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Remaining Useful Life Estimation of Facilities Based on Reasoning Over Temporal Graphs

LIU Yu-Meng"*? ZHENG Xu* TIAN Ling® WANG Hong-An"?

Abstract Remaining useful life (RUL) estimation is an important component of the prognostics and health man-
agement (PHM) of large-scale equipment, which is of great significance for equipment maintenance and avoiding
catastrophic failures. In this paper, a multivariate similarity temporal knowledge graph model (MSTKG) is pro-
posed for remaining useful life evaluation. The model can capture the dynamic information such as time-evolving
changes in the coupling relationship and stability of the various components of the equipment, and mine the equip-
ment performance degradation information accordingly. Firstly, a temporal and sequential graph structure is de-
signed to capture the relationships among multiple sensors in adjacent time period, and to formally represent the
evolving correlations among different components in continuous working cycle. Secondly, we propose a deep infer-
ence network which integrates relation-aware convolutional neural network (CNN) and gated recurrent unit (GRU).
The inference network explicitly learns the spatial and temporal evolution of the state of each component of the
equipment. The results of remaining useful life estimation are obtained by integrating regression analysis. Finally,
compared with existing estimation methods, the proposed method is able to explicitly model and utilize the chan-
ging information of equipment component coupling relationships. Extensive evaluation results on benchmark show
that the proposed model outperforms previous solutions on RUL estimation.
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Structure of MSTKG model
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Table 1 The description of CMAPSS sensor data bl Iﬁéﬁ%i@ﬁl}lﬁ?&, BRREEOKE LRE
e iR Hiik N5, K SWEN L, KAMH R EN 10, ¥
1 T2 JRUA I T RULya WE ¥ 125, BEALIE B E 4 (FDOO1.
2 T24 MG HE RSBt 1L FD002. FD003. FD004) 1] 80% 1 20% 4 H{E N
3 T30 o R AL LR I BRI EE.
4 T50 IR H TR 2 XT T 7 B g 5 4y, MR AN 4ES 4 WE A
b P2 B R ) 100, GCN I EHEE N 2, dropout FEEN
6 P15 HRIE ) 0.2, BB DT L KE m W N 7, fEE R
7 P30 RIS TBL Ry PR FE AT H— A AL 3. ] Adam 3 T2 805 2],
8 NE KRS A S R E N 0.001, H HL AT FH A 4 5 ke g 4
9 Ne [N 30 T P R
o o FAIURIELE HUR, AE A5 BT B, A AR R
1 Pes0 PRI (LI I H MLP #4T RUL [ B,
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u NRe BB Bt 3 ) 3% B T 5 RN 285 o 7 P4 10 8 ) 485 A G
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16 farB T CNN (2016)", CNN-FNN" #¥ i [7] 2 20 4%
17 htBleed s A BR AT B ERAE, P FNN X} RUL @47
18 NE_dmd TR .
19 PCNR_dmd 95 RS B TE i DCNN-FNN® g fl 25 & CNN # e ik
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21 W32 R PRI A 1WA R ) P I AR .
LSTM-FNNP ffi il LSTM B4 % 1% 8 #% B s
#* 2 CMAPSS #E&Et 4 M FENATER AT AL DLE FE R 7 SRR A Jf Hoad i

Table 2  Detailed information of four subsets of
CMAPSS dataset
whkss sty e e W
FD001 1 1 21 100 100
FD002 6 1 21 260 259
FD003 1 2 21 100 100
FD004 6 2 21 249 248
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| RUL ##%, BI%t RUL [t K EIR{E W E AN 125,
(RULpax = 125).
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NZBR PR %G 2 ML, CAIG B 7 AT I 25,
H 2l AR FRIC 1 S 46 I 5 24 3 BUR A0 A 5 1
FFAIE.

Autoencoder® it 7o B 77 202 — X
] LSTM, X e e % (Health index, HI) #h kit
ITHEEAE, SR 5 456 5 T AHALRE B i ZG I RC R DL &
TGRSR RUL.

GCU-Transformer® j@ it & F1 ] 42 32 U= 3
FFAE, R Transformer 11455 /2 X 5 4% 82 40
P UL S SR SRR AT SR, o S5 50 FH B J2 4 48 DX 5%
fiEh 43 %] RUL.

3.2.3 1M IEFR
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1 e
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Fig.3  Sensor monitoring data for engine unit 1 of FD001
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Table 3  Comparison of experimental performance on the CMAPSS dataset
. FDO001 FD002 FDO003 FD004 Ty
WH Tk
RMSE Score RMSE Score RMSE Score RMSE Score RMSE Score
CNN (2016)" 18.45 — 30.29 — 19.82 — 29.16 — 26.74 —
LSTM-FNN® 16.14 338.00 24.49 4450.00 16.18 852.00 28.17 5550.00 23.42 3745.33
CNN-FNN! 12.61 274.00 22.36 10412.00 12.64 284.00 22.43 12466.00 19.63 8266.02
Autoencoder! 14.74 273.00 22.07 3099.00 17.48 574.00 23.49 3202.00 20.88 2378.27
RBM-LSTM-FNN®! 12.56 231.00 22.73 3366.00 12.10 251.00 22.66 2840.00 19.76 2297.47
DCNN-FNN® 12.61 — 28.51 — 12.62 — 30.73 — 24.79 —
MODBNEF 15.04 334.00 25.05 5585.00 12.51 422.00 28.66 6558.00 23.13 4453.32
DBNE 15.04 334.00 25.05 5585.00 12.51 421.00 28.66 6557.00 23.13 4452.83
RULCLIPPERF" 13.27 216.00 22.89 2796.00 17.48 574.00 23.49 3202.00 20.97 2259.21
Autoencoder?! 13.58 228.00 19.59 2650.00 19.16 1727.00 22.15 2901.00 19.58 2264.92
GCU-Transformer” 11.27 — 22.81 — 11.42 — 24.86 — 20.29 —
AR T 16.69  497.49 18.70 1605.91 17.48 651.70 20.86 2384.60 19.00  1587.31
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Table 4 Phased RUL prediction RMSE
P B FD001 FDO002 FD003 FD004 T2
JSEEN 16.69 18.71 17.48 20.86 18.44
A 30% 19.57 23.11 19.85 23.86 21.60
J& 70% 15.30 16.48 16.37 19.44 16.90
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Table 5  Experimental ablation study on different
structures on FD002
BORLE RMSE PEREREAIC
Ours 20.86 —
Ours w/o relation evolution 23.40 —2.54
Ours w/o relation 23.04 —2.18
Ours w/o origin input 21.85 -0.99

1) Ours w/o relation evolution, 1%7H fili 25 #4155
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2) Ours w/o relation, VM A& F XA H o< &
HAE S, BIERBCR /A S IEER, JFHAE
EVAE A GINERS R RIGA. 7E FD002 Hfii 14
b, RMSE PEREFEAIR T 2.18. IXURE T 745 4[] Rk

KARMA PFHEE S, AT RUL B0l [F A4 50,
I B I FZ MR FE R AIS T 98 R (V5 AR RRALE .

3) Ours w/o origin input, 1% mlgh AN FK 7
GEEAR AN T SR RN R G RIR A AL E GRU,
RIAN 5 FRE N 0 vh 28 5 109 (S B, 72 FDO002 %
P14, RMSE PEREFFMK 1 0.99, KB 5] AR
RS BRI RUL T4 2R

3.5 R

Iy BT AR IS T SOREE 5 % 45 RUL X R R,
53 B FDO03 M+ S+ 1 39 5 F1 47 5 K& 3))
LR TTHEAT 700, 45 Rl 5 Fios.

FDO0O03 MK F & 1 39 5 KL H 6 M
RUL @1l 5(a) Fizr, RUL BITFAE 120 B35 F
BF 2 20, #E H S92 RUL. [AI, Af LUK IAL A% Y
R ORI OC R B0 H 1 A O ) AL JE A8 4k, B
RN 55 RO AR (1 L I G n (1 5(b)
(0 ~ 4 A 5(c) F1#9 0 ~ 3). Bk, 7T LA B
BB BEE T AR AL, LR R A O R
PLZERE. T MSTKG #8 Rets 78 0 FI H IX — 15 2,
2 )N SRR, 4T RUL T

FDO003 IR T4 1 47 5 REIHLHA G RUL
Wl 5(d) B, RUL BITIME 4ERR7E 105 ~ 110 2
6], A H U MR R AL, RN, AT LR IR K AS
T R B OG R A YEFETE — A AR Va5
WK 5(e) 1, RN 5 ~ 9 BYIRIHLT SO0 EE
B AERELE 0.6 22 4. T 5(f) W, =FhocBAE
B () o5 e FRE RO AR E , 59 S BROCERI T S0 G
43 3:4:3. T MSTKG R A% Iz BT A e Bk
FeE t, HATHRON R RUL .

AN, B — BT AR o, WERTE R Bhblia
AT WA TR M B 22 8] S B AR 6t 1 20 A A8 4k, DA
FD004 H 1 229 5 K BhHLE T AG], HAAEA4L 0
Kl 6 Frox. TERENHLEAT 1, Joie 2 i e —Fr
BRI 32 DU B BRI 0, A RS AR AE 22 1] (R A i
B9, RFAERI I DTW B B A /N LR, &
T 38050 AT . Bl I TR 1R A A 15 46 98 4% 75 i (1)
TR, BN R, BB/ DTW BEES, S0 %M
AR b R BRFAIE 22 18] (A 38 M S T ek 5 . 5 2 AR
BRI R RBEIE 2 | B A& RRAE A AR G B ) T
ToF. MSTKG 8 e % R AE X Fh ¢ RAK AR 4L,
e L8 FH T A T

2z b, AR MSTKG 75 5 Re % 784 F A%
JERER T RUIRAS KRB R R L, RIL & A
) A R A S L, S2 3% RUL T, ok B 8 = 4%
TR T I e .



86 H /A 50 %
160 0.8 .
=120 =07 — K&KR5-9
2 100t =
B = 0.6
80 r '_E"“H
ﬁ\? 60} . g 0-9
& 40p T FLAE K 4
= o0} — Mt 0. :
0 - - - - - 034 ———— o : 01— — —
0 50 100 150 200 250 300 0 50 100 150 200 250 300 0 50 100 150 200 250 300
B17 1847 A BT
(a) FD003 39 5 &zl RUL i (b) FD003 39 F K ALK R4 (c) FD003 39 5 KK R =04
(a) RUL prediction of FD003 unit (b) Association relationship two (c) Association relationship three
39 engine group statistics of FD003 unit group statistics of FD003 unit
39 engine 39 engine
160 0.8 e 0.7 YR0-3
= 140} — KF0-~4 R
%120_ _ 07t — %E5_9 _ 067 %R 46
Lo 3 505 — RRT7-~9
B =06} =
~ 80t = 204r
jg 60 %05 $03->;ﬂw\gw
d dop O HMHE Kl K
= 20 fliTHA ’ 0.2}
0 _ o3b—m——— b
0 10 20 30 40 0 10 20 30 40 50 0 10 20 30 40 50
247 A 217 5 3] BT
(d) FD003 47 5K #hHl RUL il (e) FD003 47 ‘5 RBNHIK R /4 (f) FDO03 47 5 KBINLK R =504
(d) RUL prediction of FD003 unit (e) Association relationship two (f) Association relationship three
47 engine group statistics of FD003 unit group statistics of FD003 unit
47 engine 47 engine
Bl 5 FDO003 1 39 541 47 ‘5 A BIHLE TG T4 R4
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Table 6  Model prediction performance with different
parameter settings

I ) K I B B 15 R I 8] A%k RMSE
5 1 1 24.34
5 1 5 21.37
5 1 7 20.85
5 1 10 22.06
5 3 7 22.81
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