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Abstract: The indicator diagram of the pumping unit visually shows the working conditions of the pumping
unit. However, the actual working conditions show typical long-tailed distribution characteristics, and the
categories are seriously unbalanced. Traditional methods cannot accurately identify small categories of
working conditions, and cannot obtain accurate identification of underground working conditions. Aiming at
this problem, a cost-sensitive active learning algorithm based on distribution-driven multi-class long-tail data
(CALA) is proposed. First, considering the characteristics of data distribution, the optimal number of
clusters for the data is determined by minimizing the cost as the optimization objective. Second, the optimal
number of clusters obtained before is updated by adding the pre-classification error cost. Then, a classifier is
constructed by integrating the classification models. Finally, balance the data distribution iteratively. Using
the real indicator diagram data of an oil field to test, the significant experimental analysis proves that CALA
has better performance in the diagnosis of small categories of working conditions.

Key words: indicator diagram diagnosis; cost-sensitive; active learning; long-tail distribution; small category

condition identification

HEE£WB : FHRAABEIE(62006200) ; U )IAE BHE 1R 2375350 H (2020YFQO0038,22ZDYF2733) .
Y5 B #1:2021-08-01; &7 H #§ : 2022-01-06
BEMEE W, 5 248, LA 201, E-mail : minfan@swpu.edu.cn,

SIS VEM, H A, I, S5 . il B R A2 I 4 3 A 3R Bl S S Bk [T ] R A IR R AR L 2022, 54(3)
517-527. WANG Min, ZHOU Lei, MIN Fan, et al. Distributed drive active learning algorithm for fault diagnosis of pump-
ing unit[ J]. Journal of Nanjing University of Aeronautics &. Astronautics, 2022, 54(3):517-527.



o018 [ =S S NI S

5% 54 %

b Vi ML I — AR 2 A i SR Y EE B4 AR
G5 R T HAE LT Rm AL B TARR L, i A
X HE T AR B 77 A 18— R BB R A7 43 A, DA
AL & S IE R TAE . A & Ak HL e —
J e 7 A B AT A RS R B AR R 2 i b T s )
PN H A Ta] B 2R 300 i i AL s 25 T8 A [ B
R R T o BB 6 7 T 3 AT 12 W, 15
b7 AL 1l S DAL, AT L 2 I 5 i 2 S K
Pl R A7 . H T AR T B R BF 58 % 5 %6 i
BLIEAT 8512 B 2 e % UL ik o % WL AT BP
it 2 X 2 A3 4 BT O T A B S R ) AL
(Support vector machine, SVM )"/ 4¢ | [ 4% [& 450
P T — BT 3 R0 4 A 1Y s T R R 2 W R
S e DR N S NG K B SR R
TR D AR B AT AR R B Y 2R PR OC R kA
a5 AL LA A B ST B AN A G Ry S B . JE T
1RGN S BSOS IO RNk & el SR EBS
FBOR AN AR BRSO T — Fh
T3 RR 1) s AL A S AL R 2 WO . T R
FH % a5 i 40 B0 AT R4, DT B2 U R 7R Dy ]
FAE AL . SR X — " T UM 2 o 2 S R )
WAL AR RS X AN Wl s 1R . R R AR
PEW T — PP L T B A 2 I 0 A vk AL T 1
Ik AR A A N 45 Sl B IGEs T A
TR I ALHIBL e RS AR 4 b 8 15 J5 A 55 5 119 3 400
GG O AR B BEOCIE /N R B T AL . 7 T 2%
(4 it AL SRR 12 TR S B v IR AT R A Iz AL
fEJ7 o SCHR[8IHEH T —Fh 5 T i 2 &1 1E ] AL
B 27 >3 AL B4 el i AL A2 W 3k o 3% vk e i PR
BRI IS R B IR D VR, A1) B KR 7 2]
7 ¥ e g 2 P TRT RIS ] 1] ofe 3 s [] 28 B3040 ) 1) 0%
ENVYSENEES L€/ NS UK i e SN |
DA (] — 2 B4 00 45 SR e 1B ST Be A ), AN ) 288 51
4 B AR 1 235 S s AT RE A OF o s T TR R A2
W 2R W s A e it L T B0 TR0 A AR ar Y 3R
I SCHRLO IR HT T A 1 e 7 TRl = 0 e 48 LA R Aol
HERBCR 524560 k. MHIEMZ R
8 LI AR A 7 125 ok 4 IO B BT HRR AR, R T4 1) i
PR % (Radial basis function, RBF ) #f £: B 2% , F1] FH $5
P L ES 4R A= 7 B ST R 2 R R (] B IS
Joj W P PR - Sfe fifk R AR R v B 1 A N D K [R) g, S
9y 2 W], LAY TE 7 Ty 1R 12 T 5 T8 JROA AS A Y
R,

I B w I

N

% 5 7 s E T B A 7

i, Peng 55T & T — iR 8 0L1e] 4 41 O PR T
(Bidirectional gated recurrent unit, BGRU) , 7£ JIl %k
B BORT B AN YN ZRAEAS AT AL, DAY 2D S A - £ 1Y
SEW SR 5 R ] A OB 1) T2 20 27 ) R e PR AR I A
Ao TE T PR AR B Rl ) TR R B IEAL TR
PR AR Jin VR —F TR A
W32 W 118 7 780 ik RS T 3 0 % 2 X 4%, I P 7 il 7R 2
4R A T OB RS B, RO D TR R
PRic TAE®RE o Zhang 55 51 AME R £ 3y 37 1)
HL (Probabilistic active support vector machine, Pro-
ASVM) [ > 7 15, AR RE A i 0 B 8 i 9 A
H g N T ROR IR SR 5 8 0r 28 R T
eSS or 8RR o Jian S5 EF XS BR Tl BB 2
W 11 25 B RASTA/IN G [0 L, 4 i T — P e T = B A
2 W 2 ST SRR 2 W O s o LT T S B
REAES 2 Ge8ud , /NN ZRAE T BB i2 W 43t 1
— BT A& BT 5k . Chen 55 WX H 4141
I 5% X 2% ( Self-organizing cellular networks, SONs)
H R RS BT 18 22 43 S )AL, B R T — R 0 i T
T T RS W T 5 . %07 R AT IR AR
YIRS 4] B AT 52 R g 12 I P E L DA T 2 25 e IR A
A, Puncochai ZF" T 32 sk B 2 W (Active
fault diagnosis, AFD) SR (1 A 3R, BT
S B AR 5 R v A L Al AL T Bl A 2
B 22 HAS [R] ik R 28 531 1) B i O P A N bR T
AR A D L9k I Bl S8 )80, o A TR B2 2 ) T
UL R4 LAAE S b TAE g st o [RIR, JE 0800 73
e 5 12 SCH AL A AL G Y T 1 JC IR AR 4 A Ak
N R € L DT 3 G D W s o i A
AR SR Y — T B T 40 A BB 1 22 28 K R A AR
M U T2 Bl 2 2 551 (Costosensitive active learning
algorithm based on distribution-driven multi—class
long-tailed data, CALA )k itk 3% — PRI Xk H 3E % F
B[R]

1 $F{EREL

AT EZ A A SOR DY R RS O %, 45
B D JE R B U 1 BB 2 PR JRE R A 1 6 1y
MEAE R GETHRRAE
1.1 P& %32 Bk B 56 B

AR SC R JH IO AR TR0 78 Ty PR R AT IR R R I 4
TR, o A% 1 A A s Dy P g B R B AL AR
g2 ¥
(D ArifEfeR 2K



5 3

6 A0, 4 AL 2 Wy 0 0 A 3R 3 3 3l 5 > 300k 519

R T G b P AR TR TR B AL s D 1A
TH R 7R Dy ] 5 40 6 WS 4R 21 A i 1) s ), 8 R 4 %)
17 By EBCE AT AR U — 4k . AT A A Tl
(9 246, 4 s D) B — RS 20 1 R R
r AR 22 ) A B TR g R R R P — AR

(2) P #s ks 2 1

L S| 5 A 2 ol U N NS O - el 1/
20X 10 /IS 4 9 A& A B8, 55 B A7 99 A% 14 40 B K
JETRAE 07 5 5 W A% PR 35 A7 78 Dy el ity 4, JHG R B {1 TR
(B R 17 5 100 55 PR IO A 1 R A AT T Hh O R IR
3 1 5 100 AR RS B K BE B LA IR i AR I s
W R R I AR S AT
1.2 $EmERN

2 X A8 S A 1 s Ty PR B R BT AT RO
giit B IKERME g J7 26 0° MWK e WEFE P BB
E RV 3% 6 1 GE iR 1EAE R os D U REAEAA .

B IR EE S BE KN G (A, B), B AT R AL
HE g (1<a<<A,1<<b<<B)&mnmmIE M
A XTI AL B AR R T K R R I v R BE B
R, U — K B G r B R T (r ), WA BE 9%
BOAE K B R B b B R R T R OR O p(r) =
T(r)/(AXB).

w=g=2wﬂﬂ (1)
d2202=2(r—g)2-p(r) (2)
dgzezlail(r—g)g-p(r) (3)
@-P_;§x~@f¢u) (4)

@zEzﬁﬂﬂnf (5)

R

46:5:*2[1*P(r)}logm[l*p(rﬂ (6)

r=1

PLGE 1 6 A 4R 48 { ., o, iy doy dsy ds) 1
Ry e L) oy FERAIE 1] R
2 EiEEit

AR A A AR R U RN R 4 AT D OR R
i (TMC-DS)"™ % g3k 2 405 U 1A~ Ut 4l

S=(X,y,M,¢) (7)

Ao XA R — A 5 1) & 5y A0 R B S AR
] s MR R AR JE B 5 AR R L AR N
1. CALAB LS REAER WA 1R

JH6

N

iR ER
e

]
WG ER
FoAi

HPES

HEK

AL
A

BT CALA S AR
Fig.1 CALA algorithm flow chart
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Table 3 Comparison of experimental results with cost-sensitive imbalanced data processing methods(mean = std)

0 . ~ CREN
A P [ON ™ (ON] EATWSVM CALA

Accuracy 0.79 £+ 0.05 0.81+0.01 0.64 + 0.04 0.56 = 0.02 0.83 = 0.01

Cost 0.97 +0.02 0.94 + 0.05 0.67 + 0.02 1.53£0.12 0.90 4+ 0.02

A01 Precision 0.77 £ 0.04 0.76 = 0.03 0.61 £ 0.03 0.70 = 0.02 0.70 = 0.01
Recall 0.68 £+ 0.03 0.69 + 0.01 0.78 £ 0.09 0.52 & 0.09 0.88 £ 0.03

F-measure 0.68 £ 0.01 0.68 = 0.02 0.66 £ 0.07 0.57 +0.07 0.73 £ 0.02

Accuracy 0.80 £ 0.03 0.80 £ 0.02 0.64 £ 0.02 0.67 = 0.04 0.83 = 0.03

Cost 0.89 4= 0.05 0.89 + 0.09 0.58 +0.05 1.26 £ 0.08 0.90 4+ 0.02

A02 Precision 0.78 = 0.04 0.75+0.03 0.62 £ 0.03 0.53 £ 0.11 0.67 = 0.04
Recall 0.69 £ 0.07 0.65 4 0.02 0.79 £ 0.03 0.70 £ 0.09 0.87 £ 0.01

F-measure 0.68 == 0.06 0.69 = 0.05 0.62+0.01 0.50 £ 0.03 0.72 +0.05

Accuracy 0.78 £ 0.05 0.77 £ 0.02 0.62 £ 0.08 0.51 = 0.04 0.80 £ 0.03

Cost 0.92 4+ 0.07 0.94 + 0.07 0.63 + 0.04 1.52 £+ 0.07 0.97 +0.01

A03 Precision 0.76 = 0.02 0.74 +£0.02 0.62 = 0.02 0.53 = 0.06 0.68 = 0.05
Recall 0.67 +0.03 0.65 4 0.02 0.79 +0.05 0.72 £ 0.09 0.87 £ 0.01

F-measure 0.66 4= 0.02 0.65=+0.03 0.63+0.01 0.55 =+ 0.01 0.72 = 0.04

Accuracy 0.67 £ 0.04 0.70 £ 0.02 0.56 £ 0.07 0.45+0.15 0.81 £ 0.05

Cost 0.94 £ 0.05 0.87 = 0.09 0.60 = 0.09 1.61 4= 0.08 0.85+0.02

A04 Precision 0.76 = 0.02 0.77 £ 0.04 0.60 £ 0.05 0.71 £ 0.07 0.71+0.04
Recall 0.66 4= 0.08 0.67 & 0.07 0.79 4+ 0.02 0.40 + 0.02 0.88 +0.03

F-measure 0.66 £ 0.01 0.70 = 0.04 0.63+0.03 0.46 &= 0.06 0.75 = 0.03
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Table 4 Comparison of experimental results with cost sensitive active learning algorithms(mean =¥ std)

FAEIIE S W R bR ﬁ% - -
UM UE ALCE CNN CALA

Accuracy 0.82 + 0.01 0.81 4+ 0.02 0.82 £ 0.05 0.82 +0.01 0.83 = 0.01

Cost 0.97 +0.04 0.85 4 0.04 0.97 £+ 0.09 0.78 +0.07 0.90 + 0.02

AO01 Precision 0.78 +0.02 0.79 +0.05 0.79 + 0.03 0.68 +0.02 0.70 +0.01
Recall 0.66 + 0.01 0.67 + 0.07 0.67 £ 0.02 0.74 +0.05 0.88 +0.03

F-measure 0.69 + 0.03 0.70 £ 0.09 0.69 + 0.06 0.71+0.01 0.73 +0.02

Accuracy 0.80 + 0.02 0.81 4+ 0.04 0.80 + 0.02 0.82 + 0.04 0.83 +0.03

Cost 0.95 =+ 0.06 0.94 £+ 0.09 0.95=+0.04 0.75 £+ 0.09 0.90 = 0.02

A02 Precision 0.77 £ 0.01 0.76 = 0.10 0.78 = 0.02 0.67 &= 0.06 0.67 £ 0.04
Recall 0.65 =+ 0.04 0.65 =+ 0.06 0.66 &= 0.03 0.76 = 0.02 0.87 =0.01

F-measure 0.67 = 0.03 0.68 = 0.02 0.67 = 0.01 0.69 = 0.05 0.72 +0.05

Accuracy 0.83 = 0.03 0.82 = 0.05 0.83 = 0.07 0.83 £ 0.08 0.80 £ 0.03

Cost 0.90 = 0.10 0.90 = 0.03 0.90 = 0.02 0.75 = 0.02 0.97 = 0.01

A03 Precision 0.77 £ 0.02 0.78 = 0.02 0.77 = 0.05 0.72 £ 0.07 0.68 £ 0.05
Recall 0.68 = 0.03 0.68 = 0.04 0.67 = 0.06 0.76 = 0.05 0.87 = 0.01

F-measure 0.70 + 0.05 0.70 + 0.01 0.71 £0.08 0.72 £ 0.05 0.72 = 0.04

Accuracy 0.74 = 0.02 0.74 +0.09 0.74 £ 0.07 0.80 & 0.09 0.81 £ 0.05

Cost 0.96 + 0.07 0.96 + 0.04 0.96 = 0.05 0.64 = 0.01 0.85+0.02

AO4 Precision 0.77 £ 0.03 0.77 £+ 0.06 0.77 +0.02 0.73 £ 0.04 0.71 £ 0.04
Recall 0.64 +0.02 0.64 +0.05 0.64 + 0.01 0.77 £ 0.07 0.88 = 0.03

F-measure 0.64 +0.04 0.64 +0.02 0.64 + 0.07 0.73+0.01 0.75+0.03
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Table 5 Experimental results compared with cost-sensitive imbalanced data processing methods under small category

conditions(mean= std)
T i
uUS ™ OS EATWSVM CALA
Precision 0.82 + 0.04 0.81 £+ 0.03 0.89 £ 0.02 0.74 £ 0.03 0.99 +0.02
AO01 Recall 0.97 = 0.02 0.97 +0.02 0.66 £ 0.05 0.54 4 0.04 0.83 £ 0.07
F-measure 0.89 + 0.05 0.89 = 0.07 0.75 £ 0.06 0.58 = 0.05 0.90 = 0.01
Precision 0.79 + 0.09 0.77 = 0.06 0.93£0.03 0.56 = 0.03 0.98 = 0.01
A02 Recall 0.94 + 0.07 0.91 4+ 0.02 0.49 £ 0.04 0.75 4 0.09 0.82 £ 0.05
F-measure 0.85+ 0.02 0.84 4+ 0.08 0.64 £ 0.05 0.58 £ 0.05 0.89 £ 0.03
Precision 0.78 + 0.02 0.80 4= 0.02 0.87 £ 0.06 0.55 £ 0.01 0.99 £+ 0.04
A03 Recall 0.96 4= 0.04 0.96 = 0.01 0.64 + 0.07 0.72 £ 0.04 0.79 £ 0.08
F-measure 0.86 4 0.02 0.87 £ 0.02 0.74 + 0.04 0.56 £+ 0.02 0.88 £+ 0.06
Precision 0.62 4+ 0.09 0.60 4+ 0.02 0.60 + 0.02 0.72 £ 0.02 0.91 £ 0.02
A04 Recall 0.94 4+ 0.03 0.94 + 0.01 0.2540.07 0.44 + 0.08 0.77 £ 0.05
F-measure 0.74 4+ 0.05 0.73 £ 0.02 0.35+0.09 0.49 £ 0.07 0.83 + 0.03
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Table 6 Experimental results compared with cost-sensitive active learning algorithms under small category conditions
(mean = std)
{ e ik
M P UM UE ALCE CNN CALA
Precision 0.80 4= 0.04 0.82 4+ 0.02 0.83+0.05 0.69 +0.02 0.99 + 0.02
A01 Recall 0.97 + 0.09 0.95 4+ 0.05 0.96 + 0.02 0.76 + 0.01 0.83 4+ 0.07
F-measure 0.72 4 0.05 0.734+0.03 0.70 £ 0.07 0.73 £ 0.06 0.90 + 0.01
Precision 0.74 +0.02 0.76 + 0.07 0.81 + 0.01 0.68 +0.05 0.98 + 0.01
A02 Recall 0.97 £+ 0.02 0.94 +0.01 0.93 + 0.06 0.78 = 0.04 0.82 4+ 0.05
F-measure 0.88 +0.03 0.85 4 0.02 0.88 + 0.02 0.72 +0.02 0.89 + 0.03
Precision 0.81 4+ 0.01 0.82 4+ 0.05 0.86 +0.05 0.74 +0.07 0.99 + 0.04
A03 Recall 0.92 + 0.07 0.93 £ 0.08 0.97 +0.08 0.78 £ 0.03 0.79 +0.08
F-measure 0.87 +0.02 0.86 + 0.02 0.8540.02 0.76 +0.02 0.88 + 0.06
Precision 0.78 4 0.04 0.79 £ 0.08 0.75 4 0.04 0.754+0.02 0.91 +0.02
A04 Recall 0.92 £+ 0.06 0.90 £ 0.07 0.92 +0.01 0.78 +0.03 0.77 +0.05
F-measure 0.77 = 0.03 0.74 £ 0.04 0.77 £ 0.02 0.76 + 0.01 0.83 +0.03
x7 EBTHMNKXERBELIREES)
Table 7 Model conversion test results(mean = std)
HOR A Bk ‘ PR
Accuracy Cost Precision Recall F-measure
AOL CALA 0.83 +0.01 0.90 + 0.02 0.70 £ 0.01 0.88 +0.03 0.73 +0.02
CALA _NB 0.83 +£0.01 0.90 + 0.02 0.70 +0.02 0.86 + 0.02 0.7140.03
AQZ CALA 0.83 +0.03 0.90 + 0.02 0.67 = 0.04 0.87 = 0.01 0.72 +0.05
CALA _NB 0.82 4+ 0.04 0.91 4+ 0.02 0.69 = 0.03 0.88 - 0.02 0.73 = 0.03
A03 CALA 0.80 +0.03 0.94 +0.01 0.68 4+ 0.05 0.87 = 0.01 0.72 + 0.04
CALA NB 0.80 + 0.02 0.96 + 0.02 0.65 =+ 0.04 0.88 + 0.03 0.70 £ 0.03
Aod CALA 0.81 £+ 0.05 0.85 4+ 0.02 0.71 + 0.04 0.88 - 0.03 0.75 + 0.03
CALA NB 0.81 4+ 0.03 0.85 4+ 0.02 0.71£0.05 0.87 £ 0.04 0.73+£0.01
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L e 2 B 111111 7
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Fig.4 Accuracy of CALA algorithm for 12 working condi-

tions on four oil field datasets
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Table 8 Time cost comparison test results
R _ : Hﬂrll‘ﬂ/s : - : :
US I'™M OS UM UE ALCE CNN EATWSVM CALA_NB CALA
A0l 0.84 0.75 3.06 44.80 58.03 66.42 21.50 73.52 22.92 20.81
A02 1.16 0.76 3.29 50.08 65.60 74.58 26.58 78.20 25.57 24.51
A03 1.19 0.78 3.61 55.56 72.68 82.49 32.36 91.52 30.02 29.01
A04 1.20 0.92 3.74 75.38 99.03 111.71 35.52 94.88 35.72 29.76
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