2
B2k HsM ,% ﬁ)/? Vol. 42, No. 5

2023 9 A Journal of Applied Acoustics September, 2023

o RIS ©

B Faster-RCNN BUATE R Z M5 B AT
R R B SR
ZFEY TIRMZ kHg

(1 TCRRFHTREYR L  214122)
(2 Ptts (L) EHEHAFRAT T 214161)

WEE: AR B A5 O B T8 HE Sk N BRI 1 — P 3R T PR T AR TR AL B
Uitk Faster-RCNN H broAsr I 9 28 F 568 75 AR B D 43 B 58 SR & 1S N BB A I o 1% 58 0 8 T i
F Sk A 0 7R AR B D FHEVNGRIGELZ  RHIEAS B 5 5 R T 1) R, 4 5% 22 X 4% (ResNet50) 5 REAE 6 5 55
%% (FPN) fHE & 1E B T, HEIANSFE R JIBER (CBAM) HI&E RI4HLRRE o 4 SSD P Z5HE LA Faster-
RCNN [ 2% HE 28 F B R 311 2R A0, 48 F VGG 16+ ResNet50+ ResNet50+FPN. ACBM+ResNet50+FPN
A SR T X 48 0K 0 X 7 7 A 428 B0 5 0 0 T A 0 0 S P AR R B FE AR EAT N ZR5 b o 25 SRR, Btk ()
Faster-RCNN [ 24 15 4 7 5 0 850 42 S P SR sl e kar il AR 23 288 05 THI A R Sl L5k, %o /N B (R R DN 14k BB T I

e e o
SKBRIR) . BRPEATIN ; B AR B A R AT TR ZE N2 R - S
FEEES S TP183; 0429 SCHAFRIRES: A XEHS: 1000-310X(2023)05-0984-09

DOI: 10.11684/j.iss1.1000-310X.2023.05.011

Application of improved Faster-RCNN algorithm in internal defect detection of
polyethylene pipe joint
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Abstract: Ultrasonic phased array technology is a mainstream method to detect the internal defects of
polyethylene (PE) pipe hot melt joint. In this paper, an improved Faster-RCNN target detection network
based on attention mechanism is proposed for ultrasonic phased array D-sweep PE pipe joint internal defect
detection. To solve the problem that there are many small defects in ultrasonic phased array D-sweep
pattern inside hot melt joint of PE pipeline and feature information is easy to be lost, residual network
(ResNet50) is combined with feature pyramid network (FPN) as the backbone network, and convolution block
attention module (CBAM) is introduced to self-refine feature. SSD network framework and Faster-RCNN
network framework were used for model training and testing. VGG16, ResNet50, ResNet50+FPN and
ACBM+ResNet50+FPN backbone networks were used as backbone networks to train and compare the
internal defect samples of ultrasonic phased array PE pipeline hot melt butt joint. The results show that the
improved Faster-RCNN network model has obvious improvement in the detection and classification of internal

defects of PE pipe joints, and the detection performance of small defects is significantly improved.
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Fig. 1 Structure diagram of Faster-RCNN network
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