AA Lol AHEE & ¢
A7 YES o) AlexNet F2| Zo|7t 145
sl dAolehs =] Adg thEojxl Rdlo)r
7P 2 dEE & 7Pl SIEh - SqueezeNet,
GoogLeNet 12|31 ResNet> AlexNetZ} &2 A5 &
e FEl B ZolE wn sk EAlES A
a1 Slstel o He sl B AR 7 B
doltt 71 & GoogLeNet®] 74-9- 2t Z9] Hlol& &
Sslol A9e A GEHAOE olgsha
g& FsAI7l 2ot} ShuffleNet2 7]E2] group
convolution®] TA8-& shuffles 3l group?te] A
HE 3t shows sdg mdojrk

Ak A A1EE HEle] sy HA oA 9]
8= Fig. 9 (a)° HER 213k o] 90 % A

Lo}

o F9SE AS 89T 5 slor 4% A%ES

off

1Y

492 | Trans. Korean Soc. Noise Vib. Eng., 32(5) : 488~494, 2022

Image input layer

Convolution 2d layer

}

Batch normalization

Average pooling 2d layer

Convolution 2d layer

Dropout layer

Fully connected layer

Softmax layer

Classification layer

Fig. 7 Structure of the proposed CNN model
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Fig. 8 General concept of the transfer learning

Table 2 Comparison of different network structures

Model Parameter size (M) | Top-5 error rate (%)

AlexNet 61.18 15.4
SquuezeNet 1.24 14.4
ShuffleNet 1.32 10.2
ResNet-18 11.69 18.7
GoogLeNet 4 6.67




Do-Gyeong Yuk et al.; Vehicle Engine Anomaly Detection Using Data from Surrounding Sensors

o
®

o
[

Training Accuracy
o
B
T

02~

—— Training Accuracy
--+--- Validation Accuracy

0.0 L L L L 1
0 50 100 150 200 250 300

Epoch

(a) Training and validation accuracy

Training Loss
-+ Validation Loss

14

12

Training Loss
o o =
o (o] o

T

o
IS

o
[N}

o
o

1 R I I 1 .
100 150 200 250 300

Epoch

(=
a
o

(b) Training and validation loss

Fig. 9 Learning progress of the proposed CNN model

Table 3 Classification accuracies

Model Color image

AlexNet 92.80
ResNet-18 96.36
GoogLeNet 89.17
SqueezeNet 87.50
ShufflleNet 92.80
CNN_Gray 85.91
CNN_RGB 94.55
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