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ABSTRACT

To predict the loosening state of a ehicle wheel nuts, a prediction algorithm featuring a 1-D con-
volutional neural network (CNN) has been proposed. After the acceleration of unsprung mass is
measured, a feature matrix is obtained. Based on the feature matrix, the training stage of the 1-D
CNN is conducted. Then, it is implemented using MATLAB/Simulink post data preprocessing, learn-
ing, and verification. To evaluate the prediction performance of the proposed model, we compared it
with a 2-D CNN model. In addition, the robustness of the 1-D CNN model under various types of

sensor noise has been analyzed.
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Fig.2 Photo of the experimental automotive
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(b) Right accelometer

(a) Left accelometer

Fig.3 Photo of the accelerometers under the vehicle
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Table 1 Specifications of accelerometer

Frequency | 0.2 Hz -
range | ~8000Hz | lemperature | -54°C~100°C
Weight 48¢ Sensitivity 50 mV/ms ™2
Resonance Maximum
frequenc 25 kHz shock level 5000 g
e (peak)

Table 2 Specifications of digital wrench

Error £2% Toraue 117 \m ~ 203 Nm
rage range

Weight 205 kg No-load | g i ~ 100 r/min
speed

Table 3 Signal acquisition conditions for each case

Number | Case | T TbRer | Ao B
#1 Normal
#2 Left 1 EA
#3 Left 3 EA
#4 Left 5EA | 2x 1500000 | 5 minute 5kHz
#5 Right 1 EA
#  |Right 3 EA
#7  [Right 5EA
482Co]al Hlo|E 43 K=+ National Instruments<]

USB-6341% AH&-3}31tt.

853k 2159] sampling frequency™ 5 kHz®]iL 2
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Table 4 Information of data used training

Number Case Training data| Test data Val(iigzion
#1 Normal 16 x 1200 |16 x 150| 16 x 150
#2 Left 1EA | 16 x 1200 |16 x 150| 16 x 150
#3 Left 3EA | 16 x 1200 |16 x 150| 16 x 150
#4 Left 5EA | 16 x 1200 |16 x 150| 16 x 150
#5 Right 1EA| 16 x 1200 |16 x 150| 16 x 150
#6 Right 3EA| 16 x 1200 |16 x 150| 16 x 150
#7 |Right 5SEA| 16 x 1200 |16 x 150| 16 x 150

Case1
Case2

#? Case3

]

O Cases

)

Z

= Caseb5
Caseb

Case7

N T S M S S
@ o o o o

Predicted Class

Fig. 7 Confusion matrix of 1-D CNN

Table 5 Information of data used training

Measure Formula
TPR Tp
(recall) TP+FN
FNR 1— TP
(false negative rate) TP+FN
PPV Tp
(precision) TP+FP
FDR 1— TP
(false discovery rate) TP+FP
A TP+TN
ceuracy TP+ TN+ FP+FN
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Table 7 Time spent in 1-D CNN and 2-D CNN

Training Preprocessing Judement time
time time g
1-D
CNN 20m 2s 1.96s 0.221s
2-D
CNN 92m 51s 42.11s 0.358 s

Table 8 Accuracy of machine learning techniques

Table 6 Accuracy of data used training
Model Accuracy Model Accuracy
Model | TPR | FNR | PPV | FDR |Accuracy K-NN 42.0% SVM 30.4 %

(dense) (linear)

2D CNN | 983% | 1.7% | 983% | 1.7% | 983% K-NN 438% SVM 59.8 %
(cosine) (quadratic)

1-D CNN o o N o o o Ensemble o

(baseline) 957% | 43% | 95.7% |43% | 957 % Neural network 60.7 % (KNN) 42.0 %
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Table 9 Information of hyper-parameter

Hyper-parameter Selected value Range
Max epoch 10 000 5000 ~ 50 000
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Table 10 Accuracy of robustness analysis

estdata | o\R 30 | SNR 40 | SNR 50 | SNR 60
Model accuracy | accuracy | accuracy | accuracy
Tg;‘:e‘iirﬁe)l 1895% | 3440% | 56.72% | 81.41%
Network 2 | 29.05% | 40.04% | 66.28% | 90.04%
Network 3 | 2122% | 49.72% | 49.72% | 72.82%
T‘(I;;‘g;;‘s‘e;‘ 3121% | 6223% | 87.63% | 91.22%
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