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Fault Classification Evaluation Method of Pumping Unit Wells
Based on Improved EfficientNet

LI Xiangyu' ,ZHANG Shuai' ,GAO Xianwen’ , YUAN Chunhua'

(1. Shenyang Ligong University , Shenyang 110159, China; 2. Northeastern University , Shenyang 110819, China)

Abstract; The method is proposed to use a relative position matrix to encode the time-series data of
electrical parameters of pumping unit wells into images, enhancing the feature extraction of these
parameters,,and generating a fault dataset for the pumping unit wells. The improved EfficientNet
model is utilized for more accurate fault-level evaluation of the pumping unit wells. This approach
further processes the electrical parameter data of the pumping unit wells and highlights its key fea-
tures, leveraging image encoding and deep learning technologies to increase the accuracy and effi-
ciency of fault-level evaluation in pumping unit wells. The results of experiments on typical faults
and performance comparison experiments with various models indicate that this method exhibits
high accuracy in fault-level evaluation of pumping unit wells.
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Fig.1 Method flowchart
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Fig.3 Improved MBConv module structural diagram
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Fig.4 Network architecture diagram
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Table 1 Partial oil well pump parameters

24 1# 24 3#
mwnss I O
W AT /m 5.52 3.01 4.37
W5 /m 3. 14 2. 40 2.69

il % HAS/ mm 38.00 44.00 57.00
HE/m 5.53 3.01 4.21
FHEVRE/m 2 000. 00 1 696. 00 1 699. 20
T 1/ MPa 20. 00 20. 00 20. 00
U—ﬁf fjﬁ/ 19. 88 10. 00 10. 00
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Fig.5 Experimental oil well pump
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Fig.6 The graphs of electrical parameters of

insufficient liquid supply and RPM images
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Table 2 Comparison of evaluation metrics
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s Lo R b WmE WM
?El*ﬂ‘
WiZE 0.9032 0.9259 0.9062 0.9118
e
W;%!J ARE  0.9333 0.8333 0.9667 0.9111
F1 4% 0.9180 0.8772 0.9355 0.9102
WHE 0.9032 0.9310 0.9667 0.9336
L
Wf FAMZE  0.9333 0.9000 0.9667 0.9333
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FL4Y0 0.9180 0.9153 0.9667 0.9333

T SN L R SR 5 AR AR SCR R
TEAE RIS R TR 18] 8 S LA A
Ui 2l I T 2% B TR W RELRA: , T LA T T el L ¢ 3] 462 72
TEAZE 5] b A FIUI A% 100 L 52 R 25 22 (8] #8 %F i
PS8

NEUEAS I 5 32 Hh R ) MR RE , SR AR W)
P55 Z PR JBE o ) B AT VR RE LU AL, B 7E T
i AAE T A b PR AR £ I A R, 4 R
3 PR, Al LU AR SCREES £ I 4R 1 A9 THE A
R W T A BA e

8 RIEHEEE

Fig.8 Confusion matrix diagram
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Table 3 Comparison of model performance

FERL 24 R HEB /% SEREA )/ s
AR SCAEAY 91. 1 0. 675
EfficientNet-BO!'*) 88.9 0.720
Shufflenet! %] 84. 4 0. 693
GoogLeNet! 2] 78.8 0. 890
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