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Fig.1 Indicator diagram with the gas-affected fault
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Fig. 2 Indicator diagram of the normal working condition
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Fig.3 Flow chart of the AIOC method
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Tab.1 Input parameters of the model
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Fig. 4 Original indicator diagram
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Fig. 5 Indicator diagram after binarization
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Fig. 6 Working principle of the Transformer layer
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Tab.3 Production and construction data of the oil well

YU /m H i i/t H ™/t IR % H =7k &/t I JE/MPa
19.74~828.29 30.96~133.11 0.36~10.06 88.51~99.60 29.77~130.74 0.24~0.84
8.70~180.70 33.02~124.94 0.95~9.27 84.55~98.06 29.85~117.14 0.26~0.75
98.04~422.28 35.81~139.92 0.73~10.58 90.98~98.24 34.93~129.34 0.25~0.61

643.37~932.22 43.76~107.66 0.50~5.24 93.12~99.01 42.66~102.92 0.24~0.60
AT HLIR/A TATHLIA/A HLUE/V -7 /% i 4%/% BT /m
19.52~117.03 19.93~102.47 0.00~400.86 56.47~165.18 19.35~100.00 105.43~865.69
27.48~114.57 25.10~103.82 0.00~392.8 79.10~165.32 48.39~100.00 629.76~950.85
22.04~123.70 20.83~104.53 135.13~400.86 75.36~117.38 76.20~100.00 473.33~860.91
25.60~72.73 24.07~67.80 208.30~378.33 87.13~106.10 47.45~100.00 0.00~247.96

i [E/MPa ##E/MPa FOR AT /KN /N /KN £ &/MPa

4.86~8.08 9.10~13.21 19.56~88.37 10.24~39.15 0.31~0.88

0.55~2.76 9.29~11.21 45.45~91.25 8.98~31.17 0.37~0.97

1.08~3.50 9.29~13.21 47.54~90.51 14.08~32.71 0.37~0.84

5.19~8.02 9.40~11.35 18.05~35.99 8.77~24.77 0.41~0.62
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Tab. 4 Indicator diagram and category distribution of the well data

(13)

F, = (14)

before and after augmentation

BRI R ORI R R iR R B

IEH 185 185 185
HPERA 81 81 81
sl 36 81 81
AT 9 81 81

3.3.2 RAXIRLR

TEXG) J5 B U255 b AT BRI 5 B AL S 40
BT UNFEL S, o BN 120, LR/ b, K 64,
BRI 80 (8 64 SR AE A 1 i — 4> /Mt B 17
BT 36 5 R AL 4 o BARA IR ER 45 R a3k 5 s .
H1 22 5 AT, ATOC HA I 5 (ML e L A5 AL 1 3% 412 Iy
WERR N 94, 79% , St F“IEH " “ PR 27 K g my”
R b S R 2] BT F(E 5 0 92%
94% .82% .98% .

x5 HBLER
Tab.5 Test results
R TR F{8/% HER /%
EH 92
LA 94
94.79
SR 82
A 98
3.3.3 xR EE

ST SRR R A B T 2 AR E B G i s AL
T EES Wk Re LS, I TR LA . (EAR —
PR, T e AR Rl A AR ZEXT LK
B rf XN FE R B A Ry Rl vk B | AU
FHR Dy VB Sl LR AT SRz W . 3 B % L
BRI

1)GM-ELM #5281, HR¥E SCRRL 8 117 rR iy 7 3%
) H K BE 5 - B PR 2% ) #L (Gray Matrix-Extreme
Learning Machine, GM-ELM ) #4775 D I FRAE$ ), H
P B2 A R AE B A 2 3& T Transformer B4 54 rp 47
[ 40 e

2) C-NLPCA 7 . Fi| I SCilik [6] 702 v iy 7
W, @0 T 4E 2R (Curvelet) Z8 He $5 BUR I BARAE |, 91
fif B A 2 % £ B 4> 4r H7 (Nonlinear Principal
Component Analysis, NLPCA ) #F17 Z 2 {1 51| [ 4 | 7
B2 IS B R i A B LT Transformer BRI

BB 25 R 2 6 s, GM-ELM 1 #f s 5
89. 06% , C-NLPCA HJHER RN 90. 62% , 1% 2 2 X LA
AU ) 12 W E B R A ] AR T ATIOC., i —20 1Y,
AT LLEH S 0 A E R T R T
FHIT AIOC KL, AN 5 AIOC AL F {H
FEF o g g SRR W ORI 7R D U 20X il v AL gk
1T B2 K A — s 14 Rl BR A L ATOC 38 3 il & 7R )
PRI A58 A SRR AT L, BB A% 42 T ASE R XoT il o 2 7Y
IR ST , A RVR A T B — BB R i E B A
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Tab. 6 Results of the comparative test

FA8/%

PR T powre opm e O
GM-ELM 88 94 73 95 89.06
C-NLPCA 91 94 73 97 90.62
AIOC 92 94 82 98 94.79

3.3.4 4 akiX

3 3 T 0 i 2 LSS R RS TR SR T2
RS EE D7 TN DG EH] o Hoh TR 1 L ATOC 2%
i R AR S UL e (ATOC-Oil well, AIOC-
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Tab. 7 Results of the ablation test

o b i Wit
BN PR U A
AIOC-0O 46 76 59 79 72.54
AIOC-1I 87 90 42 92 80.61
AIOC-A 81 86 60 78 82.69
AIOC 92 94 82 98 94.79
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UR2T TR N
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Research on fault diagnosis technology of pumping units based on multi-

modal information fusion

ZHAO Xiangdong' JIANG Wei' GAO Guohai' WANG Yang® ZHANG Weijing' WANG Xin'

(1. School of Computer Science and Software Engineering, Southwest Petroleum University, Chengdu 610500, China)
(2. Mianyang Teachers’ College, Mianyang 621000, China)

Abstract: [Objective] A fault diagnosis method based on multimodal information fusion was proposed. It addressed the
issues of sample imbalance and limited diagnostic information in rod pump fault diagnosis. The goal was to improve the
accuracy and reliability of fault diagnosis. [Methods] Firstly, data augmentation techniques were applied to address sample
imbalance. This enhanced the diagnostic accuracy of minority class samples. Secondly, features were extracted from
dynamometer cards and dynamic production data. These features were then fused. Finally, a transformer-based fault diagnosis
framework was constructed. This framework achieved precise diagnosis of rod pump faults. [Results] The test results show
that the proposed method performs well in accuracy and F,-score. It offers a more reliable and effective solution for rod pump
fault diagnosis.
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