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NAFENet: Classification Network for Thread Torque Curves Based on Global Attention
Feature Fusion

LI Wen-Zhe', MA Zi-Han', LUO Wei', WANG Chuan-Lei', PAN Xian-Shan’, HE Xiao-Hai’

'(Engineering Technology Research Institute of PetroChina Southwest Oil and Gas Field Company, Chengdu 610017, China)
*(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract: To improve the seal detection efficiency of threaded oil casing gas, this study'iproposes an automatic
classification network, NAFENet, for threaded torque curves based on global attention feature fusion. Specifically,
NAFENet extends the convolutional structure of EfficientNet-BO0 to u layers to obtain EfficientNet-B11 and enhance the
model expressiveness. Meanwhile, the modules based on non-local global attention and attentional feature fusion (AFF)
are built in each MBConv convolutional layer to.help the model acquire more global information in the curve images and
improve the feature extraction abilitys The experimental results show that compared with EfficientNet-B0, the parameter
number of NAFENet i§ slighﬂ}; increased with improved curve identification accuracy, and the model accuracy reaches
92.87% on the homemade UBT_Curve dataset.
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4 MBConv6, k5%5 56x56 40 2 2
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X A Y Z BT B3
3.4 ERMLEER

A A EfficientNet-BO [ 2% () JEml_ 3804
R B EfficientNet-B11, 3% 3 MBConv R HE 47
T MU, B 5155 NAFENet (4%, HEAZE R0 4
Fi7~. NAFENet £ (1 11 4> Stage 4L, SRR 43 A
IR, BB LB E T 1A 33 MER, 14BN E
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Sy 0, 5 T ) MRS L 2
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P BN RN REFMNRER. GBS 5170 7k
EUE, TSRt B it 4e 0 5 1280 7k B,
TV CUITZRE AL I PE e A2 AL e

4.3 MR TS

TE 0 2% I 0k 1 v A FH B ATLBE 2 T B B0 (sto-
chastic gradient descent, SGD) A FHALAL 17 5K bR EL, B)
B8 0.9, BUE RN 0.0005, ¥1E6 1% 0.001, I
H AT BRI 2k 200 #, batch size W E A 32.
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JER GRS T e 11 }:\fﬁiﬂ EfficientNet-B11, 7
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R 2 i 2R 2 2R 45 . b Params R AR
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B, S PN E AR A A KL S SR AR LA, AR E
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Accuracy =
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3.25%, MUV fE 3 SRR TT, L0645 TR, AL
F TR 43 LA L A AR
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PR B, B33 U 1 NAFENet MU SR T 0 At 1
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(ISR T I L, AR ST Hh 0 0 4% LA /N 1 2 M0 i
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AT ShuffleNet-V L 42 Bt 4 4o b, R RN T b B
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#3 BUEERIERL AL MobileNet-V2 86.25 223 1.67
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EfficientNet-B0 89.62 402 HRNet 90.38 19.26 22.62
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