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[Abstract]

Sensor data can provide fault diagnosis for equipment. However, the cause analysis for fault results of
equipment is not often provided. In this study, we propose an explainable convolutional neural network
framework for the sensor-based time series classification model. We used sensor-based time series dataset,
acquired from wvehicles equipped with sensors, and the Wafer dataset, acquired from manufacturing
process. Moreover, we used Cycle Signal dataset, acquired from real world mechanical equipment, and
for Data augmentation methods, scaling and jittering were used to train our deep learning models. In
addition, our proposed classification models are convolutional neural network based models, FCN,
ID-CNN, and ResNet, to compare evaluations for each model. Our experimental results show that the
ResNet provides promising results in the context of time series classification with accuracy and F1 Score
reaching 95%, improved by 3% compared to the previous study. Furthermore, we propose XAl methods,
Class Activation Map and Layer Visualization, to interpret the experiment result. XAI methods can

visualize the time series interval that shows important factors for sensor data classification.

» Key words: Sensor Data, Time Series Classification, Pattern Recognition, Deep Learning,
eXplainable Artificial Intelligence(XAI)
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I. Introduction

1. Background
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II. Preliminaries

1. Related works
1.1 Deep learning based model
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5. Interpretation
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4. Performance Evaluation

Recall, Precision, Fl-score, Accuracy

Fig. 1.

Hoh Cycle signal Hlo]E&= AR AH|ofA] 4~
AEI500] Kuon £ (14]9] Q75 o B U ¥HE
23885171 9S4 Long  Short-Term  Memory
Autoencoderg £sto] EAS £535H & DBSCAN 2@
2 R3S 4388519 Bidirectional LSTM 2E9] M=
Bt AHESHT.
et AAIE Hole g Z8<t Zhao 5{15]9] oA
1A 5 A= 241 Al Hol8E /5t

A2f 52 oA es 7Y 7 452 vl
192, ol=Z HoJEjof] F71sts 4% Al =
I 453ttt Kuang [16]9] ALoflM= S5 A1E0=
UCI leaf AJAIE Hlol&{of] A&stict. 1AHA |
A Qe AAE EolEE 48w AU Support
Vector Machine Classifierg ZAA 25 458 545 }
%tk Smirnov ${6] AFoAEs A Hl22]S ALES
o 2flo]o}E Bol A=t stol & 450l SR o
+ A2 45T oA EHRNN) L 7] Wl 2el=
MLPQ} FCNEC} Aso0] £X] 9= 7o o 4 loict

T MM

o_>.:

=
1g]oj o
IR—

TE‘l‘lf‘

rOl‘ Ol'

o
E
2
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III. The Proposed Scheme
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1. Data description
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2. Standardization
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3. Data augmentation
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Fig. 6. Multi Layer Perceptron

4.2 Fully Convolutional Neural Network (FCN)
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Fig. 7. Fully Convolutional Neural Network

4.3 1D Convolutional Neural Network (1D CNN)
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4.4 Residual Network (ResNet)
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45 Class Activation Map (CAM)
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IV. Experiments

1. Experiment setting

1.1 Experiment environment

& oAM= Window 10 7ol ool 3.6 RIME
22 2.4.13 AHtAkeras) 2.4.32 AFEsH9CH CPU=
Intel(R) Core(TM) i7-7700 (6-=.0]), GPU+= <dliv|tjoto]
RTX 3060, RAM 64GB 7304 AF-S 438s19ict

1.2 Hyperparameter setting

2 A7) AgoA ARgE 2& deid ZEo] Adam
optimizerS &85 0™ éj— 15t2~X Categorical

cross entropy lossE ARSI T epoche K000z A
g5l AL, batch size?] F7]= 2dEH= A0 45 4=

Sh= 7o vigsto] th2A HAEQich

1.3 Evaluation

2 AolA AQtst el 2ol R ds A5 ¢
sfof Table 1.ol4 Aol &5 A RS L8aiqic
chmmel ojdleld % deld BF el Bk Ane A

(o]
st (Accuracy), Y
A

Z(Precision), Agd(Recall), F1
A4(F1 scorel= 2] (3) ~ (6)2 °l&stof Akttt

Table 1. Confusion matrix

: . Predicted Class
Confusion Matrix
Positive Negative
Actual Positive TP FP
Class Negative FN ™
Accuracy = TN+ TP (3)
Y= (IN+FP)+ (FN+ TP)
L TP
Precision= TP+ FP (4)
TP
Recall=75roy - O
X ) X
Fl— Score = 2 X pre cion X recall ©)

pre ciston + recall

1.4 Classification model setup

2 oA MLP, FCN, 1D CNN} ResNetS 2 AR
slo] #7458 Wlelgt. 25 29 232 o) A

Al 4921719] Ford A Hlo|8 % 3601715 =Htlo|H 2
1320715 B7Hlole| 2 ARE-SHITY. WhH ZA]| 4446749
Ford B H|o]&|+= 3636715 =&tlolE 2 810705 B7 1
olf| 2 ARSI}, WHE=A] F7d0lA AR Wafer H|o]
El= AA| 716471 & 5731715 E™Uo|g|2 14337}
BHHolE = Fgstelon, AA| 8007H2] Cycle Signal
Elol8 = 400715 &sitlolE 2 400705 B7HElolH 2 AL
8519t £712 Data augmentationS A-2510] Ford
A9} Ford B, Wafer@} Cycle Signal H|o]E|= &5 H|o]
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BE 24j2 &7}519 90, Ford A= 72027Y, Ford B=
72727}, Wafer= 1146271, Cycle Signal+= 8007]<] t
olEl2 FHClolE 2 ALRSIT} K-fold @A BES At
831911 K= 52 AVgstol 299] 452 Atk

Table 2. Data description

Data Augmentation Train Test Total
Ford A Before 3601 1320 4921
After 7202 1320 8522
Ford B Before 3636 810 4446
After 7272 810 8082
Wafer Before 5731 1433 7164
After 11462 | 1433 | 12895
Cycle Before 400 400 800
signal After 800 400 1200
2. Experiment results
2.1 Comparative results
Table 3. Ford A
(Alzzﬁ"aﬁy) MLP | FCN C1NDN EZ?
Smirnov, 2018 [8] 0.72 0.80 - -
Wenninger, 2019 [9] - - - 0.93
Fawaz, 2019 [10] 0.73 0.90 - 0.92
Our method 0.84 0.93 | 0.93
Table 4. Ford B
(AFc(Z[ﬁ"alzy) L= HAN C1NDN EZ?
Smirnov, 2018 [6] 0.72 0.79 - -
Wenninger, 2019 [7] - - - 0.82
Fawaz, 2019 [8] 0.60 0.88 - 0.91
Our method 0.74 | 0.91 0.80 0.83

Table 5. Wafer

(AZZifrearcy) MLP | FEN | i | et
Smirnov, 2018 [6] 0.97 0.96 - -
Wenninger, 2019 [7] - - - 0.99
Fawaz, 2019 [8] 0.99 0.99 - 0.99

Our method 099 | 0.99 0.99 1.00
Table 3, Table 49} Table 5= & ATo|A AQtsh=

712 RS} e ATOIN Akt BEEe] g5
Rlotet mEEL Xy

27 vlwg sigik & Aol e A
QT Akte BRSUC B8 sl PYEe o

QI5Iit. Ford AdlM= EHES 7|E02 A% A<t
Blustd MLP= of 11~12%, & ALl 29
9l ResNetZ 9oF 1~2% Z7} LTt Ford BojA]
MLP= 14%, FCNS 11% 3HJE|Qith WaferoA=
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2.2 Data augmentation evaluation and results
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Table 6. Comparison between Original Dataset and Augmented Dataset experiment results (Ford A)

Ford A MLP FCN 1DCNN ResNet

Accuracy 0.842 0.904 0.937 0.936

Original method Precision 0.835 0.902 0.924 0.935
Recall 0.842 0.904 0.937 0.923

F1 Score 0.835 0.902 0.924 0.925

Accuracy 0.865 0.915 0.942 0.944

Scaling Precision 0.843 0.913 0.925 0.935
(Augmentation) Recall 0.865 0.915 0.943 0.944
F1 Score 0.854 0.913 0.935 0.923

Accuracy 0.862 0.914 0.945 0.953

Jittering Precision 0.863 0.911 0.944 0.945
(Augmentation) Recall 0.855 0.914 0.931 0.953
F1 Score 0.854 0.912 0.933 0.952
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Table 7. Comparison between Original Dataset and Augmented Dataset experiment results (Cycle Signal)

Cycle Signal MLP FCN 1DCNN ResNet

Accuracy 0.985 0.987 0.995 0.996

Original method Precision 0.995 0.997 0.995 0.996
Recall 0.952 0.884 0.887 0.995

F1 Score 0.997 0.931 0.935 0.995

Accuracy 0.994 0.996 0.996 0.998

Scaling Precision 0.997 0.996 0.994 0.998
(Augmentation) Recall 0.998 1.000 1.000 0.997
F1 Score 0.998 0.995 0.994 0.997

Accuracy 0.999 0.999 0.999 0.999

Jittering Precision 0.996 0.994 0.992 0.999
(Augmentation) Recall 1.000 1.000 1.000 1.000
F1 Score 0.992 0.994 0.993 0.998

Table 8. Comparison between Original Dataset and Augmented Dataset experiment results (Ford B)

Ford B MLP FCN 1DCNN ResNet

Accuracy 0.734 0.912 0.805 0.836

Original method Precision 0.725 0.913 0.792 0.835
Recall 0.734 0.912 0.805 0.824

F1 Score 0.725 0.913 0.792 0.825

Accuracy 0.745 0.924 0.816 0.844

Scaling Precision 0.723 0.925 0.811 0.835
(Augmentation) Recall 0.741 0.924 0.816 0.844
F1 Score 0.733 0.925 0.802 0.835

Accuracy 0.747 0.927 0.835 0.846

Jittering Precision 0.745 0.925 0.832 0.833
(Augmentation) Recall 0.736 0.927 0.825 0.846
F1 Score 0.732 0.925 0.824 0.842

Table 9. Comparison between Original Dataset and Augmented Dataset experiment results (Wafer)

Wafer MLP FCN 1DCNN ResNet

Accuracy 0.995 0.997 0.998 0.999

Original method Precision 0.995 0.997 0.996 0.999
Recall 0.985 0.985 0.988 0.987

F1 Score 0.995 0.997 0.996 0.998

Accuracy 0.996 0.997 0.998 1.000

Scaling Precision 0.994 0.998 0.996 1.000
(Augmentation) Recall 0.985 0.984 0.998 1.000
F1 Score 0.986 0.982 0.996 1.000

Accuracy 0.997 0.998 0.999 1.000

Jittering Precision 0.994 0.996 0.994 1.000
(Augmentation) Recall 0.985 0.987 0.999 1.000
F1 Score 0.995 0.997 0.994 1.000
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V. Conclusion
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