Bk Hom O S O I ¢ Vol. 42 No. 9
2021 49 H Chinese Journal of Scientific Instrument Sep. 2021

DOI: 10. 19650/j. cnki. ¢jsi. J2107796

B T 2idk EfficientNet ISR AREMHRG S BEAQ 77 501 58

I OREVE &L ERAE LA RLETA
(LR T e NI TR 1B 4420025 2. DR DT R AEHE SHLEE AN B SR LI 200072;
3. WAL B R A I AG AT ST e 1800 B 18 442002)

OB AR AE A B R R DU SRR TR ARG S 5 A TR, 2 R — P L TG EfficientNet X7 ( EfficientNet-F)
X PRI SB A (R T Y RE A R 405 UG IR AT RGN . AR L) EfficientNet R 3 T AE BRI R 25 AR B 2 S AR 0 | 5] ARRE 4 735 M ¢
TEREG 2, FE 4 AR R 2 ROERHERL A RE 1 3 5L A4 38 LR 22 0 ML L4t R B2 G e AR A0 38, [T, #4 o
SRR R UG R BT &, W B A REA B4, I8 R W | EfficientNet-F 1) 55 A AR B0 78 X4 b () B39GBk 8 T
95.03% . F11345ME R 0. 96, IF SIHECH 1. 86 B, AHEC T I AR B 2% A 32057 W48 & 7 A DU (R8s 3 R 80  vT LA /2 A
KA A 3K

KEBIR . REMYERAD ;75 22 £ I BT 55 ; EfficientNet-F ; FR1iE 4 735

RESHES: TP391.4 TGI64 THI6 XEKARIRES . A E RiREF R4 KD 520. 2060

An intelligent magnetic particle testing method for forgings based
on the improved EfficientNet

Wang Chen'?, Tang Yu', Zhang Xiufeng', Liu Chao', Li Dinglong’

(1. College of Mechanical Engineering, Hubei University of Automotive Technology, Shiyan 442002, China;
2. Shanghai Key Laboratory of Intelligent Manufacturing and Robotics, Shanghai University, Shanghai 200072, China;
3. Shiyan Branch of Hubei Special Equipment Inspection and Testing Institute, Shiyan 442002, China)

Abstract : Aiming at the problems of low efficiency and low detection accuracy of parts defects in forging manufacturers, an improved
EfficientNet model (EfficientNet-F) is proposed to detect the fluorescent magnetic particle flaw detection images of two kinds of forgings.
A deep learning model with EfficientNet as the backbone feature extraction network is formulated, and the feature pyramid network is
introduced as the feature fusion layer to improve the multi-scale feature fusion ability of the model. Complete intersection over union and
attention mechanism are utilized to improve the robustness and detection efficiency of the model. Meanwhile, the fluorescent magnetic
particle flaw detection image acquisition platform and the defective sample data set are both established. Experimental results show that
the mean average precision precision of the optimal model of EfficientNet-F on the test set reaches 95.03%. The F1 score is 0. 96 and
the floating point operations is 1. 86 B. Compared with other deep learning models, the proposed method improvec the detection accuracy
and efficiency. It can meet the needs of relevant production enterprises.
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Fig. 1 Three typical defect images of magnetic particle testing
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Fig.2 Diagram of EfficientNet-F
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Fig.3 Images of Sigmoid and Swish functions
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Table 1 Structure of EfficientNet-B2 backbone feature

i H %W, ¢, i,
1 Conv3x3 208x208 32 1
2 MBConv1,k3x3 104x 104 16 1
3 MBConv6,k3x3 104x104 24 2
4 MBConv6,k5x5 52x52 48 2
5 MBConv6,k3x3 26x26 88 3
6 MBConv6,k5x5 26x26 120 3
7 MBConv6,k5x5 13x13 208 4
8 MBConv6,k3x3 13x13 352 1
9 Conv1x 1&Pooling& FC 13x13 1408 1
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Fig.4 Forging defect detection process
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Fig. 5 Detection results of three typical defects
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