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ABSTRACT

Typically, indexes for diagnosis are developed by extracting the characteristics of noise and vi-

bration data through traditional processing. However, finding an appropriate signal processing method

and diagnostic index is difficult and time-consuming. Fortunately, the use of artificial intelligence in
analyzing and judging data has increased in recent years, and a lot of research related to this topic

has progressed. This study focuses on the development of Al-based diagnostic technology using noise

and vibration data measured from an automobile powertrain. The purpose of this technology is to re-

duce quality cost and improve service efficiency. The first case involves a technology for diagnosing

parts that cause abnormal noises in the powertrain, by training artificial intelligence using the col-

lected noise data. The second involves a technology that uses engine vibration data to find cylinders
with abnormal injectors in the engine. The deep learning methods used here were RNN and DNN.

The developed diagnostic technologies have been applied to the equipment used for mechanics in our

service centers. Therefore, they can be used to verify the diagnosis results within seconds when

noise or vibration data is input to the equipment.
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Fig. 1 Development process for noise classification
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Table 1 Categories of gasoline vehicle

No. of .
Type A Related noises
noise type
Gasoline 15 Injector noise, piston noise,
engine turbocharger noise...
.. Rattle noise,
Transmission 9 - .
gear whine noise...
. External damper noise
Drive system 8 P ’
groan noise...
Total 32
Analysis Feature description
* Gasoline vehicle — Whine noise from a turbocharger
. of a gasoline engine

* Condition : g

Acceleration e e - Frequency range : 2.5~3.5 kHz

R 25kHz

* Noise type : Whine e - - Noise measured by a microphone

T/C whine noise 1ot installed inside the engine

compartment

Fig. 2 Selection of good data through detailed analysis
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Fig. 3 Gasoline engine data
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LSTM he GRU he

ry @ input vector (m x 1).

U, W : parameter matrices (n x m).
Iy : hidden layer vector (n x 1) V : parameter matrix (n x n).

o, : output vector (n x 1). oy, @ : activation functions.
by, : bias vector (i x 1)

Fig.5 Comparison of LSTM and GRU  structure
(from http://dprogrammer.org/mn-Istm-gru)
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Fig. 11 An example of the diagnostic result
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Table 2 Test conditions for collecting vibration data

Test no. | Cylinder no. 4 | Cylinder no. 5 | Cylinder no. 6
1 N N N
2 Ab N N
3 N Ab N
4 N N Ab
5 Ab Ab N
6 N Ab Ab
7 Ab N Ab
8 Ab Ab Ab

% N (Normal injector), Ab (Abnormal injector)
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Before passing the BPF

Amplitude

05 s 2 Time(sec)

After passing the BPF
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Fig. 15 Result before and after passing the BPF
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Fig. 16 Diagnostic model structure for training
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Service squipment LIS fype

ICP signal conditioner

Accelerometer

Fig. 17 Service equipment for diagnosis

Table 3 Verification results in several vehicles

Mileage | Cylinder Al liifzeifor Comparison
[km] no. diagnosis mea::;i:nent result

4 Abnormal | Abnormal OK
84 766 5 Normal Normal OK
6 Abnormal | Abnormal OK
4 Normal Normal OK
192 733 5 Abnormal | Abnormal OK
6 Normal Normal OK
4 Abnormal | Abnormal OK
210424 5 Abnormal | Abnormal OK
6 Abnormal | Abnormal OK
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