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Abstract In the Industry 4.0 era, artificial intelligence has attracted considerable interest for learning
mass data to improve the accuracy of forecasting and classification. On the other hand, the current
method of detecting anomalies relies on traditional statistical methods for a limited amount of data,
making it difficult to detect accurate anomalies. Therefore, this paper proposes an artificial
intelligence-based anomaly detection methodology to improve the prediction accuracy and identify new
data patterns. In particular, data were collected and analyzed from the point of view that sensor data
collected at vehicle idle could be used to detect abnormalities. To this end, a sensor was designed to
determine the appropriate time length of the data entered into the forecast model, compare the results
of idling data with the overall driving data utilization, and make optimal predictions through a
combination of various sensor data. In addition, the predictive accuracy of artificial intelligence
techniques was presented by comparing Convolutional Neural Networks (CNN) and Long Short Term
Memory (LSTM) as the predictive methodologies. According to the analysis, using idle data, using 1.5
times of the data for the idling periods, and using CNN over LSTM showed better prediction results.
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2.1 CNN(Convolutional Neural Networks)
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Fig. 1. Overview of CNN

2.2 LSTM(Long Short Term Memory)
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Fig. 2. Structure of LSTM

2.3 OJ&EX|(Anomaly Detection)
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Table 1. Structure of CNN model
Layer 1 Layer2 Layer3
Filters 16 64 64
Kernel size (3.3 (3.3 (G.3)
Activation RelU RelU ReLU
function
Dropout 0.25 0.25 0.25
Pooling Max (2,2) Max (2,2) Max (2,2)
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Fig. 6. Structure of LSTM model
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Table 2. Result of CNN case 1

1 time 1.2 times 1.5 times

Accuracy 0.4776119 0.6865716 0.8059701

082035 082040 082045  0820:50 082030 082035 082040 082045  0820:50

100

0820:25 08 20:30 08 20:35 08 20:40 08 20:45 08 20:50 08 20:55

Fig. 7. Input Data of CNN case 1
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Table 3. Result of CNN case 2

Idling data All data
Accuracy 0.805970149 0.40299
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Table 4. Result of CNN case 3
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Table 6. Result of LSTM case 2
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Table 5. Result of LSTM case 1

1 time 1.2 times 1.5 times

Accuracy 0.65 0.73 0.70
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Engine RPM Manifold Cooling Idling data Al data
pressure temperature
e e Accuracy 0.73 0.79
Accuracy 0.8955 0.9522 0.9552
Oxygen Oxygen Combustion
sensor sensor injection = = 5 sHS. = S
T 423 T2 MME 37 A2 ool T2 Hac
Accuracy 0.9706 0.9701 0.9145 H|
air Timer ETC motor
conditioner duty Table 70 AAIgE H}e} o], LSTM Lalg}&olA=
compressor _ _ _ _
Accuracy 0.9552 0.8657 0.91045 AA Q] 23hE AFESHYS miet shte] AlAE ARESHA

< W] HEwel 73%2} Zfol7t A EAISHA] ¥9ke
o, A2AIM A0S AMESIEE Tl 92%2] w2 4
7t 2EEE Ittt ol LSTM EdojlA«= o
It AA S 232 AREShE Aol AEEE wY o

AR frefulstAlE ekt

T

Table 7. Result of LSTM case 3

Engine RPM Manifold Cooling
pressure temperature
sensor sensor

Accuracy 0.74 0.73 0.71
Oxygen Oxygen Combustion
sensor sensor injection

voltage 1 voltage 2 time

Accuracy 0.71 0.92 0.66

air Timer ETC motor
conditioner duty
compressor

Accuracy 0.73 0.73 0.65
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