’i) Check for updates

Trans. Korean Soc. Noise Vib. Eng., 31(5): 563~573, 2021
https://doi.org/10.5050/KSNVE.2021.31.5.563

of

YT QE

LI5S

EaStlEgeE =2y M 31 A M55, pp.563~573, 2021
1598-2785(Print), ISSN 2287-5476(Online)

T

A A% A nF A 7AA L Ak

Fault Detection and Diagnosis

of Chain Transmission System

Using Convolutional Auto-encoder

o] X :,0‘3_‘_*.0] Ay At 7

he 4

sk
s <

Chang-Hun Lee’, Sang-Kwon Lee’ and Pung-1l Kim"

(Received September 1, 2021 ; Revised September 27, 2021 ; Accepted September 28, 2021)

Key Words : Fault Detection(312°d 7 %), Fault Diagnosis(3.%d

o
Auto-encoder(3Hd

Network(Zd = 217 )

[}

S E<215Y), Unsupervised Learning(H]A|

2

A

), Deep Learning(d #1'd), Convolutional

Loy ey
=k

), Convolutional Neural

ABSTRACT

This paper presents a method to detect the mechanical faults of a chain drive power transmission

system (CDPTS) using a convolutional auto-encoder (CAE). In previous research, it was known that
the methods to detect faults of the CDPTS based on an artificial neural network (ANN) and con-

volutional neural network (CNN) were useful. In

this paper, an advanced application of CNN, the

CAE function of CNN is employed to detect faults. This method uses the characteristics of re-

construction of CAE. Difference of input images of the CNN and reconstructed images extracted by

CAE were used as the guideline of fault detection. In the fault condition of the system, the differ-

ence was larger than the predetermined threshold of error. The encoder of CAE can be fine-tuned to

classify the fault types of CDPTS. Finally, this method was well applied to diagnose the fault types

of the test CDPTS installed in the laboratory.
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2. Convolutional Auto—Encoder (CAE)
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Fig.2 Chain transmission system for testing and
components of gear box. (1) gear box (2)
sprocket (3) chain (4) accelerometer (5) bearing
(6) gear (7) rotor shaft

Table 1 Fault types of chain transmission system

Condition Name Fault type
Normal Good -
Fault0O1 3 damaged teeth of gear
Fault02 Rotor shaft eccentricity
1 hole on the bearing surface
Fault03 Rotor shaft eccentricity
Alien substance in the bearing
Fault04 Rotor shaft eccentricity
Abnormal Rotor shaft eccentricity
Fault0S 1 broken tooth of gear
1 hole on the bearing surface
Fault06 Rotor shaft eccentricity
1 broken tooth of gear
Alien substance in the bearing
Fault07 Rotor shaft eccentricity
1 broken tooth of gear
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Fig.3 Details of fault types in the parts used in the
experiment
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Table 2 Structure architecture of convolutional auto-encoder layer

No Name Output size Filter size/stride/number of channels

1 Image input layer (112,112,3) -

2 Conv layer (112x112x24) (3,3)/1/24

3 BN layer (112x112x24) -

4 Leaky ReLu layer (112x112%24) -

5 Max pooling layer (56x56x24) (2,2)/2/24

6 Conv layer (56x56%12) (3,3)/1/12

7 BN layer (56x56%12) -

8 Leaky ReLu layer (56%x56x12) -

9 Max pooling layer (28x28x12) (2,2)/2/12

10 Conv layer (28x28x12) (3,3)/1/12

11 BN layer (28x28x12) -

12 Leaky ReLu layer (28%28x12) -

13 Max pooling layer (14x14x12) (2,2)/2/12

14 T'Conv layer (28x28x%12) (4,4)/2/12

15 BN layer (28x28x12) -

16 Leaky ReLu layer (28x28x12) -

17 T Conv layer (56x56x12) (4,4)/2/12

18 BN layer (56x56%12) -

19 Leaky ReLu layer (56%x56x12) -

20 T'Conv layer (112x112x24) (4,4)/2/24

21 BN layer (112x112x24) -

22 Leaky ReLu layer (112x112%24) -

23 Conv layer (112x112%3) (3,3)/1/3

24 Clipped ReLu layer (112x112x3) Upperlimit: 255

25 Regression layer (112x112x3) -
Fault03

Fault01

Fault02

Fig. 6 Original images(left, input images of CAE), reconstructed images(middle, output images of CAE), error
images(right, difference of original images and reconstructed images)

568 | Trans. Korean Soc. Noise Vib. Eng., 31(5) : 563~573, 2021



Chang-Hun Lee et al.;

Fault Detection and Diagnosis of Chain Transmission System Using Convolutional Auto-encoder

ol 7KL 9l& Fola N ol oA F HA
g=oltt. o]u]A] Ato] =7} 112x112x30] B2 o] 7
3 N 37632000 WebA = 94 olulAst Bl
olulAlel Bt Aol

AR Adre el
threshold #k-= Fig. 7%} 72o]
rate, fault accuracy)Z} A4 Wtk

A AE Axed
A3 HEE(fault detect
S(normal detect
rate, normal accuracy)’} WAFsH= F-E-91 3182 3}
Ak Fw SEJASE Y Aol i P A3
HEES 935%01H, B dHEL 94%9 Ass
Bleh Aet AEE 84wkl tigk A2 A (7),
pat

A1 (&) Ak

Fault detectrate =
The total number of detected fault sample (7

The total number of fault samples fortest

Normal detect rate=
The total number of detected fault sample (8)

The total number of number samples fortest

F Z47ko] Agte] mE Wit A5t kol X
A2 (boxplot) S ©]-&3ke] Fig. 8o =A|51
, Fig. 8ol &= A/ o]l w2 normal detect rate
At Aejol] wE fault detect rateE 7E
io. 88 HH XJALALEH Az ol FA4t 2
A5 Ake] &
= fault01(”7]
% 54| normal “El
oltty. whehA fault0l 4
STFT3F o]r|#A] EAJo]
EolFrd 2]3) fault0l2]
ASA7] wj ol
B AEear X
+ normal FE| O] St A5} FE S} 2ol 7t H g}
Ast 714 A3r=

i
o

-
juits

T"f‘f
7} 4gs AR AE ¢ % 9 o1

W

dt}. o] Q13 faultol Aele] A 7
6322 %% U2 Aste] 711 AT H|E ¥e A

S & 4 Aok(fault02: 95.72 %, fault03: 99.24 %,
100 %, fault05: 97.40 %, fault06: 100 %,
). AN o] Ad= 7

T o

olulx = Wasie] Zzte

fault04:

fault07: 100 %, Fig.9

35 0529 & K9

o Aol gk Aetiolt). AljbE darg]Es
1

M

>
Mo rH 2L L

H8e A, FEH AZESF A% 2AE 3
F23) fault0] A EF FHHOR AL 5 9

AoletaL 9
S

7} fault0l AYef<
]

=01 50%(1007%)°]
7% 2= 9lu). Aw

4= ket W 63763 %,
31.5%)0] Asto =zl 7103, normal AE|2] 7
4= 9 66 %, 3F)7F Ao w %h&% Aol =,
fault012] 74-9- AgHA| 9] Q% 427} normal 7
gol mls E& widait) o]& o]&sto], HolHE
504 43} fault detect rate’} 20 %7} @O

1_4

AR Aol Anle] W] WaAL FelFi
ZAL FrbekeE WY 52% fault0l Z normalS -
v vk wEA AFAIRE Fke] AFA| R\l
E_)F_g. o] 3}04 gﬁuhq]e o]-z%z%og ﬂxl%]' —)F
RS Holtt,

(3) YAl ZA(fine tuning) 74

Py SERIFATAA I F8% Ve T

Detect Accuracy

e o °
O w o

e
=N

o o
W =

Corrected Detect Samples/Total Samples
=3 <
o O

Fault Detect Rate | |
Normal Detect Rate

=)

200 300 400 500 600
Threshold Value

=)
S

Fig. 7 Detect accuracy for threshold values

Mean Square Error of Fault Type

T +

i
EBB

Normal Fault01 Fﬂul(OZ Fault03 Fault04 Fault05 Fault06 Fault07

3500 -

3000 -

(%} %}
=3 153
=3 =}
=3 S

17
1=}
=

Mean Square Error

|
2, Les

500

= «Dj— [
-
- —

t }—‘_L~ — e+ +

Fig. 8 Boxplot for mean square error of fault types

Trans. Korean Soc. Noise Vib. Eng., 31(5) : 563~573, 2021 | 569



Chang-Hun Lee et al.;

Fault Detection and Diagnosis of Chain Transmission System Using Convolutional Auto-encoder

z
=

\\q\ N W W N SRt et

g 1o

-3

g 1000

=

#1800

-

=l

- 600

2

g 400 AR

.= -L

oo .l
0

Normal Fault0l Fault02 Fault03 Faulto4 Fault 05 Fault 06 Fault 07
= Total number of Test Samples
= Total number of Correct Detected Test Samples
N
S

* e
x'ﬂ'
™ I s le
-

Normal Faultol Fault02 Fault03 FaultO4 Fault 05 Fault 06 Fault 07
= Fault Detect Rate(%)
» Normal Detect Rate(%)

IZ"
c=2888882888

Fig.9 Bar graph of normal detect rate and fault detect

rate
80 Visualizing Data using t-SNE
. Normal . ‘ 1 l
Faulto1 | ,, 5%
60 Faulto2 |57 J
: Faulto3 |
Fault04
. Faulto5
40 .
. Fault0s (e
Fault07 f:
20 - .
— 0 - .
o
=
3
w -20r .
A0 - |
60 - |
-80 .
-100 1 1 ! 1 1
-100 -50 0 50 100
Feature 2

Fig. 10 Visualizing of test data on two dimensions
using t-SNE

570 | Trans. Korean Soc. Noise Vib. Eng., 31(5) : 563~573, 2021

shu= 54 F=olth Fig. 105 Edol 21857
= A BH ol ek 7t W] A BEje] A
dolee] o) Hdw LEJIHY dar =
(Table 22] 1394 AlF Max Pooling Layer®] &3
S tSNEWE F3 2xkdslste] Al7bel gk Blejth
Fig. 105 EW AA e doJg41/hoz &
AN FAF oEmdel dmr Eeo] FasA

e 4 e delelsost 4 g A% o

oo 52

~

T 1191)E $FE F 9eS Lehait of =
Bo Al oleld Amde] B4 FF 71%5S o] gl

THohs darglES ARt

j=
5192 4 A% ¥(convolutional neural
network, CNN)= |83} %] Efi}’\ 718t 378 et
gk darg]Folnt. e SEQIST Y QFY F
& wou fully connected layerﬂ- AAI &
ZAsPH =& AT AT AALS ds 4 gl;}(S).

ok o]t W29 fine tuning Sy A& HIAE
ettt ofn] QAT oA oj=Aw 5 FE
et 71sS 7L 7] Wil Q=Y TeAlE
1% & AL 349] epochl.Z FAT Al
Stse "HE S Atk Fig 12 o] =9 o]d 34
S A3 =AIEE Aol

o] ¢

(1) CAE°l 9J&l &% 1A

() &% 24 oy +3

(3) 71&l Q1=EE vA A3l THE CNNOJ
AEA] SRI(FHH CNNoJ glod (4= 8, 3le
W (4-2)Z W)

(4) ¥=19 Z3o|| Labeli-o], CAEY] ¢
v A ZA3st] CNNS A

(5) =017 CNN<- of-&ato] A/dvolH et =&

$FodlolE &5 oW 7]Eel g<lE o] Labels -

H O
N3 Fis

A7 &,

(4-2) E-Fstarl sk Agho] E1H A ¢kd At
ol ()& HePste] AFEE A 23kl CNN=
e ol %u gl ZAdlolgbd (5)2 A st
g g



Chang-Hun Lee et al.;

Fault Detection and Diagnosis of Chain Transmission System Using Convolutional Auto-encoder

START
Colleet Data

Input into the trained
Convolutional Auto-Encoder

2) .
Collect the fault data

Is there trained
(3) NN for fault
classification?

(“Tram('on\oluumnl

Neural Network
(Fine Tuning The

Encoder)

I

Update CNN

2 Identified

Calculate Mean
Square Error

fault types?

Detect
Normal Condition

(5)
Input fault data

MSE >
Threshold

into the trained CNN

Classify
The Fault Types

Detect
Fault Condition

Unsupervised
(CAE)

Supervised
(CNN)

Fig. 11 Flow chart of fault detect algorithm and fault diagnosis (classification) algorithm

sgic e mUHYS

A AT dolH=

77}

Trans. Korean Soc. Noise Vib. Eng., 31(5) : 563~573, 2021

Table 37} #& 2o A

s Encoder \ Classifier Confusion Matrix
caior | 280 | 0 | o f oo | o | o | o oo
HH H }, M H H l H Normal 12.5% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% 0.0%
- — Faulﬂ)l Faulto? 0 248 2 0 /] 0 0 (1] 99.2%
Ouiput T -H.[": W[HJ{“ ® 0.0% |12.4% | 0.1% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% 0.8%
°
® Eaulto3 0 0 250 0 0 0 0 0 '\00:5:
- Fau]tN 0.0% | 0.0% |12.5% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% | 0.0%
. Decoder Fautoa| O 0 0o | 280 | o 0 0 o |100%
g 0.0% | 0.0% | 0.0% |12.5% | 0.0% | 0.0% | 0.0% | 0.0% 0.0%
o
. . . 5 -
Fig. 12 Process for fine-tuning of encoder to training g Faulos 035 || e || ads || aes [kl ads | ags || otz | EE
convolutional neural network 2 o | 1 1 o o 1 |28l o | o looms
Faul®® | o.0% | 0.1% | 0.0% | 0.0% | 0.1% [12.4% | 0.0% [ 0.0% | 0.8%
_ _ o | o | o | o | o | o |20 0 |io0%
Aot 22 duEES o NEE S5 Ao Faul07 | o.0% | 0.0% | 0.0% | 0.0% | 0.0% [ 0.0% |12.5% | 0.0% | c.o%
v A= ksl NNE E3l A3t BE27|& x&4d o 0 0 0 0 0 0 o | 250 | 100%
== e s o8 A% wH7IE AEHe Normal | 4 ou, | 0.0% | 0.0% | 0.0% | 0.0% | 0.0% [ 0.0% [12.5% | 0.0%
o _ o -
E‘ ﬁﬂl O]E —?‘-:1- _r EAE]_‘ EE?—]- Ol U] ——!——E—% 75?‘:} %_% 100% | 99.6% | 99.2% | 100% | 99.6% | 100% | 100% | 100% | 99.8%
- 0.0% | 0.4% | 0.8% | 0.0% | 0.4% | 0.0% | 0.0% | 0.0% | 0.2%
ehi 3 A% A 54, ol AR & 9 :
A=} - % B O o] o 7] S FF s
o o] =T FHE 4T =™y =T & & @ W
o . Target CI.
7} fully connected layer?} 1243eH & 3+ 2174 rases
HFo BRI =B A] A7) B . . .
85 SIS Table 32 o] w=tell A SsAll 9 Fig. 13 Confusion matrix of test set and performance
A A7 Fzoln MAzAE 93l Table 39 of fine-tuned CNN
1HA ASHE oA A7 7hsAE 1A
31, 153 sh5allel. ok S5 olEE normal 4 2418 (F 19287 S &Eslolrh wek, AT H7b
Blo} 7714 ult Aol thal STFT W3k ojmx] & 3 HAE dloJEe= 242} 25084(F 20007d)<
tolEl S Z+2t 700% (% 56007%) <5 dlolH & &8  &&sIolrh

571



Chang-Hun Lee et al.; Fault Detection and Diagnosis of Chain Transmission System Using Convolutional Auto-encoder

Table 3 Structure architecture of fine-tuned CNN

No Name Output size Filter size/stride/number of channels

1 Image input layer (112,112,3) -

2 Conv layer (112x112%24) (3,3)/1/24

3 BN layer (112x112x24) -

4 Leaky ReLu layer (112x112%24) -

5 Max pooling layer (56x56x24) (2,2)/2/24

6 Conv layer (56x56x12) (3,3)/1/12

7 BN layer (56x56x12) -

8 Leaky ReLu layer (56%x56x12) -

9 Max pooling layer (28%28x12) (2,2)/2/12

10 Conv layer (28x28x12) (3,3)/1/12

11 BN layer (28x28x12) -

12 Leaky ReLu layer (28x28x12) -

13 Max pooling layer (14x14x12) (2,2)/2/12

14 T'Conv layer (28%x28x%12) (4,4)/2/12

15 BN layer (28x28x12) -

16 Leaky ReLu layer (28x28x12) -
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