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Abstract: Pipeline girth welds are a crucial component of oil and gas pipelines, significantly impacting the safety of natural
gas and other transmissions. Currently, X-ray Digital Radiography (DR) technology has become an essential method for the
quality inspection of girth welds. However, existing visual inspection methods struggle to achieve high-precision defect iden-
tification. Therefore, this paper proposes a deep learning-based algorithm for defect detection in pipeline girth welds using
DR images. Firstly, to address issues such as complex workpiece defect structures and noise and scatter introduced by X-
rays, guided filtering methods are used for data enhancement, and a pipeline girth weld DR dataset is created. Secondly, the
backbone network of the improved YOLOv5 model, combined with the C2F (CSP Bottleneck with 2 convolutions) module,
is employed to learn the defect feature distributions. The multi-scale feature fusion detection method is combined to judge
the target defects of different sizes. The mean square error loss function is further used to improve the tolerance of noise, and

the automatic detection of weld defects is realized through the output end. Finally, the common defects of pipeline girth
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welds were tested and verified, and the results showed that the average accuracy of detection results by the improved YO-
LOVS5 deep network model proposed in this paper was 95.89%, and the missed detection rate was 2.1%, which could effec-
tively and accurately automatically identify weld defects in DR Images.
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SIAEEC G, S, SR, 5 . ST YOLOVS %% I I MR AR ST 2 BRI RERUI 1], s ARAIL, 2025, 55(5) :30-36.

Citation: TANG Dayun, YUAN lJianwei, WU Di, et al. Pipeline Girth Weld Defect Intelligent Identification of Digital Radiograph based on an Im-
proved YOLOVS5 Network[J]. Electric Welding Machine, 2025, 55(5): 30-36.

0 5l

[l

TE 4 8 N Tl AR v, SRR R A
KIEZITEZ — . Jageit, i 45% B 4
AR i SRR B 287 iy, LR T A
SR 2 TR AP RE AN Tl S T Ao FEAR
AR, BT AR TN R, AT RE ™ A2 L0 AR M
R AR I S5 LRI 2, M B ™ FR R 7
SRR AN 4 o R SR B X 7 i o SR W 2 1 s A
AR, Q] DR R bRE RS T ) AR A S A
I EEL . —BORUL , KRG 3 A 2 1T R o A
PR TR I, 2 T i B e AR L9 AG I (PT) A
BB AL (MIT) PR3 A, DAY 0 ko o R 23
LGN (RT ) VR A AN (UT) o RT A I3E 5 S 2
MRS DRI AR, thy TR R TR, Sk 0 i i
BEATR] , N TTIE IO L B , I 53 B 14 45 Bl if 7
BREE AL E S RIZERE S SRR GEI A S LR
WHN TR, B 5 2 BT #2256 Ll LR
LR B B o) BRI . AR X
LR HLIEAR (CR) FIVEC 7 A% (DR) B BAR i
T AR (EATIARAEN T T Fr, H ke o A
RORMBEMEA R o 7EF E Tl A sh ik Btk |
Bor A PR K SRS T LGN TR EE T DA
ELANBE I 2 R A A A 5 B B A 75 22
10U IR GE A AR 4 R R RE RN DT Y
HE

LA, BEAE KB = 3R 5G W N i &
J e TR 7 2] BT ML e B PR A JiE | fig
g S BT AR R BE 1 SR AR FF A B T R
Fr 5 55 gl 5, 4R PP RO MERR BE AAR E M
SCHR' 1t — 2 AR S5 AG 15 5% A A SR B A 0 3%, 1o
FHPIO BEE A B - B SR S8 RV o8

G BE 4 ) AR I T NS H T TR/ IR ) A
W AR KR UG R B0 15 Rl 4%
B ST BRI RAS SRAE R AR E S8, T 455G BP fili &
P28 A T A R A TR S TR EL T A 91% By 38 A
PO AER 2 1 LA T 528 Tolk A= ™, A fRp itk —
A . SCERU AR AT B 3 N 2R R 2 1Y
RO ZR G0, 31 T TR 1 5 2 HORH AR v %) A 4 5
Fa L (HOEBM RG> A2 Re 1. AR LF
JREETRIB L RN BE ) IR G TR 2 2% H 515
FIEM . LisE AN BV TARGRZEE &
FBURE RN, LSS TRI oR O Sl B AT A P12 AR
S 307 al e == 60 A0 L IERY K E2 0 A sl N P G5 PTG
FAHEAT 2028 P 4 Ef 2 HETA 31 90%. Hou 55 A
P T —Fh R B AL 24 X 2% (Deep convolutional
neural network , DCNN) 52U | P\ X 5 2k [R5 4 B
TRERRFE , B T ARG B AR A 1R 280487 , SR =7
HORAE Ty R 2R TR R 2R
b, B PSSR X X 2 K A PG B s B A T 5 AR
A, CBAR T —E AN AT A 2 Fh 2
SR B AN A 2 IR % L AT A AR AS R I 45 5 1
R, DT 24 1 52 e e RG] S U

R iR B IRNER , AR SCE e B X G A8 1
FEAE X P2 DR EG, SR ] A 38 1 B 5 3 AL
AT GBI G 0, DA T AR A 55 R LU BE
204 — P I T 0 YOLOVS M 45 1 2 RUEE
BRBARIN T, 455 C2FAHUE y T Mkt i7 2
B AREAE B B, I e it 390 i 114 a6 o A U ASE 8 | DA
TSP A B S B R 1 B A o

1 FARFTEMGERSH

& 1 Ak i YOLOVS J4% Bt DR EMZ 2 fEiR



32 FIgHK

2025 4F:

BIOTER SRR . B STl DR R R GExTE T
B TE PRI EE BIE HEAT R AR, X IR s R i
Fy3Gam 3 FEANBR AL BEAT 3] 56 5 0 PR AR 4% R 20
Pisk o B ZORZ B RSk AU YOLOVS #E8Y r
AT UNZRANI, A5 B BREE AN 45 R I ik .

DRE{RIEFg

A Frg ik

il i Ky TR
Pl m%%&%" %ﬁ
; : : i L
G

v S 45 Z
s DR -5 Fe-briic

DRE—
IS 7

DREE AR

)

I YOLO y
i 1 AL Vs C2F

FETYOLO v JHETAL Sl 160

1 ET it YOLOvSEEH) DR ERERPE B REIR A 5 7%
ik e
Fig. 1 DR image defect intelligent identification method process based

on improved YOLOVS model
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original YOLOvVS5n models
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