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Defects detection of electric fusion welding of polyethylene gas
pipeline based on DSG-ResNet34

Ling Xiao',Liu Lu',Sun Baocai’,Zhang Zhengtang”, Xu Xiaogang'
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Abstract: The connection quality of PE gas pipelines can directly affect the normal transmission of medium and low-pressure gas.
Structural distortion, cold welding and other defects produced by electrofusion welding will significantly weaken the mechanical properties
of the pipeline, which will threaten the stable operation of the gas pipeline network. Therefore, based on the DR Image datasets of PE
gas pipelines electrofusion welding defects collected on-site, this paper proposes a defect detection method based on the DSG-ResNet34
model to realize rapid and accurate detection of electrofusion welding defects. This network model consists of three parts: the backbone
network CBAM-ResNet34 module, the dynamic sparse gating feature pyramid networks DSG-FPN, and the multi-scale detection head.
Firstly, the CBAM-ResNet34 structure of backbone network is used to enhance the network model’s attention to defect features from two
dimensions of channel and space. Then, the DSG-FPN, which integrates a dynamic sparse gating module, an Inception module, and
sparse connections, dynamically fuses multi-scale defect features-effectively preserving small-target features while suppressing
background noise. Finally, the multi-scale detection head converts the enriched features into precise detection outputs. The DSG-
ResNet34 model achieves a defect detection accuracy of up to 95. 5% , with a P2 layer precision of 82. 7% and a minimum recall rate of

85.6% for small targets. The detection speed reaches 68 fps, and the model contains 22. 3 million parameters. This model can quickly
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locate and identify four typical electrofusion welding defects: holes, fused surface inclusion, structural distortion and cold welding. Both

its detection performance and speed outperform existing models. This study provides a high-precision solution for intelligent testing of PE

pipeline welding quality, which is of great significance for ensuring the safe operation of gas pipeline network.

Keywords : polyethylene gas pipeline; defect detection; electric fusion; ResNet34 model; feature pyramid networks
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Fig.2 The collected partial DR images of welding defects
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Table 3 The training results comparison of network model before and after improvement
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Fig.3 The change Accuracy and Precision,, curves between network model before and after improvement
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Fig.4 The visual test results comparison of network model before and after improvement

2) CBAM K454 0y s ALY RE ) 5% M

FERZ CBAM 456 07 B PE B 2 i), A% SCHE AH 7] 5%
PETRREE T 7 Pl HUAERY 43 e RAE e AR 2 )5 5
A CBAM (CBAM _1) , R ¥E e K fLJZ /51 A CBAM
(CBAM_2) HTEF-#3t 4k JZ A5 A CBAM(CBAM_3) |
Conv_2x FrBti i — MR 22H5 51 A CBAM(CBAM_4) |
Conv_3x M Bt 5 — MR 2 M5 5] A CBAM(CBAM_S) |
BB B G — ik 22 B #5551 A CBAM (CBAM_6) |

FE R AR 2 FF- Y3t AL 2 Z R 4R 5] A CBAM (CBAM_
7)) BEZERANER 4 s, HER 4 WL CBAM_7 SEM T
87. 6% Y = Accuracy F1 62. 4% A e i Precision,, SRR
%24 CBAM_1 U] 7 FEARFIEFE4E J5 51 A CBAM JCik
e A FH R 4R AR AE {5 B, CBAM _2 1 CBAM _3 5| A
CBAM FHRCRALIR T CBAM_7, %15 25 T CBAM 7E & K
b Ak 23 T B 5 0] B T 2k R SCEARE A SRR T A
AR Z T REAT RLAR B X SR AR R AR [ B A A5
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Table 4 The validation results of CBAM different combination methods

Recall/%
[ £ AL AU Accuracy/% Precision p,/% FPS params
sD FSI CcwW Hole

Baseline 82.2 78.2 23.5 82.3 35. 1 53.4 72 21.8x10°
+CBAM_1 83.8 80.5 35.2 84.1 57.8 56. 6 70 22.0x10°
+CBAM_2 85.4 83.6 68. 1 86. 1 70.3 60. 0 71 22.0x10°
+CBAM_3 85.0 81.9 63.3 85.2 68.5 58.8 70 22.0x10°
+CBAM_4 84.8 81.5 56.7 84.8 67.9 57.9 69 22.1x10°
+CBAM_S 85.0 82.1 57.9 85.7 68.2 58.8 68 22.2x10°
+CBAM_6 86. 6 84.3 67.2 88. 4 72.3 61.8 64 23.2x10°
+CBAM_7 87.6 86.8 73.0 90. 2 74.8 62.4 68 22.0x10°

HI'Y CBAM Hij'E T RBALZ PREVER . CBAM_7 (428
BBE Recall {H 3 THABBIARY | HAE/NHRELE YR
AL 2R/, = H o CBAM B304k 5 B AE SRk
HARRFOE G807, [ oy 34 58 3 )22 RN 2 R AT, 175 FSI
1 Hole # A7 A2 ; Recall fHALIK Y CBAM_6 j# it A%
JZENRZZ W B iR RRE A SR B /N B AR AT PRk
A/NEFRRHEZE T BB T 2 0 B i S80S
B, USRI SHE S EEA RIENE 2 7ERTIA
CBAM B} ,/NHARFRIE RS2 BOTF A 7247, B FSL 5
Hole B[00 Recall 22{H &, M 7E & Kfb )2 )5 51 A
CBAM XF/IN H FREFAF () 46 i), T30 3 Recall 228
TG, CBAM_4/5 FAR:8 1+ 5% 25 Je s s A AiE | (H B REAE
KR e B, /NERGFERH# P EK, &1 %
CBAM H R 7E e KA 2 FF- 349t Ak 2 22 i 2 —
HREEE T, 1% RBEE R L S A T SRR Y A3
SR OCERRRAIE | e St AL S B AT B RR ISR AN I 25 4
T 2 R FE G 0T, B R R BE LAY Accuracy FlI
Precision,, , BIHFHEF-/N B AR 68 17, SEEE T & 8009
BEIHLRINH

HIRZE CBAM (WP RE 52 ), 7E AR ) Z% R T A 2 1
4 Foxof AR | 7 i R T Ak J2 0T 2t Ak 22 2 i 43 5
A CAM, 5] A SAM 5] A SE £ & J1 L ( SE attention
machanis, SEAM ) . X 1 & J7 Ml #l ( dual attention
mechanism, DAM) S UEZ5 SR WIER 5 fia, & 5 vl
LA CBAM (1 % 2% B2 AL AL 34 fim 0.3 M 2 %L, B H
Accracy Recall , Precision,,, {H 4T 40 56 HoA 73 325 1 AL
X ULH] CBAM RE 7] iy DA 18 55 245 [8] P~ 4 B2 X R e R4 T
JNBEAL B S R A YRR RRAE AR B A/ B AR Ry
I, /D TS 5 T R A ST 2 [A) AU 8 1 133 DAM
M AR Z SRR DAM BYRGE 5 ) 471 HE 7 U 3
BB S HE R R AERFAE AL 72 v 32 B3 245 B TR,
Bz WHIA T HEZMSHE , SBOTRE A g,
SEAM 3 jof 5 42 2% 1) 36 18 52 B AR A5 00 5 s E AR 1
KSR e CAM B4 (R R S M B 2 IR
TP s SAM AXOCTE 25 [V, Bk = A [ e e R A1E 1Y) 33k
REJ). &5 E 51 CBAM RETE PR IIE M 45 450 10 e 3ok i 5
ST A A ] B4 e A A A P B B E T 51 A CBAM (1)
putii R S =walvINCil e

x5 SIANTEEEANFIREIESR

Table 5 The validation results of introducing different attention mechanisms

Recall/%
B2

Precisionp,/% FPS

Accuracy/% params
SD FSI CW Hole
+CAM 85.4 83.5 65.2 85.7 68. 4 58.9 70 21.9x10°
+SAM 83.9 82.8 50.3 84.0 60.5 57.1 68 21.9x10°
+SEAM 85.9 83.2 65.8 86.5 69. 1 59.0 66 22.0x10°
+DAM 86.2 86.0 68. 1 87.8 71.2 60.3 63 22.4x10°
+CBAM_7 87.6 86.8 73.0 90.2 74.8 62.4 68 22.0x10°

3) DSG-FPN X BIEBE AT SN

SHARZE DSG-FPN i 4

b
He

524
w

Wiy, AR A T 3 S LA

B BIEEERANER 6 s, MR 6 FTLLE . 5 A DSG-
FPN 1) o 28 #5711 Accuracy , Recall 5 Precision,, i)
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Table 6 The validation results of introducing FPN,PANet, DSG-FPN
Recall/%
] 45 #5575 Accuracy/% Precision p, /% FPS params
SD FSI (Y% Hole

+CBAM_7+FPN 84.9 82.1 68.7 84.5 65.3 63.4 60 22.2x10°
+CBAM_7+PANet 88.3 85.8 69.9 81.1 70. 4 65.2 55 22.9x10°
+CBAM_7+DSG-FPN 90. 1 88.5 82.0 90. 3 83.2 68. 1 69 22.5%x10°

% T A T B rp B AR R A 4 (path
aggregation network, PANet) i Recall {67 & ZL T
FPN {HA3& T DSG-FPN 3% J& [K 2}y PANet (3L 1] 4 1% 2%
B FEESRERES ], SR 3R T DSG-FPN 2544 RE1S H i
I MRl 22 ROBERFIE AR D 76 A0 JRR i B 26 A i B
SR 3 WL , REAT A8 DA% B8 07 W AR R R Rl S i R b
FAAERY CHEAR B R R BTT RS M), 5] A DSG-FPN (1
B FPS 5 F FPN 5 PANet, fE1H580R 1 HA W B 1Y)
P, SRR AL L FPN B, (EAEPERETS 2 W 48 Tt
YEWIIZ A REAE 1 2R 5 I Bk ik R AR R 19 35
TEA SR BE S5 DX SRR AR 14 [R] s, SRE DD TUAR TR
YE. MILZ N AZ5E FPN 4544 R H [ A 3 Tt ) T 25
Al AN B GURHIE TR Z R IER &) 2 2R B ITRF B
T AR/ F AR Z) 4 K RUBERRIE R 1] 5 PANet 451414
T B A AR AR R IR S T 2 S BUE BT,
BT S R BT T AL PERE ; DSG-FPN S i H
B A R SR A LR O OC B R I 1
AR IR T XS A B, 7R DR TS ACR Y R B
PEFE T RIRG

4) ELU 30 R B FR M BE 1) 52 1)

R ELU S0E sREL R PERES I, 58 T LR O s
RIS T 5 20 He 9250, B 5% 22 45 FRUZ h BUAS (19 Re LU

PREL S o ELU I%l%ﬂ(\Sigmoid PR Tanh PR T
kR 28 M 3 0 (leaky rectified linear unit, LeakyReLU) PR
B Swish BREC BCA IR IESE H 0 2 7 R S TR,
AL AT ELU S0 bR RE il e A5 78 1) 46000 4 g
BhRIA B A, JUHIE AR A s A N B ARFRE  HoA 2%
R AT WS 32 e B, 7 VI 25400 200 50 e PR 3 3R AR 48 2
1B, TE VN5 0T 908 2 0 2 K5 R 2 e /b JE ReLU bR
B S (Loss) MR AERT AT E TR 50 JET- M 48
JC” JC TR AN S OB TR 25307 3 A U SR A %
LRI AR 2 3 PR Sigmoid AT Tanh AT3A7 76 A% 5 1H 2% 1)
L, H: Loss B AR AELIE 2 T H Al pR R, X AP I 8, 3L
HAE 50 RN )G Loss MH A8 =5, B AL (1) Accuracy .
Precision,, £ 2T ReLU; LeakyReLU PR B IRZZfR T
ReLU PR S 220 [R), H 5850580 3 AT 301 K5 40
AR B B HAR 58 1 06 B VT R B BT R 18, T LA
Je WA H: Loss {431 T8 ReLU PR%Y; >R F Swish pRELAGHR
TR T4 BE HE: TH B M55, Loss BHZR B 4% ELU PR %K,
BHEGBE T RWAIG I TR e
BOLIN Y Loss fHEL R T ELU %L, 25 [, 280 ELU
P PRECRETE N Zad 7 v S PR PR AR Loss {8 A 2508020
T FEE I 2R TR R, i R BT L M 3 I oS I AR AR A A8 i
S (1 ffe 5 A DU P FE

RT SIANTRHEERBHIEIESER

Table 7 The validation results of introducing different activation functions

Recall/%
PRI (F)OE PREL Accuracy/% Precision p,/% FPS params
SD FSI CW Hole

ReLU 90. 1 88.5 82.0 90.3 83.2 68. 1 69 22.5%10°

ELU 95.5 98. 1 87.7 98.8 88.3 82.7 68 22.3x10°
Sigmoid 87.2 85.3 82.1 92.1 79.5 65.8 72 22.6x10°
Tanh 85.8 82.7 79.3 89.5 76.8 62.3 70 22.4x10°
LeakyReLU 91.2 94.2 85.9 94.5 84.7 74.9 73 22.1x10°
Swish 94.6 96.7 87.3 98.0 87.1 79.5 66 23.0x10°

5) RS
UG IE My B A e BB T 4 4L R S
S EE RN 8 Fr R, M 8 W LIFE H %Y Al L K 56

SIE T 4 BB B A0 T Bk T B R R0, CBAM
S 3 2 ) 4 B e 2 A , 0 ) 2 150
ST FEL A X, 0T T 4580 S
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Fig. 5 The loss value of introdcing differrent action funcion

A3 R T, /N B BREAE i R A 38 56 255 S H5 ok
&, FSI #1 Hole [ Recall {H 4 5 4 7+ & 73.0%
74.8% ; DSG-FPN i i 2 25 '] ¥ 0 1 & (5 3% 42
Detect Head N 38 33 21 37 7 SZ AL AS [6) RO B B1 19 4328
5ENL LGN 0. 5x10° S 808 | 7 FR A & 7 i 4 PL
H”,@,,Precision},2 HFT 13.3% ;ELU AL f# T ReLU
B« A 22 SR IR FE ] BT, 386 58 T XoF fk 559 it S AR 0E A 9

xS

FERE ST, iE— 25 B T I 28 455 700 Sl o A 00 25 2R L e X )
AT S B (22, 3% 10°) B ] B BE (22, 5% 10°) 1%
Phygi /b 1545 F DSG-FPN it B s B e[ 1 AR 5
B b 3% $, M X T B ¥ Y ResNet34 £% Al DSG-
ResNet34 15851 7E 2 B50m 45 il 5 46 WA 2 (8] o T3 47 1Y
A RE T, AR /NG S 80 AR A S IR AIE Y 10 25 e 0
R T LS8 FPN RS B — el BE L3
BRI

Table 8 The ablation study

R4 4% A 76 Accuracy Recall/% Precision p,
FPS params
CBAM_7 DSG-FPN+Detect Head ~ ELU /% SD FSI CwW Hole /%
x X X 82.2 78.2 23.5 82.3 35.1 53.4 72 21.8x10°
Vv X x 87.6 86. 8 73.0 90.2 74.8 62. 4 68  22.0x10°
vV Vv x 91.3 93.5 85.9 95.3 86.6 75.7 68  22.5x10°
Vv vV Vv 95.5 98.1 87.7 98. 8 88.3 82.7 68  22.3x10°

6) BAIPEREXS [

T HCEEAR SO B AR R A T Al 1) 5 A AR 7
A, TEAR R B9S2 30 25 F T, X FE Pl T DSG-ResNet34 5
7l 5 JH ResNet34 #% A YOLOvS ( you only look once,
YOLO ) ¥ 2% 4% AU MobileNetV3 ( mobile network third
version, MobileNet ) #& 7 [X 3ok 45 L 4 28 B 2% ( region-
based convolutional neural networks, Faster R-CNN ) #5151 [
T A A ARG 0 ) 45 A7 (1 G0 e 0 L
W2 9 Fron, i 9 AT LA ) : DSG-ResNet34 A5 7 ) £
IIPEREA X BE R, YOLOVSs . YOLOv7-tiny #E%1f) 3=
T E8 24 ResNet34 Ji , FOAG P GE 45 b5 42 11 $2 71,
/WARR Recall {H0 LI EICE JE 09 W, (B /)N HARFFAE
PR RO JBE AT K A AT, 0 T 35 B B Jmy 38 I 245 ( cross stage
partial networks, CSPDarknet) £ T %% T2/ H ¥R F#1E
TEUR 2 W 6 v & 5% xb /0 B br 19 38 AF B Al 42 59,
ResNet34 3 T 11 5% 22 % # tb CSPDarknet [ 15 By Bt 7% 42

WRAE , BEA MR R R A S s TR S RUZ R &
X 4% ( efficient layer aggregation network, ELAN) 3+ HJ
YOLO-NAS HERRAETE R 425K PR B T 2/ HAREY
P PEEARAE /N FARAEURREE B 0 S i {E R 28 I 26 20
F38 2R (neural architecture search, NAS) B {i[a] FH K H
#r, DSG-ResNet34 HAE T s 35148 £ 58/ B i
18, H/NH PR Recall {57365 ] WAL T YOLO-NAS #5
A PP-YOLOE BRI 6 -5 T 190 2% i [ 465 30 38 405 2 4K
W R SURIE K, 5 ResNet50-vd 3 T AHIT AL Y
HGr Sk S T R JA TR SURFAE , 3 S 3 E TR S PP-
YOLOE #& % iy Accuracy 43 Recall HE{H /N, T DSG-
ResNet34 # U f) DSG-FPN 3l i 3 A4 & 43 B, B A 76
ResNet34 T 1T, /5 RE Rzl 5 22 RERFE | B Se FFAE 2
I8 U B 45455 Y Faster R-CNN 78 28 4 3=+ N 45 Bl J5
4G 0 32K B 4B T DSG-ResNet34 B8 3% 75 25 T DSG-
FPN S5 1) 7 i 1] 42 AL 020 1 TC AR T 505 S i s 1)
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Table 9 The performance comparison results of different models
Recall/%
o) 2 A5 R0 FTML Accuracy/ % Precision p, /% FPS params
SD FSI CW Hole
DSG-ResNet34 ResNet34 95.5 98. 1 85.6 98.8 88.3 82.7 68 22.3x10°
ResNet34 ResNet34 82.2 78.2 23.5 82.3 35.1 53.4 72 21.8x10°
CSPDarknet53 66. 5 72.3 7.2 70.2 26.2 38.2 62 7.2x10°
YOLOv5s
ResNet34 72. 1 78.5 12. 1 72.9 31.7 45.3 58 21.9x10°
VGG-16 84.3 81.2 1.9 84.5 32.1 32.7 25 136. 9x10°
Faster R-CNN
ResNet34 85.8 83.6 8.5 86.2 36.2 33.8 18 141. 0x10°
MobileNetV3 MobileNetV3 82.1 79.6 15.3 80.2 22.7 46. 1 54 3.6x10°
CSPDarknet-tiny 78.2 77.1 20. 1 80.5 42.5 41.3 85 6.0x10°
YOLOv7-tiny
ResNet34 81.3 82.0 27.5 83.5 44.2 48.5 73 12. 6x10°
YOLO-NAS ELAN 86.7 87.2 20.2 90.7 43.6 58.9 58 18. 4x10°
ResNet50-vd 85.1 89.4 31.0 90.2 42.5 62.7 63 20. 4x10°
PP-YOLOE
ResNet34 85.7 90.2 30. 4 90.7 40.3 63.5 60 20.9x10°
NanoDet-Plus ShuffleNetV2 79.5 85.5 23.1 88.2 45.2 55.4 92 1. 1x10°
ResNet50 89.1 90.5 29.0 93.2 54.2 66.0 54 24.0x10°
RT-DETR-R50
ResNet34 91.3 92.4 32.4 95.1 55.8 70. 4 55 23.1x10°
EfficientDet EfficientNet 81.5 76.5 12.5 79.8 32.7 49.6 47 6.6x10°

v H R4S ( real-time detection transformer, RT-DETR ) 4%
I Accuracy [ K T DSG-ResNet34 15 (B A4 42 7y
JE FECH FPS X 55 Wil B8 T DSG-ResNet34 L1,
1M DSG-ResNet34 FR1 5 it 2 i AL TE I HLH| CBAM 5
W 4% e S R WG 0L T, e 3% 3 FH/ N Hn
Recall {H ; #1 X} MobileNetV3, YOLOv7-tiny . NanoDet-Plus
EfficientDet 2552 54k W £5 A5 Y | DSG-ResNet34 F5 1 75 4
3 B 5 S b B A X i o 34 (R A R A ik
T E TR B T RRIE SR HCEE 77, /N AR Recall fH 243
I WAL T X Se 2 B AR AL, PR, AFDRE T A 1Y)
LRI DSG-ResNet34 458 10 15 2 i (U 2. 3% (91§
BT, BEREFR +F 68 fps B LB ¥, X HE LI Accuracy
95. 5% il Precision,, 82. 7% [ i & T+, 7£ /)N H #5 Hole |
FSI f) Recall $85_ BB, 2 AR 321 R0 2% A4 4
ALPIZEARRL S T SRR I B2 A T b B R SRR
flRRITE

i#

3 4

BTN PE BRATAE T H A 2 Bl 56 ARG 00 A TR g
P T HT DSG-ResNet34 BRI A4 LR R0 73 | A58 0
3T CBAM 1438 316 — 23 8] A4 B Th ) 184 8 56 B RAE 14 57
1 \DSG-FPN B 2h 25 % B ] 2 45 B A Ak 185 RO A5 B A%

B ANk R A BB S SR AR T
TR R DM A 5 SRR S, A Pl DESO T DE110 45
FEREA A A R SR I P I BUR SD (FST.CW  Hole
Bl R B UL S R P BB, Accuracy 1K 95.5% .
Precision,, 4 85.6% ,/INHFR Recall F1KN 85. 6% , 7E4E
IO HL R it b AR TR 68 fps AYHfE L T, B8R AL
22.3x10°, LUK I B2 RIS H A M, AR oA
RIS 1 A I P BE B 4 RT3 T, AU 2 T PE 4 IE
R R B DR RS THEASIN 75 3, S D MR A8 T A
T 0 o) 4 RE ARG e B A4 1 D) 52T AT i AR 7
Fo B3R T R R, S AR ICA A i T 2
B R T RAEE AR AR IE T P it — 2D 9 S AL
3, TRI I B 5 AR S DR 15 A, 7R SB35
H R RIS (1 ST Ml 30, I % 1 % 1 A R AT IR B
DAL, P2k 8 TR 7E 57 J TR PR 058 Y & i 1 5 5
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