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The Fourth Industrial Revolution and sensor technology have led to increased utilization of sensor data. In our modern society,
data complexity is rising, and the extraction of valuable information has become crucial with the rapid changes in information
technology (IT). Recurrent neural networks (RNN) and long short-term memory (LSTM) models have shown remarkable perform-
ance in natural language processing (NLP) and time series prediction. Consequently, there is a strong expectation that models
excelling in NLP will also excel in time series prediction. However, current research on Transformer models for time series
prediction remains limited. Traditional RNN and LSTM models have demonstrated superior performance compared to Transformers
in big data analysis. Nevertheless, with continuous advancements in Transformer models, such as GPT-2 (Generative Pre-trained
Transformer 2) and ProphetNet, they have gained attention in the field of time series prediction. This study aims to evaluate
the classification performance and interval prediction of remaining useful life (RUL) using an advanced Transformer model. The
performance of each model will be utilized to establish a health index (HI) for cutting blades, enabling real-time monitoring
of machine health. The results are expected to provide valuable insights for machine monitoring, evaluation, and management,
confirming the effectiveness of advanced Transformer models in time series analysis when applied in industrial settings.
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<Figure 2> The Structure of LSTM and Memory Cell
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<Figure 3> GPT-2 Structure
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<Table 2> Dataset sensor list

w7l ek o] 9tk B Aol 71 Be golEe No. Variable name Variable meaning
AN ] 9}\9«‘#, = WAz 71 =4 717+ 7HA mode 1 pCut: Motor Torque Blade motor torque _
I HlolEl S Hejste] 4o Fgahglnh 2 | pCut: Lag emor | Delay emor of the blade posicon
controller
] 3 Cut: Actual positi The actual position of the blade
<Table 1> Dataset Information by Mode plut: Actual posttion position controller
- ) The actual velocity of the blade
Dataset No. | Samples Cycles Period (days) 4 pCut: Actual speed position controller
Mode 1 1,349 100 356 . ... | The actual position of the film supply
Mode 2 121 100 357 5 | pSvolFilm: Actual position machine
Mode 3 70 100 210
. The actual speed of the film supply
Mode 4 12 100 13 6 pSvolFilm: Actual speed machine
Mode 5 60 100 342
7 pSvolFilm: Lag error The delay error of' the film supply
Mode 6 18 100 134 machine
Mode 7 3 100 1 8 pSpintor: VAX speed | The rotational speed of the turntable
Mode 8 6 100 1
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<Figure 10> Trend Graph by Sensor
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<Table 3> Stepwise Backward Elimination (Step 1)

Sensor No. Coefficient P-value
1 0.0009 0.001
2 -0.0000 0.188
3 0.0000 0.986
4 0.0003 0.203
5 -24 0.898
6 -0.724 0.420
7 -0.0011 0.193
8 1.81 0.424
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<Table 4> Stepwise Backward Elimination (Step 2)

Sensor No. Coefficient P-value

1 0.0009 0.001
2 -0.0000 0.153
3

4 0.0003 0.197
5 24 0.896
6 -0.726 0.410
7 -0.0011 0.180
8 1.81 0.419

<Table 5> Stepwise Backward Elimination (Step 3)

Sensor No. Coefficient P-value

1 0.0009 0.001
2 -0.0000 0.151
3

4 0.0003 0.183
5

6 -0.737 0.398
7 -0.0011 0.177
8 1.79 0.421
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<Figure 11> The Combined Graph of the Original Data (left) and the Graph after Applying Absolute Value Transformation

(right)
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<Figure 13> Pattern Classification Based on Cluster Analysis
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mjsteg o|akzke] £V ¢ HA HAAuE AL vE <Table 6> Pattern classification performance by model

ek s 32 A o] 0.1 mwkelal B gho] 337 o3l Pattorn

A92 B el N1FUE 2AGuE ol dgte] vrhhe | Mo i 2 3 4

37 A AAJT Edlol=9 Zs F717t RNN 0.7442 0.8122 0.8648 0.9016

Zrold A& ThE o] Akgk E—E ko] 74A0] Folyomw LSTM 0.7373 0.7726 0.8441 0.8624

3 Abo] 2 Yo Al F A9 o)Atz By = sholst 4= gt} GPT-2 0.8345 0.8472 0.8718 0.9275
3 BdskE= o] u Adsith e 4= A Zro] 0.1 v ProphetNet 0.8462 09118 0.9348 0.9957

o]iL B #ko] 337 mIwkel A2, sjE 304 YEhE F
e} ol gk X 7He 7&?401 HAp FolA o] dgke] YEt JHs BFT AL8-E]= RNN, LSTM, GPT-2,

U= 3717} #olA e FHolmg o]& Byol=9] 1173 ProphetNet 2] A5S Hwsl7] ) Fl-score2] A
o2 garagt S5 ARSI Ul BRI B EEEE Hok o

hke] dlolEl Aol = 1007 9] AbelZo] E3HE o] 9o Al ARES ARESHlon, 5-fold ﬂx} A% wEe A
w, e 1, 2, 3 47F Ao E vehda, dd 0§29 skl 8Sit) diolHAlY AbolE S SeR R et



134 Sun—Ju Won

o] s AS Tl 4 AEE gs AAtsta, o] 59
Hitg abEdte] Rl s vlassitt

AUEE At REEe] Y &7 oS v
73, ProphetNet 2 o] 71 -3 Adss Btk e
17 2 oy 27} vl frAlste] s 33} 450} v

A o] ol gk siE 15H 47 E 7P 2 RSt
24 ProphetNet E &S MElst= Zlo| 71 A4

sfrha AekE ek

fr R

{0

Fl-score®] AA&S 283to] ojsrd WeE 73
dZstAtt A& AAZ A AE TN o] A
3] oz 53 AZ] HES et e 1t
=1 W9l 73t SN AP ES AFEShE ol Al
wol AAlz 1 W ) o] A3 Fow oFdh=
Aol Ta8k7] witoltt. mEkA, A eo] 2 RS

”H ﬂtﬂ x}oq °
dof agjEE Xéﬂf‘s}?iv} e 19] gl W
= Q@ go] 7HE = FHE 51~60 AtolE 7lolth T
3t

, Aol 7 £ 2P ProphetNet ZE o]t}

Mol F7 a2 AL A5

<Table 7> Prediction recall of residual life range for Pattern 1

- Yong Soo Kim

dioly el A siel 27} vepur] AlAHE gl
) o 5o Aol Alo]EE oF 70 AlolE S HA &
wpeba], ol ME7E 70 AlolE oo R o 5E 7]’%
Ae Ae ek dF AR ge] 7 =L 77 21-30
AbolE 1ol o] £ EEl A& ProphetNet,

GPT-2, RNN, LSTM o]t}

<Table 8> Prediction Recall of Residual Life Range for

Cycles RNN LST™M GPT-2 ProphetNet
1~10 0.1203 0.0851 0.1332 0.1468
11~20 0.2757 0.1261 0.3119 0.3351
21~30 0.5285 0.5264 0.5537 0.5673
31~40 0.6449 0.6087 0.7044 0.7219
41~50 0.9427 0.9514 0.9581 0.9587
51~60 0.9828 0.9799 0.9921 0.9969
61~70 0.8739 0.8049 0.9447 0.9637
71~80 0.8542 0.7847 0.8867 0.9093
81~90 0.5588 0.5229 0.6177 0.7178
91~100 0.2405 0.1293 0.2604 0.3026
s RNN LSTM GPT-2 ProphetNet
1.0 =
09 aun

1~10 11~20 21~30 31~40 41~50 5160 61~70 71780 81~90 91~100

<Figure 15> Graph of prediction recall for residual life
range of Pattern 1

Pattern 2
Cycles RNN LST™M GPT-2 ProphetNet
1~10 0.6234 0.6409 0.6576 0.8916
11~20 0.6848 0.8571 0.8651 0.9366
21~30 0.9741 0.9457 0.9827 0.9853
31~40 0.9133 0.7785 0.9253 0.9395
41~50 0.8245 0.7657 0.8838 0.9123
51~60 0.7031 0.5315 0.7177 0.7203
61~70 0.5041 0.4025 0.5192 0.5537
o RN N LSTM GPT-2 ProphetNet
1
09
08
07
06
05
04
03
0.2
0.1
0
1~10 11~20 21730 31~40 41~50 51~60 61~70

<Figure 16> Graph of Prediction Recall for Residual Life
Range of Pattern 2
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<Table 9> Prediction Recall of Residual Life Range for

Pattern 3
Cycles RNN LSTM GPT-2 ProphetNet
1~10 0.9402 0.8958 0.9517 0.9914
11~20 0.7328 0.6436 0.7414 0.7899
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<Figure 17> Graph of Prediction Recall for Residual Life
Range of Pattern 3
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<Table 10> The weights for each pattern derived by combining
the scale and recall of the ProphetNet model(«)

Pattern
Scale Cycles ] > 3
1 1~10 0.1468 0.8916 0.9914
2 11~20 0.3351 0.9366 0.7899
3 21~30 0.5673 0.9853
4 31~40 0.7219 0.9395
5 41~50 0.9587 0.9123
6 51~60 0.9969 0.7203
7 61~70 0.9637 0.5537
8 71~80 0.9093
9 81~90 0.7178
10 91~100 0.3026
@ 39.6879 22.2379 2.5712
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<Table 11> The Ratio of Each Pattern as the Cycle
Progresses (/3)

Cycles By B, B3 By
1 1/1
2 2/2
3 3/3
38 38/38
39 38/39 1/39
40 38/40 2/40
41 38/41 3/41
83 38/83 45/83
84 38/84 45/84 1/84
85 38/85 45/85 2/85
86 38/86 45/86 3/86
89 38/89 45/89 6/89
90 38/90 45/90 6/90 1/90
91 38/91 45/91 6/91 2/91
92 38/92 45/92 6/92 3/92
100 38/100 45/100 6/100 11/100
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<Table 12> HI Score as the Cycle Progresses
Cycles HI score
1 100
2 100
3 100
38 100
39 63.3669
40 62.6805
41 62.0276
83 48.8117
84 46.3554
85 45.8569
86 45.3700
89 43.9751
90 42.3754
91 40.8108
92 39.2803
100 28.1378
100 m
50 |
80
70 |
80
50 |
40
36 |
20
10 |
o 20 40 &0 8¢ 100

<Figure 18> HI Score Graph as the Cycle Progresses
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Ol

6. QE al x

=

o7

AAL 5 Zokst Aol Ag] ool A 7]=2] RNN
3 LSTM Edlo] o] ARS8 o Bttt
Al Aol Al EopAE Edxn Rdo] ot
Aee Bk 23y AAIE ool By Rls
&3 A= o4 wol o] FojAA egken], EANAS
22 vlElolE 24 okl Ao 5ol A dxH
ottt mebd, EdAgy Rdlg 7nko s 3 A
d= dve= ASeM P glen, BHE Ed
= 2

Al GPT-2%} ProphetNet 22 o] A AE oS

]

(S DU

|>

[ =t

o
N
—_
8
01’1'}‘] ol
O

i =
o
e Lt
ofo

_0|L

2

>

di td
SO )

tr &
&
)

>
ol
32
o
=
o

5 & ProphetNet &
o] Ad &S &t om, o5
Edlo]=9 A7 FHE ST
stttk AlQke T2 AT AAE |

wA8kE H ol &tk As ER1E e

0|5 Zgato] Ak Buo|=e] 77 FElE oZ8h= HI
= 7T 5 i ol d ZRAAE VA AAY
HelEHE F1E §, dag volee] Axe] #4& F3
sha sEe ERste] 7179 dEE AAteR BUE
Foti B o FARTFE EFT VIAY el
A A el d B AR FoklA =l
g Ao g

& AT HIE 283te] A4 1% JeE adse
AL 7hsepA R, Aoles A dFahe Bl gl
ofgFol Ark wEhA, 5 Aol e eln WS
TR A EehHs Aol opdd ejH AAE Aot 5T
+ e 2l A A8 #7149 54 we sk
e 7Y 5o 28 7 e e 2avt Al
olE 7Nt R S Aoy #eE AT 5 ol A
A A7 7he @ AR AlRdEn

Acknowledgement
This work was supported by the GRRC program of

Gyeonggi province. [GRRC KGU 2023-B01, Research on
Intelligent Industrial Data Analytics]

References

[1] Abiodun, O.I., Jantan, A., Omolara, A.E., Dada, K.V.,
Umar, AM., Linus, O.U., Arshad, H., Kazaure, A.A.,



[10]

(11]

[12]

A Study on the Health Index Based on Degradation Patterns in Time Series Data Using ProphetNet Model 137

Gana, U., and Kiru, M.U., Comprehensive review of
artificial neural network applications to pattern recog-
nition, IEEE Access, 2019, Vol. 7, pp. 158820-158846.
Ahn, HJ., Kim, H.B., Jung, D.W., Kim, D.J,, and Lee,
D K., Development of Artificial Intelligence-Based
Anomaly Detection Method for Aerospace Systems,
Korea Aerospace Research Institute, 2019.

Alqudsi, A. and El-Hag, A., Application of machine
learning in transformer health index prediction, Energies,
2019, Vol. 12, No. 14, p. 2694.

Bohatyrewicz, P. and Mrozik, A., The analysis of power
transformer population working in different operating
conditions with the use of health index, Energies, 2021,
Vol. 14, No. 16, p. 5213.

Chandar, S., Sankar, C., Vorontsov, E., Kahou, S.E.,
and Bengio, Y., Towards non-saturating recurrent units
for modelling long-term dependencies, Proceedings of
the AAAI Conference on Artificial Intelligence, 2019,
Vol. 33, No. 01, pp. 3280-3287.

Chen, G., A gentle tutorial of recurrent neural network
with error backpropagation, arXiv preprint arXiv, 2016,
1610.02583.

Fang, W., Chen, Y., and Xue, Q., Survey on research
of RNN-based spatio-temporal sequence prediction algo-
rithms, Journal on Big Data, 2021, Vol. 3, No. 3, p.
97.

Jahromi, A., Piercy, R., Cress, S., Service, J., and Fan,
W., An approach to power transformer asset management
using health index, [EEE Electrical Insulation Magazine,
2009, Vol. 25, No. 2, pp. 20-34.

Jana, RK., Ghosh, I, and Wallin, M.W., Taming energy
and electronic waste generation in bitcoin mining: Insights
from Facebook prophet and deep neural network,
Technological Forecasting and Social Change, 2022,
Vol. 178, p. 121584.

Jang, S.M., Moon, J-H., and Sohn, K-A., Comparison
of Transformer and LSTM for threat detection and traffic
prediction on long time-series data, Journal of Korean
Institute of Next Generation Computing, 2021, pp. 18-21.
Jin, Y-H., Ji, S-H., and Han, K-H., Time Series Data
Analysis and Prediction System Using PCA, Journal
of the Korea Convergence Society, 2020, Vol. 12, No.
11, pp. 99-107.

Jung, LK., Park, D.K., and Jun, D.B., Performance of
Pairs Trading Algorithm with the Implementation of

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

Structural Changes Detection Procedure, Journal of The
Korean Operations Research and Management Science
Society, 2017, Vol. 42, No. 3, pp. 13-24.

Kim, Y.S. and Park, K.S., The Multivariate Sensor Data
Classification using Time Series Imaging, Journal of
Korean Institute of Information Scientists and Engineers,
2022, Vol. 49, No. 8, pp. 593-600.

Lim, J., Kim, LK., Lee, M.H., Ha, M., and Lee, J K.,
Performance comparison of network anomaly detection
using BERT, LSTM and GRU, Journal of Korean
Institute of Communications and Information Sciences,
2022, pp. 1268-1269.

Mizuno, T., Fujimoto, S., and Ishikawa, A., Generation
of individual daily trajectories by GPT-2, Frontiers in
Physics, 2022, p. 1118.

Murugan, R. and Ramasamy, R., Understanding the pow-
er transformer component failures for health index-based
maintenance planning in electric utilities, Engineering
Failure Analysis, 2019, Vol. 96, pp. 274-288.
Naderian, A., Cress, S., Piercy, R., Wang, F., and Service,
J., An approach to determine the health index of power
transformers, Conference Record of the 2008 IEEE
International Symposium on Electrical Insulation, 2008,
pp- 192-196.

Oh, H-W. and Kim, W-S., A Study on the Small Motion
Classification Model based on Time Serial Data, Journal
of Korean Institute of Communications and Information
Sciences, 2022, pp. 949-950.

Qi, W, Yan, Y., Gonkg, Y., Liu, D., Duan, N., Chen,
J., Zhang, R., and Zhou, M., Prophetnet: Predicting future
n-gram for sequence-to-sequence pre-training, arXiv pre-
print arXiv, 2020, 2001.04063.

Rediansyah, D., Prasojo, R.A., and Abu-Siada, A.,
Artificial intelligence-based power transformer health in-
dex for handling data uncertainty, IEEE Access, 2021,
Vol. 9, pp. 150637-150648.

Sandoval, R.M., Garcia-Sanchez, A.J., Garcia-Haro, J.,
and Chen, T.M., Optimal policy derivation for trans-
mission duty-cycle constrained LPWAN, [EEE Internet
of Things Journal, 2018, Vol. 5, No. 4, pp. 3114-3125.
Saqlain, M., Jargalsaikhan, B., and Lee, J.Y., A voting
ensemble classifier for wafer map defect patterns identi-
fication in semiconductor manufacturing, /EEE Transac-
tions on Semiconductor Manufacturing, 2019, Vol. 32,
No. 2, pp. 171-182.



138

(23]

[24]

[25]

[26]

Sun—Ju Won

Sherstinsky, A., Fundamentals of recurrent neural net-
work (RNN) and long short-term memory (LSTM) net-
work, Physica D: Nonlinear Phenomena, 2020, Vol. 404,
p. 132306.

Tan, C., Deep Reinforcement Learning with Copy-ori-
ented Context Awareness and Weighted Rewards for
Abstractive Summarizatio, Proceedings of the 2023 2nd
Asia Conference on Algorithms, Computing and Machine
Learning, 2023, pp. 84-89.

Xiao, J. and Zhou, Z., Research progress of RNN language
model, 2020 IEEE International Conference on Artificial
Intelligence and Computer Applications (ICAICA), 2020,
pp. 1285-1288.

Yi, D-H., Yu, Y.S,, Ko, Y.D,, Jo, HK., and Park, C.S,,
Classification of Building Energy Pattern based on Robust
Regression and Time series clustering, Journal of the
Architectural Institute of Korea, 2020, Vol. 40, No. 2,
pp. 392-393.

- Yong Soo Kim

[27]

[28]

[29]

Yoo, I-J. and Park, D-H., Derivation of Digital Music’s
Ranking Change Through Time Series Clustering,
Journal of Intelligence and Information Systems, 2020,
Vol. 26, No. 3, pp. 171-191.

Yook, H.N., Kim, Y-J., Choi, Y.S., Oh, JW., Lee, K.,
and Ha, S.L., Comprehensive Studies on Reliability of
Cutting Blade According to the Material of Knife Mill
Used in Biomass Pretreatment Process, Transactions of
the Korean Society of Mechanical Engineers, 2022, p.
171.

Zhang, M. and Li, J., A commentary of GPT-3 in MIT
Technology Review 2021, Fundamental Research, 2021,
Vol. 1, No. 6, pp. 831-833.

ORCID

Sun-Ju Won
Yong Soo Kim

| https://orcid.org/0009-0002-2688-2016
| https://orcid.org/0000-0003-3362-4496





