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Anomaly Detection of Pumping Well Motor Data Based on Interpretable USL

YUAN Chunhua, FENG Bowen, LI Xiangyu

( Shenyang Ligong University , Shenyang 110159, China)

Abstract; Long-term operation of oil wells can lead to abnormal conditions in the sucker rod pump

system. These abnormalities are associated with the continuous degradation of equipment. However,

it is still difficult to analyse and interpret the specific causes using data-driven deep learning meth-

ods. To detect such abnormal conditions promptly and accurately and to deduce the level and type

of faults,an anomaly detection method for the motor power of oil wells is proposed based on an in-

terpretable unsupervised Shapelet learning (USL) algorithm. Initially, the USL is improved using

extracted prior knowledge. Subsequently ,the USL is combined with a one-class classifier to form an

anomaly detection algorithm based on interpretable USL ( AD-IUSL ), which can simultaneously

learn Shapelets and anomaly thresholds. This study validates the proposed method using electrical

power data from oil wells with two different abnormal conditions. Experimental results demonstrate

that the proposed algorithm achieves an F1-score of 0. 969 and can explain the potential reasons for

two types of anomalies based on the learned Shapelet feature.
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Fig.1 Mechanism model of sucker rod pump system

x1 ANRMBRZHTIZE

Table 1 Variables in the sucker rod pump system
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Fig.2 Minimum decision variable group simulation curves

2.3 EWAMIAFERT
3 (2) g ss iy BRAR 45 48 [n] A i FRR 5 | A
— N IENAL IR AR, /N RG4S
B TR B 1 7 A ACTE R T e 0 (2) 2
5k
v’ =arg€nin viCyv +a, | v, +a, | DX ||,

s.t. viv=1 (10)
AP o, HIEMLI R X e RYY, S i 1E] Fr 41
Bl g, Hoh N A 18] R 91 B8 48 vt 1] 8 1
Kok, M Ry B A B RT 5 09 8Os A 8G D e
R SR SEs HAR AR M, Horh v R iR/ R GEUUR
At BRCE , MRAEEC(9) , AP Se e e i T i
(] )3 2] 1) 77 A A ) ) 27) b G B ) A
Jf27 ] B RE AL & X BETT 15 1Y Shapelet H#1E ] & v,
Il HARFRE ) i v * 878 AR R YUR 45 49 15
%] Shapelet, ik R

o=Ind(v") (11)
.o 27 > 21 Shapelet; Ind () 37~ 18 718 R
B, G AR 1, A IAE S 0,

3 HETFAARBEM USL BREHNEE

1 USL @il A S w5 R vp | 8 e e AR S R
1) Shapelet F AL e, Hk 3 ) AD-TUSL 1Y
4= )5 B br ek %L, [\ B 22 2] 2 5 A ] AR B
Shapelet FFAFEFR 5 B, &5 FHIGE T Hitk B H
J5 SR AR I H bR pR AR
3.1 Shapelet #41%]

Shapelet 4 AL A< 5T S — Fof 5 B 25
SCHRR R B2 B, 0 T 25 KB R 1 R A ] R
51 1¥) Shapelet, ¥ ML 215200

k+-1
1

d)g-(o-k’Xj) = Z 7” Xj — 0y ”; (12)

j=k

K¢, (+) K7 Shapelet B4 BREL; X, KRR K
A TE) P 80 B 265 s #5; o, #278 Shapelet [F) 2

WEWE AL KR 2) #E -2 2A 0 AR
KE1,(g=1,2,---,0) Y Shapelet £& , I H 46 bR
WERIBHEE @, (D, e RVO) 1] Fm K
D (0,X)= ‘11)0 Q(O-kq,lq’Xi,j) (13)
Kifrio, |, FOR KR 1, KBRS k, (1955
g 1> Shapelet; X, /<56 i DIFEFS) X, 1946 j 1
A C I
3.2 HirE#H
TEE A HLH AY LA | AD-IUSL /Y H Fx
PRIBI T BN L AL T (0 5 00 M 5 3 A 2t
o, FASERE @, TR TR AR KT R
B2t I 1 e 380 A ) PE B A S R R v R T R
NS R SR, TR R R
Ty :¢g(akq,lq’Xi,j) (14)
R ol o e Y SR T T e O
A {E, Pt AD-TUSL 51 A ELA 8K B (E Y 32 45 1)
AR IR (SVDD) 7325 ds , L HARREL F Rk
KH

B-Zmax%O,r. - R*} (15)

Ko, JHFR Shapelet; R™ g H AR 54 BIME; R
5 A B R IEWIME S48, TP A R E AR A
SR FEAR Z R L
3.3 BirEm#EMmL

T v fl R BfE7E, X (15) B— AR ik
[, A SCR A A DA Jr X528 ik USL
BB FEL SRR
3.3.1 USL itk

24 HHT Shapelet B [ % BI{E, BEA = (15) &
A

F(o,) = arg”minz ZQ, D (o,X) (16)

i=1 g=1

K (16) % F T AL (10) . K (10)



%5

F AL LT T MM USL 640k 3F % 28 & 75 4] 45

TR B AR R ECRAAE 1) R v T AN R T4 SE
Mg PRI, SR IS8 3w e 13kt 7 B AR Ak )
R 3 fiff R 1 (R RBEHEA T3R A
B, EEEARFME vy =1 7, (10) 7]
FikH
Vn}il}vTCV ta Iz | +a,llz Il

17)

s.t. z,=DXv,z,=v
AR G IARG Rk R H A
L,=v'Cv+A""(DXv -z{") + A" (v -2;") +

2 2

pi N
2

5 [pxv -z}" X

V—Z2

(18)

2L, RS B H O R R e R Rk
ALY AN AR B AR B, o, A
IEWMEI S50, Wik m B ARAR i v 19 B BT i
TRy
p = argmin L,(v,z;" 2" A" A7) (19)
I R 0 5 | BRAS B R IE ) i v
v=(2C +p,(DX)"'DX +p,E) "'
(p (DX)"z)"” +p,zs" — (DX)"A” -A)”)  (20)
K E FoR A,
HWR E Bz, flz,, M86E T v fl z, B, AT
VLI o (B 2R 7R 1 7 s 2, SRR T
Bep” =A"p,, my" =0 ps
4" =8, (DX ") (20)
LS, () FRBET T, S, (1) FE N
S, () =sgn(*) -max(l-1-%,0) (22)
K, SHE T v Mz, B 4% P 7,
' =8, , (v i) (23)
3.3.2 EEfk
MR 3. 3. 1 H 53k B % Shapelet J& , 52587
(B, 0 (15) Fom

N
F(R") = arglgninR2 +B- Y max{0,r, — R}

(24)
AT F KA PR BT, X R ASAT i, BCR
TR AR, R FEEEEI N
dF(R™) 2R -2BN,R,
R 2R, r,<R
X N, WREREANE, Y r, > R BB,
R E 0, N, =1/B,

T >R’
(25)

4 LBWHERS5HMH

DY UEA SCHR Bk RO MERR T | AR A

AP ) 7 S g 7 I g o e AR [ (™
TR R SR ) i B A s i T R AR A
AT ST B AR PR A AR i SR TR B
R FERE],
4.1 HIEEHIR

PR Tl B A [ 1 5 S T 1 A )2 R 1Y
HHFFE il & 48 (CYI10-3-53-HB) , 43 %I}y ™ &
AR IR R e, 7 R 1 B A R T T O
—AN AW RELE S eSS 25 KGR
)T E SO BE A 0 SR IR RN 25 s 3
TR 53 s, A S TR AEAS A EE SN 228 4
B E] 478 A IR MR A B R R W B TR
B A R DR L 55 P fEss 45 KRG R
AT R R BCE AR b i A TR D ) 2 R
28 s, AH Y TR REAREE 550 250 4>, AN EdE
XL 8:2 [ HLAsIRl 43 R U R A A A |
4.2 TR

K HMER RS F1 43 500 FF P4k $8 b 563 A
SCHRE T I ERPE v R R B R I A T
(AFEIEZRAE) 1 B S S 10 2 L4 Fl
OIEUR RIS TR AN [ R A HE AR, W
FAF- RIS

WAL T 1 57PN [R) B 3 26 O ik R A7 X
o ASFhIEZE 7 Ed OC-SVM Fil KNN Ky 5L A iy
I E] 5432505 B, ADSLY Fil LSTM-AEY 212}
oK Bl 1 s 2 s S R R 7 75, LTS + OC-
SVM!''/F1 LSTM + OC-SVM " 341 S 15 By Bt (4 AE
PRI TN ) S8 kil vk o 45 FEER T vA Y
SLEGHSHORL B AN 2 Fis

*2 BELFENESHILE
Table 2 Hyperparameters configuration for various

baseline methods

R SO
OC-SVM v=0.5
KNN neighbor =5
FHEa=5%
ADSL!' Shapelet ¥ 0 =2
Shapelet £ J& [ =0. 08M
M e R 128
- KA RS ROl 64
S 1 A I TR] JF B B Sy 32
dropout = 0.2

Shapelet ¥ Q = 2
Shapelet £ J& [ =0. 08M
SR EHO Y 840
y=0.5

LTS + OC-SVM! 6]

LSTM + OC-SVM!1*]




46 /O

I K F F Rk

%43 %

SCER AR ANE 3 s, AL, 45 07 B HERA
R T 80% B LSTM-AE A L7 41, H
RO FL B8 T a2, X B Hox oy
BAEARFHERIEE BRI 2, FEENETA
AR GE T A BRI O, R R A i i >
IEHFEA, LSTM-AE % F1 2%k 5] 0. 962, 5
ARCITEER FL 43%0(0. 969) JLF-#5F, {H LSTM-
AE 1N — PR 24 2 T3 , AR S 80k 8 2
SR, HARRS FAS SO Ik vl e 22 A3 HoR
N BT H W S R AT BB AL

[ P14
1.0 - AR

HERFRF1E)
o

e
n

0.0
o 5 g b ot
00;% « P v‘s‘v&%xooﬁ’ "00,‘5 ’)ﬁj’

W7 s

B3 EELRER

Fig.3 Results of quantitative comparison

4.3 Shapelet AJ R4 57

T A R R R R R VR A o ) RS B
P53 #T Shapelet 78 @l A KIS B9 AT ff B PR FLEE
AR T B AT i BEPE . Shapelet 5941 T B4 &
PEIL R P T R D) 5 H 1Y JEL A« Shapelet 5
Jis Bt (5] 75 5] (8] (%) 525 ; Shapelet HHELAGA7 &

W

4.3.1 %1

Z6) 1 Th Y Shapelet 43 H7 ANIE 4 s, MR35
&l 4 ) B 2ciF USL B N ZEFRT B ML

1) 751 1

A PANCHE T 55— A BRI A9 67
H 5] 72 I FE 2 (d) 7 0.315 9, HIEl 4
(a) AT, HB A 2 2] B3 — 1 [a] PN 9 B ) R
P, WHLERRR A BE R k7 91 1 45 1
FEFLRATFFEAT B E B

2 EBEFIFA 2

ZT AN ) 2] 1 B 2 B WS B 52 ), 5
] RS 9 FE B M 0. 421 93X — 175 1o ) B 1 JBe
f USL J&—Fp{3Z <« JEIR ™ 5 M i 45 dl 9k sl 337k

3) Shapelet( fE&iE T 751 3)

ZT PN FE RN 2 Shapelet , AN K]
HIX—TFEFI DT BL 145 AN WA A 6 B T
H 222 BT F R B 1] 55 A 0 AE A R 35 it
Hh X — 57 5 5 ik 1] 51 B AR S e/ IME
(0.172) . MHLBEALHI M B | Shapelet 2% > 3] T UiF
SRFTIF T S E R

LT IFH] 4

Sk p 51 2 ML X —F p 9027 2 i
FRRAR3Z 2] T W7 B 52 0, 5 D ] 7 3] £ B S
k0. 609 4, KRR E] ] il B 5 B

IR 4 (a) , B8 50 E WA a8 P e
wAL A . & 4(b) AT WL, 5% T Shapelet,
S TOLS R DR T i 8 N IR BT
WIS TR B AN A A8 5 18 4 (a) L
PR, DRI BT X — B R v s B S T
RE AT BT

15

kS

— Shapelet d=3.5478

B AT
-
(=]
= 3r '
A o\
R A
=2 PG
By

1 i H H

0 50 100 150 200 250

B
(b) F% T T iShapelet

4 2411 &H) Shapelet 417
Fig.4 Shapelet analysis in case 1

'——3m%$ B2 TR 3I3
— Shapelet (Shapelet ¥
5 4 — Bk A it A\ ERs A
= BT
=3l d=0.3159 P
x BETHL
5 2 L d=0.42
£
1r H H
) ) 17§2 19j1,
0 50 100 150 200 250
B A
(a) IE¥ T.% T K9Shapelet R & T FF 51
4.3.2 HEp2

245 2 H i Shapelet 43 H1anIE 5 Fras, Bl S

(a) &7R T Shapelet H P& e, B AR AH 48 1 iz
e e 3 1 eIt B I i



%58 F AL LT T MM USL 640k 3F % 28 & 75 4] 47

M EIFARBEARIX — B AR N BB DA AE R b BUA S R RE Dy MR 5 12 PLR T
Bl5(b) s TO0 IR L s — (e Rhi—#,
SEIR B, HOHEUEA B, R, WX — %

231 — WHTIR z5r — ;@mmaﬁ
— Shapelet — Shapelet

2.0 =0.003 54 BT IF 5 2.0
B B
= S5
1.5 — 1o
: s
21.0f 21.0f
" d=0.003 136 ®

0.5 1 0.5F

0 50 69 100 150 200 250 0 50 69 100 150 200 250
BB BB
(a) IE# T.5U T HShapelet RAE T3 (b) 5% T T HyShapelet

5 2 F18Y Shapelet 447
Fig.5 Shapelet analysis in case 2
TN B T IR TR, R 6 (b) T
AP SRR U R N O | )R F A e
BOTH AR BI{EA 1. 927 9,

4.4 TRTUHEZH
4.4.1 JUHEE

FEEECRE A T o0 A s 6 Bk, Al 6
(a) BRI A ] WL, DS DU RO 0, 26

AT
=l (I Jf \ M ﬂm /t )
VY

b
AERIAM
A | FAge | RS | FAse | Al

0 250 500 750 1000 1250

B R
(a) FRARHL T3

0 s 10 ] 15 20 25 30
B )/ R
(b) TR #H

E6 MmEMEIRSH

Fig.6 Severe fault working conditions analysis

MRS R, a0 AT W 24 sk B 5, i 5
JURFTREAN 2 ST I, B0 Dy R 45 AN {H
A N 7,2 RO S B 1 A v o B D= 4
TR S TR g by il A T
4.4.2 WY

R ) T4 an e 7 e, i Tk
AR 11 5 IR AR A P 1 i, PRI 7 () R A
JESE— AR A 228k, mE7(b) AT,
r 4 J5 B AR R BT AR B B9 B E A 0. 066 79, 5
WO IR, AR 45 KIFUR, 55 o 8O %
ek (i H 22 1 2t R 0 B R, AAAILEE A
FENE =S ATRE AR o S UE B AN R

1) SR

WMRA KBRS FBERT
W, BRI 0 AETE S 2 5 FLR IR R AT, (i
LIS

2) [ 5E LRI 2R

WAL 22 FLIR AN BE IE & 4T T, M )2 Hh 4 i 4
ETCTEIE A TR, BRI, X AR 1 5 350
(B H B )

3) BEUTRR

XoF TR A R Sk ) 3o E A AR I 2 I L
RT3 K, T 7= W B AT, A 7 Ty B 1
BOFE AR T e B  BOE S LT

PRI T2 5 R Uk B e, i e 28 78 ] i
R AAARSE I | T LR T R s TR i —F



48 % m ¥ I X ¥ F R % 43 %
) — wHThR
: - WEfET RS
2.0F
2
1.5
#
R
=1.0
B
0.5F
Fpn | F2 | F¥3 | R | FMs P T S S S R R
0 250 500 750 1000 1250 0 6 12 18 24 30 36 42 48 54 60
Bl /%
(a) BEUAHL 2D (b) T-I 3
B7 REWELRDH

Fig.7 Secondary fault working conditions analysis

5 #ig

ARSCE Yol i F MUY rp (8 fe /N R G R
AR ST B R M O Rl USL, 32 30 i
BT ek 1) Shapelet $#1iF ; FRKE AT i B4 USL
RGBS AR b B T — A g 21 g 1) S A
ML AD-TUSL, 1% 5 fE 9% 7] 1N 46 i) Shapelet
RPN S 8 (5 i i o S8 45 7 1o 3 1 V5 3K i
WS F AR R, AL 7 2 A A [ 4k
A 3] r Zh SR B IE T A SCHE B HE T
P AT REE A M . AR SCRIR Y FL 23 B0 F)
10.969 , WAL T R e 7k AR BE 27 > S A
Bk ;i1 Shapelet Y A7 F < JEAR” PIA B A J&
P, DA 288 TR RS B /K SF P R B R R T AR B
LS R T RESUA

ARSCE SRR F Shapelet 54 16 I 5505 g B T
L BIL I A K Hh B S v A e B (ELO B
TR R A Al A e T AL T
FRBIG LR b A 37 HRRR A S 3 AR AR
A B FREAG OL B 04T BAT AT REPE RS T
M B S A
£ % Lk ( References) :

(1] ZET, 2R, SIS0 fhim R 0 K8 W e i 5 iR 5
[J]. R FHER TR 4%,2021,40(1) :88 - 94.

LI X Y,YUAN C H, GAO X W. Diagnosis of dynamometer
card of pumping well[ J]. Journal of Shenyang Ligong Uni-
versity ,2021,40(1) :88 —94. (in Chinese)

ZHENG B Y,GAO X W,LI X Y. Diagnosis of sucker rod
pump based on generating dynamometer cards[ J]. Journal of
Process Control ,2019,77 .76 —88.

CHEN L,GAO X W,LI X Y. Using the motor power and
XGBoost to diagnose working states of a sucker rod pump
[J]. Journal of Petroleum Science and Engineering, 2021,
199.:108329.

TECLE S I,ZIUZEV A, SPIRIDONOV V. Development of
fault diagnosis model for sucker rod pump using motor power

(2]

(3]

[10]

[11]

[12]

[14]

[15]

[16]

[17]

curve [ C ]//2021 XVIII International Scientific Technical
Conference Alternating Current Electric Drives( ACED) . Eka-
terinburg , Russia; IEEE, 2021 :1 - 6.
LUNDGREN A ,JUNG D. Data-driven fault diagnosis analysis
and open-set classification of time-series data[ J]. Control En-
gineering Practice,2022,121:105006.
ZHENG B Y,GAO X W,PAN R. Sucker rod pump working
state diagnosis using motor data and hidden conditional ran-
dom fields[ J]. IEEE Transactions on Industrial Electronics,
2020,67(9) ;7919 —7928.
ZHENG B Y,GAO X W,LI X Y. Fault detection for sucker
rod pump based on motor power [ J]. Control Engineering
Practice ,2019,86 :37 —47.
LI G,JUNG J J. Deep learning for anomaly detection in multi-
variate time series: approaches, applications, and challenges
[J]. Information Fusion,2023,91:93 - 102.
CHEN H S,LIU H,CHU X N,et al. Anomaly detection and
critical SCADA parameters identification for wind turbines
based on LSTM-AE neural network [ J ]. Renewable Energy,
2021,172.829 - 840.
KILIAN V,PENG Z X ,CHRISTOPHER 1J et al. Vibration-based
anomaly detection using LSTM/SVM approaches [ J ]. Mechani-
cal Systems and Signal Processing,2022,169 :108752.
EL AMOURI H,LAMPERT T, GANCARSKI P, et al. Con-
strained DTW preserving shapelets for explainable time-series
clustering[ J . Pattern Recognition,2023,143:109804.
YE L X,KEOGH E. Time series shapelets:a novel technique
that allows accurate, interpretable and fast classification[ J].
Data Mining and Knowledge Discovery, 2011,22 (1/2)
149 - 182.
YAMAGUCHI A, UENO K. Learning time-series shapelets
via supervised feature selection[ C]//Proceedings of the 2021
SIAM International Conference on Data Mining ( SDM ).
Philadelphia, PA, USA: Society for Industrial and Applied
Mathematics,2021 ;262 —270.
BEGGEL L,KAUSLER B X,SCHIEGG M, et al. Time series
anomaly detection based on shapelet learning [ J |. Computa-
tional Statistics,2019,34(3) :945 —976.
ZHAO H S,WANG Y L,ZHAN Y, et al. Practical model for
energy consumption analysis of beam pumping motor systems
and its energy-saving applications[ J |. IEEE Transactions on
Industry Applications,2018,54(2) :1006 —1016.
HILLS J,LINES J, BARANAUSKAS E, et al. Classification
of time series by shapelet transformation[ J]. Data Mining and
Knowledge Discovery,2014,28(4) :851 —881.
WANG Y, YIN W T, ZENG J S. Global convergence of
ADMM in nonconvex nonsmooth optimization[ J |. Journal of
Scientific Computing,2019,78(1) :29 - 63.

(TG RAUR)



