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Improved weld surface defect detection
algorithm from YOLOvS8
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'School of Mechanical and Electrical Engineering, Anhui Jianzhu University, Hefei, Anhui 230601, China;
?School of Electronic and Information Engineering, Anhui Jianzhu University, Hefei, Anhui 230601, China

Abstract: In response to the problems of traditional defect detection algorithms, such as poor accuracy and feature
loss in practical applications due to the inconspicuous characteristics of welding defects and complex background
information, this paper proposes a welding surface defect detection algorithm based on the improved YOLOv8 (GD-
YOLO). The model first introduces the fusion of feature extraction modules and convolutional modules to enhance
its information extraction capabilities. Then, a slim-neck structure is embedded in the neck network, and the
upsampling operator CAFARE is referenced in the feature fusion stage to assist in enhancing the model's
performance. Subsequently, the attention mechanism module is improved to optimize the overall performance
without significantly increasing the computational burden. Finally, the loss function is changed to Inner-SIOU to
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address the problem of mismatched bounding boxes. Experimental results show that the mAPO0.5 detection metric

of the model in this paper is 7.8% higher than that of the baseline model, and the number of parameters and the

amount of computation are reduced by 0.2 M and 0.7 G, respectively.

Keywords: deep learning; defect detection; YOLOVS; Inner-SloU
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AR, BEE HIE AN TR BRI B A R,
FET A R 22 I 265 1) o I 6 A R T ke o A ) 51
A B R S Y, R o AR A R i T P G
W, A AR SC SRR S B 22— BT B s
R e 25 9 45 ] 3Ry BB BE R 45 (ome-stage)™™ FIRLY
BEMZ (two-stage) . P LRI &, PR BRI 4%
FEEEREA TR, EHEE R, ARG RaERm
SR BEA AN PR Tl 752K

F T T R 50 B R Th AA A E SCRRRAE AR B
FRIEARII . 505 R R A0k al, BAUMELL I S
(8 serb R M TR BRIG bR, KRG H bR A/
JoFHbn, HERIBVNE S E, 255 NI
ek, TESERR TP PR L, KRR e B AR 22 ¢
W 2338 IR S 2R B P A, AN R BR B A AR 230 5
B AL AR B A 2 R T . i T4 YOLO
BRI TRREGER T B FA 0 B FRRE L, Sk [10] #2440 1
il A BN 22 T AL D 25 4544 (ELAN-PCS)
Keff o lm sl , (HoRBERkE Iz e, STk [11] 7E
TREEBBGIATSEIER T (SimAM), S Z4E(5
B H., ABAERINRG B AR Ay TR AR I
SCHR [12] St T PAN BEER I SPPF AREER , 5IA T %
IS oy as e ki P NEINER R R i0) ST WA I EBEE 7 PN
PRETTFAR T, BT/ BFRRRCR M AT . 3
#ik [13] >R F Hi Res2Net fil EMA 7 & 77 AL il 41 5% 11
REM ORI SRS A2 B, AR T IRG B2, (HAG
) S KR B R B o SR [14] 50 AV 3 B IE
(large separable kernel attention, LSKA) # 8 F5 [ 3 Jil
4% (squeeze-and-excitation networks, SE) 1 F1#HLHl,
SR Z NEERMERES BT o BEXTLL IR, A SCik
U YOLOVSn JHEER M4, Ml 5 et H5E,
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UG S AT A LR R AR IE R I 5
SRR SIS A SCBOR; SRS, FESTRR
P2 R AR AL B TR I A s B,
B FORAER T, PR B A 2 R AN U R
feid; S TERILHISS, bR ;s e,
SR R, AR R T HE ] A B L

2 YOLOvS &%y

YOLOVS J& Ultralytics 24 7 F 2023 4F 1 A & fi
B H ARG, & YOLOVS UZk&RUA, 4L T n,
s. m, LFlx 5B, BIARRZE G K, K
WE TS, EH T BAR . SE o E . B
it HPRIRER 5325 . YOLOVS Bk 5| AT
IR B R E AR, BB —1C H AR R AT 55 i 28
MBERE AL T M/ R 2 1 YOLOVS T 75
YOLOV8 HILTER T M4 . LRI . IERAEA AL
WS . PRI Z 0T s Tk 2kt . ARGk
HUYOLOV8n #FA7 i, H K45 H) F2  — 5
R, BT M4 (backbone), #HRIIZE (neck) AT
M2 (head), ZEFAUNIE] 1 BTN .

Backbone &% S0 MUARFIE S, HH T4 HC AT
A RHIESS B BURFIE B . Neck 322467 57 KRR )2
Y15 R IE 5 2 CRRE R RLA, (H H E R HRAE
(upsample) FIPFEENE (concat) K HEAL R A M4 (path
aggregation network, PANet) fl ¢ fE 4 5 3 ™ %%
(feature pyramid network, FPN) fit AR SZEUA ]I
FERRAE A5 Bl G, AT R R W 4% 3% 5K BE
Head 322241 5 A2 i B AR ) 5 25 5, SEXT AR
[ RUBE B REE H AR AT B R0 2 A0E AL T

3 YOLOv8 MZE=ERfiLiL

3.1 GD-YOLO R#&t=EY

A SCHET YOLOVSn $12 Hi — 5 4% 3 T ke Al
55 GD-YOLO, ZMEMIEs (sl 2 s, ey
IHLRAERE R . B, K akak 2245 (dilation-wise
residual, DWR)""" il A 21| 45 1iF Fl & 0 48 A5 B (faster
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I v v
( C2f )=( Conv )—»( Split )-»(Bottleneck}»(Bottleneck*n)b( Concat )—»( Conv )I

v
( sppPF )= (_ Conv 1 Maxpool 1 Maxpool 1 Maxpool 1 Concat 1 Conv ):
| 1 i i

B 1 YOLOV8 M %2544 B
Fig. 1 YOLOV8 network structure diagram

B 2 GD-YOLO M#44#E
Fig. 2 GD-YOLO network structure diagram
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implementation of CSP bottleneck with 2 convolutions,
C2f) th, HERBTAL AR R BARIRBIRE T, hnak
SRR R A AVE B id . RIS, FElE I T
BEAPLHEEE GD_CBAM 5] A Backbone F=F M5 H,
TSR PUIIRGRE . 15, TESTRM L h o] A
% I RAEB T (content-aware ReAssembly of features,
CARAFE)" 4 Ji [ SR AEBLERL (upsample), 1/
T ORFE I FEOO X TAAES B, BEsm P45 (1)
FRERLABE ) . 4, AESTR ML i AR b g
¥4 (slim-neck), | H % 5% IR ¥k 4 F2 (grouped spatial
convolution, GSConv) F1#5 2 3573 ]9 25 45 B fr 15 11 H
1) 22 10 A7) 2L Ok L 355 i 950 0 B I 2% (cross-stage partial
block, VoV-GSCSP)"", - AT £ i il ¢4 6 W A5 1 1l
tRbERE . )5, SRATIK A% Inner-SloU i %5 Bl
IOHE 5 FLSOAE Z R 2%, dE— D4R S [l I 7y
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Ll HVpE AR FHE SR I 4%, MELUN G s
(NRELEET E/EN -3 ol N S =35 BV DR 0 ik i Y
FEMRIET, $R KD KR 2218 DWR 5 C2f fuiff
1785 G Lon i D) 28 5% AN ] R ke B 9 £ B
DWR 56 4%l 3 firs .

[ 3 v C FRonFrE EEE 1 4L, Conv R4
L, DConv F/RIRE LI, D-n3x3DConv KRy 5K
HAER n BT, DWR BIHCR HI P 20k 5 A5 b B
ZRER T XER, 2580 X8 5% 224k (region
residualization) 13 S 5% 2% 4k (semantic residualizatio),
Il i 22 RUBE Rl A URRAIE I

T, #EATIXEER L, WA SRR E RERF
SEFRHERE x, #AWFER S 333 EREEH
R IRl 2 #E AT 5 —4k (BN) Al ReLU #43 pR UL
X ER ZARE (RR), A=l (1) FR,

fi(x) = o(BN(Conv(x))) , (1

A A)FRR R XIS R x B
I ; o (*)h ReLU UG pREL; BN( » )Rt
IH—k#5:4E; Conv ( + ) FIRGFULK/INN 3x3 ITREE

BRL SRIE TS R AL, A BIR AN R 1Y)
TR B BRI BOR R R R AR, T R0E ok 22 4%
fiE (SR), HFKAN
S2(x,d) = D,DConv(f,(x)), 2
Kb folx, ARFRE UBRZELE RS ; D,DConv( *)
FORYIRHR Ry d 1 3x3 B, B XTI LR 2ZERHE
PEATER 2SR, WA AR 2 B FRIE R T BN 2
FRMGE k2%, I 1x1 2 5 35 B PConviR B zs 1]
FRIE, Fak=Uh
S3(x) = (BN(PConv (I, { 2(x,d)})) , (3)
Krf: AOFRRFFERG SRR i ; PConv( +)
FIRGBR IR 131 BB BT Ta « VFoRER
Bl BEH AT ERIE S A RRIE Tk 25 5%
iz, 1335 RER, Fsh
DWR(x) = fi(L(fi) ®x, 4)
. DWR)FRY KRB, @FmAin.
B DWR B 5% 2540 7%, fRifb 2R

2C
\
3C BN+ReLU
L RR
c c ¥ ci
Eale-ale
DConv DConv DConv — SR
2C c 4 c
V279474
@ %
4C BN
B 3 DWR A

Fig. 3 DWR module
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3.3 GD_CBAM M ZE#EIAFI1EE

H e 72 18 (Convolutional block attention
module, CBAM) il i 4% & 18 18 73 & S i (channel
attention module) F175 [A] {4 & J1 B3k (spatial attention
module), WEFRTT THEAIFMRE. KM, BT
PRI 5 8 R A (AN AR AR KR SE BREE ) A0 A B
BRSO S E N A S IR 2E . i, A
CHE YOLO v8 BRI G| A el 5 i 45 PR B I ik
GD-CBAM, ifiid 5| A GD-CBAM fig g s AR Y 25
INFIHERE, (AR T L b 5 AR T SR 1) O B sSUREAIE
GD-CBAM 515 N[E 4 J7m o

PRS2 A% O3 2 — R L RB A5 27 > i A\ 4580
M 7%, ELEL R . GD-CBAM {3 S MLl & 78
CBAM [y 5&fil |, 7F38 1 7 B e iy WA~ 4 i 15
JZ (FC) Z[a] il A Dropout )z, Dropout JZ2:Bfitll %5
AT PZETT, ARRIAEYI Rt B AN I AR L
ik, HERRXTHEE R aE Ty, B kLA it )E

Channel
attention
module

Input
feature

Spatial
attention

38 T T N ] 5 fs, BRI B B AR
Wi eREERE, S ERGEEIN R IAGE,
T 3 o R AE AR ARODCHRAE , 2o Jm i AR
AR
e, W ARHEE X e ROV o B3R
ARAEEERUN, C FoRTEIEE, H W o3 R R AR
IR R BE RN GG o il 42 ey de I A AN 42 ey F- it Ak
AR, KRHERITE RS R 4E R A& RSy — .
XA W
maxpool_out = MaxPool(X) , %)
avgpool _out = AvgPool(X) , (6)
A MaxPool() 4 Ry K fb#4E ;. AvgPool(+)
F A R AR o R BRI e Bl A —
IR IEEZ (FC). F58 — A2 42 2 1 ka h
(DL S (HRIE) BEFTARZeME AR 3, 51 e 4%
B2 R AR, BT AT Ry
maxfc_out = FC(Dropout(ReLU(maxpool_out))), (7)
avgfc out = FC(Dropout(ReLU(avgpool out))), (8)
s FC() M RIEIEZAELAMEH G#:4F; Dropout(-)
IENAEERAE; ReLU() NARKMERI G, K5, @
1t Sigmoid Y PR OB TETE S OAGE, HEARN

channelattention_map = o (maxpool_out+avgpool out),

)

Refined
feature

_>'

B 4 GD-CBAM ix & /#fsk
Fig. 4 GD-CBAM attention module

Input
feature

:

Channel
weights

SO |

Channel C;anfnel
weights a e)ryon

«

A5 @iz sk

Fig. 5 Channel attention module
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Fe, RIS FHERIX, THEAR N

X' = channelattention_map X . (10)

L 7 FoRMAE, BHEREEDN L. MEKRT
JATE R AR, X R AR AR A5 28 BE A~ 2] Al
FRALL S A 52 2 ) pR K. TEREAY T GD-CBAM B
TR NEEEZS 1 C2f-DWR S HE 2 )5
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FENEAUR PRESAE B brasil v B 5 2 G2 AE
M, AR SCK 25 M 28 PEREAT R W 4T, 78
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Inner-SIoU /2 Inner-IoU™" il SIoU™" 454, &
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SloU i 2% pRECH A AL & DO 53: A BE A (angle
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1 BRAL SToU 3 A Uh
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H: JoU N ToU % ARBEE AR ; Q IR AR
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04
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A s (Beobe ) g TIAE i hos 87 5 max() M
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Fig. 6 Angle cost
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Fig. 7 Distance cost
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we T,
b =y 4 2
T xC 2
he xr,
bgl — gt _ a
t yc l2 ' (22)
bgt :ygt " hetx ¥
b c 2

st @1 FI A (22) AT A% 2 U A A R (65
BB (B2 bEY . (bR, 3K DUAS A AR o i Bt SR
HERPIATHLS,

Wi k1,

2

Wikl °

bl =X. —
(23)

b, =x.+

hyxr,

2
hyxr,

2
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X U NS FHE S BUNAE RS IX 38, RPE 8
HA A € X3S
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4 EWERSH

4.1 RWIMERIEMNTEFR

S B 2 K B M Intel (R) Core (TM) i5-13400 Ab
FHES . Nvidia RTX 4060ti (8 G) . #AF R %%
Windows 11 & 4t , ft & % % CUDA 11.3, Pytorch
1.10, ZWAE1E S J& Python 3.9.19, FIFA iy AR )4
PER G — 544k 640 pixelx640 pixel, A=A )1 25 JH]
14 300 4~ Epoch, ALK A I ZRBE AR (batch
size) M 16, ¥IH=#>J % (learning rate) & 4 0.01,

ARSI PR EEBIE (mAP) . FEIRGE (AP),
H IR (recall, R), FHUEHIZR (precision, P)HA&IM)

[]
)
H Wi ,
' '
; (% ¥e) :
: hod
M [J
M [}
' '
[)
¢ '
pot A E P, '
(x¢, y8)
val

Ground truth bounding box  Auxiliary bounding box Prediction box Auxiliary prediction box

B 8 Inner-loU % % &4k

Fig. 8 Inner-loU loss function
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2 Ji (parameters), A5 A 31 8 & (FLOPs), i
(FPS) YERVEREVHAtHE R . AHOCHEAR T AN

p-_1P 29)
TP+FP

R=_—1F (30)
TP+FN

AP = fo' P(R)R, 31)

Z AP(i)
mAP = = (32)
FPS (33)

Time’
Kp: TPIIREARLERG N GG 8 FPFRR
B R R PPN A BB 08 s FNFORBRLR IR
S SR B 5 n N RN BB 1 2 B APk
7R PR MR R AYTHIA; FPS Fen ARSI Lb 31 1) [R5
Bk, Al AR ARG I A PRI B s Time s AL B
T — T PR B 7 BN 1) o AP AR R I 1 A8 114 - 1
HEW R, mAPZ ToU BI{E L 0.5 B 1158 ok A,
APFImAPO.5 ({8 R, A SRS AU A M 1 e A 47
FLOPs F/R (i AT sis B8, FLOPs iR FRR
d TR Z

4.2 HiESE

AR Roboflow 1903t Y 1) H9 Al 7 4 k57 A6
a4 Welding Defect Test-V2 145 4t K2 FF TR 1K)
A7 R TR Kl S NEU-DET

Welding Defect Test-V2 #HHEILAG 4 258005, 4
T JLA] BB (geometric defect), JFE A A (non-
fusion defect). fLE (porosity). K (spatters), F:it
3866 ik, REXH Y 2706 KRN M IIZREE, 773 5K
R0 MRS, 387 kR4 R4

NEU-DET $#E 4 i %I (scratches, Sc)., %l
(crazing, Cr). KM, (pitted surface, Ps). 3¢ (inclusion,
In), BB (patches, Pa). FEAZ AL (rolled in scale,
Rs) 6 KERFAZL . Bl B 1800 KR, &
FBefaes 300 Kk, HrhIZRgE N 1440 5K, SIEEN
180 5Kk, M4k 180 5K,

4.3 BRBHEMA KL

RIS UEAN[A] ToU 45 2% pREIOW B AU BRI 520, A4S
AENE ] CloU |, SIoU. GIoU™ .| EloU™ . DIoU™,
WIoU™ F1 Inner-SloU 1 Jy 171 FAE (5] 9 35 25 o6 B AE

Roboflow J i £ 42 Welding Defect Test-V2 [ i#47
PR R AL SE 5, SR AE R AN 1 7R o Inner-
SIoU 7£ mAP0.5 J7 i iy CloU $27F T 0.7%, 4Kk, 1k
$£ SIoU ., EloU. DIoU L K& GIoU Il %k & , # #1 f
mAPO.5S H A BT B ; 7843 8 % J5 [ Inner-SloU Al
WioU £ . Hit, ¥ Inner-SloU 1 At it i)
P eREICREAS T A b 50 R AR A B RIR N
A1 REBHTI

Table 1 Loss function comparison

loU loss function mAP0.5/% RI% Params/M
CloU 94.6 89.3 2.89
SloU 92.9 85.1 2.89
GloU 94.0 88.9 2.89
EloU 93.3 90.3 2.89
DioU 93.8 91.7 2.89
WloU 95.0 89.4 2.89
Inner-SloU 95.3 89.4 2.89

4.4 HRRIE

R T AR SCITHRE Y ) 4% UL AR T Y £ T
AR, 7E Roboflow JF i £ i 45 Welding Defect Test-
V2 LI TIEREEE, BT 7 UM, LR gh
A 2 FR .

MRPE 2 M SCI 25 0L, WO I B L AR
GD-CBAM A %04 my A RUAG I Bl ARG B R, FRAIK T
RS . A CARAFE FREEE T, HAGEMW N
WA b5 R FEHRAE, RTINS RS 94.2% , AHLL
FEEEAMETE T 6.7 A E 4y, AR T 03 G,
BRI 5% . C2E-DWR AHR X 74 0] F 42 T
JBE, mAPO.S TF 7.6 N YA, W E 4 K4
PP sk B BF PR F R M LR SUR R, BRAIR T B
TR . SRIFHG S0 C2f S5 B i L Rl
22 2% GSConv 1 VoV-GSCSP Ji, A&7 285 g ik /b
T 8% , FLOPs LA FTFEAL, KW GSConv %514 I
VoV-GSCSP 45 #4) fiE % 5 K PR skt /D4 fiF ] 79 T
A, TATIHERA, fEMA Inner-SloU 514k pRi%k
T/ HARRHRG B, AR A% 95.3% .

4.5 A[E BirteMNE A3 K18

R T AP AR SCHT AR AR AR AR S S v
A, ¥ GD-YOLO #7154 YOLO H Arfa il
RIFEATXT G, SCIREs AN 3 iR

M kS B GD-YOLO 7 mAP0.5 FAH H T3
2% YOLOVSn Bik4tm T 7.8 N EH 4. Wi 515450

240296-8


https://doi.org/10.12086/oee.2025.240296

TR, . G TR, 2025, 52(3): 240296

https://doi.org/10.12086/0ee.2025.240296

Kl 353 Faster R-CNN X Hp A SCRL AU AE A T8 b1 |-
WHA TR, 1755 YOLOvV3-tiny, YOLOvVSn,
YOLOv6n, YOLOV9t, YOLOv10n, RT-DETR ., YOLOv1In
AL, F56% mAPO.S A3 HIHETHT 1.9% . 9.6% .
103% . 7.9% . 1.0% . 4.6%. 1.1%, WkigE; 1F
ZHCATHS R, AHXF YOLOV3-tiny, 4350
9.24 M. 11.6 G; HHX T SHERHALH YOLOvSn 55
B, SRR AT AR SRR o3
T 02M, 0.7 G, HIIFHA SR RIAA M E 2,
R AR, B RAFRRIIYERE , JF HAA A
FOMTECT IR 3 257 f7s, W Tl AR =Y T SEms Wil
TR o 42 3 X g SRULBA E— 2 50 0E T A SCRR A
SRGEF B A RINAT 55 A PERE IR

4.6 EEKNHRETR

< 9 J&/~ T YOLOvS %% fil GD-YOLO %3 7F
Roboflow i £ 4 4 Welding Defect Test-V2 [ 45
Wi-44 8% (P-R) % HHhk .

P10 JIR T X bb S0 rh RS DUDKS B 3 1Y) 4 AR

IEAEI I AAINCR . i 10 W, AR T
b5k, ARSCHEH ) GD-YOLO RESS 5 A HbAS I Hy
ANCT B, AR D Tk . RERAYTS O, R,
M HARHE 07 B9 8 A5 AR 20wl LA i, GD-
YOLO WY/ RE5 R A FErE

4.7 HEEGZ RIS

i T Bk GD-YOLO Hik iz kB )1, ARSCR
H NEU-DET #8856 7 T HH R Az A0S0 55 . AR IR
S2H i %F T YOLOVSm . YOLOv7. YOLOVSs,
YOLOvV8n, YOLOvV9t, YOLOvlln, RT-DETR LI X
JEHE YOLO Bt i % WFRE-YOLOv8s"™, SZIG 3k
B D K SR B YA 4.1 R A, DR R SEE
AT EEPE A — Bt . SR AR O BTE L 4,

I 4 BRI RS T X L AT LUR B, A
SCAR AYFE NEU-DET £ 45 % | mAP 7] 35 3| 78.8%,
5 YOLOv5Sm., YOLOv7. YOLOv8s. YOLOV9t,
YOLOvlin, RT-DETR #AIAI L, 545 mAP 43514
T+4.0%. 51%. 4.1%. 5.0%. 0.9%. 2.1%., SA

A2 HEREihs R

Table 2 Ablation experiments results

C2f-DWR  CARAFE  GSConv  Inner-SloU  GD-CBAM  mAP0.5/%  P/%  RI%  FLOPs/G  Params/M  FPS

87.5 855 814 8.1 3.01 247

J 95.1 91.1 88.9 8.0 2.95 286

J 94.2 90.6 887 8.4 3.15 132

v 94.4 89.9  90.1 7.3 2.79 273

J 90.9 891 883 8.1 3.01 259

J J 95.9 920 895 11.6 3.35 318

N \ J 96.5 923 899 11.6 3.35 322

J \ 94.6 912 893 7.4 2.89 243

N V N J 95.3 90.7  89.4 7.4 2.89 257

%3 sfbEin
Table 3 Results of comparison experiments

Model mAP0.5/% PI% RI% FLOPs/G Params/M FPS
YOLOv8n(baseline) 87.5 85.5 81.4 8.1 3.01 247
Faster R-CNN 79.8 83.1 77.9 33.3 41.20 95
YOLOv3-tiny 93.4 93.0 88.1 19.0 12.13 242
YOLOV5n 85.7 84.5 78.7 7.1 2.51 282
YOLOV6N 85.0 84.2 78.1 11.8 4.23 285
YOLOVSt 87.4 85.2 80.1 7.6 1.97 229
YOLOV10n 94.3 88.3 88.6 6.5 2.26 292
RT-DETR 90.7 89.5 82.9 110.2 32.01 117
YOLOv11n 94.2 89.1 89.6 6.3 2.58 307
Ours 95.3 90.7 89.4 7.4 2.89 257
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ST YOLOvSn AL, #EFR mAP $2FF 1.5%. 5
9% WFRE-YOLOV8s [t A< 185 #U P B4 BE 5 0.6% . 13
MR 0.2% , (HHAEF R TR 1.6%, 1 H LB T
T, WPSEBR Tl AR = 5T AR 28 vt R

KagE . LRSS RAE], e E RN, A
SCELALH A AP PERE . HIL Ui GD-YOLO Bk A
{UAERRAE R AR Lo B B ik BE /1, 7€ NEU-
DET ##i4 It BT RAFI RN, i — 25 F B ek

Precision-recall curves

1.0
0.8}
- 06}
kel 1
i) b
[5)
o |
o 04}
—— Geometric defect 0.862 ]
Non-fusion defect 0.886 Y
0.2} — Porosity 0.886 1
—— Spatters 0.864 |\
= All classes 0.875 mAP@0.5
O 1 1 1 1
0 0.2 0.4 0.6 0.8 1.0
Recall

A B
5 4 &

ARSCHR T —FhedE YOLOVS #55 GD-YOLO,
SR DN = GO R T G B R L e - RV Sin )
s BARE S . RIS, XA T ML e gk AT
PiitE, AR T b SR A T OGS ARE, RS A Slim-
Neck 4594kt F1 CAFARE I RFEEF, WIS

Precision-recall curves

1.0
0.8}
- 06}
kel
K]
(3]
0
o 04}
—— Geometric defect 0.959
Non-fusion defect 0.962
0.2} —— Porosity 0.963
—— Spatters 0.927
= All classes 0.953 mAP@0.5
0 1 1 1 1
0 0.2 0.4 0.6 0.8 1.0

Recall

B9 H#AE P-RELAE

Fig. 9 P-R curves before and after improvement

YOLOvV8n YOLOVOt

GD-YOLO

YOLOv10n

B 10 Aotk

Fig. 10 Comparison of detection effects
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A 4 NEU-DET ##5 £t b 23045 R
Table 4 Experimental results of NEU-DET dataset

Model mAP0.5/% Pl% RI% FLOPs/G
YOLOvSm 74.8 71.2 69.0 48.0
YOLOv7 73.7 66.3 68.6 104.7
YOLOv8s 74.7 69.1 69.0 28.4
YOLOv8n 77.3 71.9 70.0 8.1
YOLOvSt 73.8 69.7 70.3 7.6
YOLOv11n 77.9 73.9 74.6 6.5
RT-DETR 76.7 724 70.2 110.2
WFRE-YOLOv8s 79.4 73.6 75.9 32.6
Ours 78.8 75.2 75.7 7.4

FHIE R 7 BEAN R AE B Rfeid . &5, JIA Inner-
SloU 1%k sk, #t— R miHE A ARTEE . 905
KW, GD-YOLO fE 5 by I 3 H5% 4 2 T ol o A6 1)
155 o BRSO3 TN K0 Ty TR A7 A Bt
23], ARABIBFTETT 78 T Uy 5038 £ B IR RIS
Sy AN, DU B RA T AR SR b R A 55
H R B B A R PR AL

FlERISE . PrA 1R A IO 25 o

i
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Improved weld surface defect detection
algorithm from YOLOvS8

Zhang Runmei', Pan Chenfei’, Chen Zihua'", Chen Zhongl, Yuan Bin'
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GD-YOLO overall structure

Overview: The welding quality of steel thin plates is of paramount importance in modern industrial production, with
its widespread use in sectors such as intelligent manufacturing, industrial construction, and aerospace. Weld defects can
lead to significant safety and performance issues, making the detection of these flaws a critical task. In light of this, this
paper introduces an enhanced YOLOv8-based algorithm for weld surface defect detection, named GD-YOLO. The
development of GD-YOLO begins with the introduction of a novel feature extraction module, C2f-DWR, which
integrates the lightweight attention mechanism DWR with the feature extraction module C2f. This replacement of the
original C2f module is designed to boost the model's efficiency in gathering information during real-time detection. The
integration of the Slim-Neck structure into the neck network further reduces the algorithm's complexity and enhances
its ability to detect the rough edges of defects. The algorithm also incorporates the upsampling operator CAFARE in the
feature fusion stage, replacing the traditional Upsample operator. This change is aimed at increasing the resolution of
feature maps and the transmission of semantic information, which is vital for accurate defect detection. Additionally, the
improved attention mechanism module GD-CBAM is incorporated into the backbone network of YOLOVS, which not
only accelerates the inference speed but also ensures that the model remains lightweight and efficient. To address the
common issue of mismatch between the true and predicted bounding boxes, the GD-YOLO model employs the Inner-
SIOU bounding box regression loss function. This function is specifically designed to minimize the discrepancies
between the actual defect locations and the model's predictions. Empirical evidence from experiments demonstrates that
the proposed GD-YOLO model outperforms the original YOLOVS by 7.8% in the mAP0.5 detection metric, a significant
improvement in accuracy. Moreover, the model shows a reduction of 0.2 M in parameter quantity and 0.7 G in
computational load, making it more efficient than its predecessor. Compared to other target defect detection models,
GD-YOLO exhibits a clear advantage in terms of detection accuracy. Ablation experiments conducted to validate the
effectiveness of each module within the GD-YOLO framework confirm that each component contributes positively to
the overall performance of the model. Furthermore, generalization experiments substantiate the improved algorithm's
ability to perform well across different datasets, indicating its robustness and versatility in various real-world
applications. In conclusion, GD-YOLO represents a significant advancement in steel thin plate weld defect detection,
offering a more accurate, efficient, and reliable solution for industrial quality control.

Zhang R M, Pan C F, Chen Z H, et al. Improved weld surface defect detection algorithm from YOLOV8[J]. Opto-Electron
Eng, 2025, 52(3): 240296; DOI: 10.12086/0ee.2025.240296

Foundation item: Anhui Provincial Natural Science Projects in Universities (2024AH050234), Open Research Project of Anhui Simulation Design
and Modern Manufacture Engineering Technology Research Center (SGCZXZD2101), Provincial and Ministerial Key Laboratory of Chang'an
University (300102254501-202412), and Anhui University Natural Science Key Research Project (2024AH050245)

'School of Mechanical and Electrical Engineering, Anhui Jianzhu University, Hefei, Anhui 230601, China; 2School of Electronic and Information
Engineering, Anhui Jianzhu University, Hefei, Anhui 230601, China

* E-mail: czh1619@ahjzu.edu.cn

240296-13


https://doi.org/10.12086/oee.2025.240296
mailto:czh1619@ahjzu.edu.cn
https://doi.org/10.12086/oee.2025.240296

	1 引　言
	2 YOLOv8模型
	3 YOLOv8网络模型优化
	3.1 GD-YOLO网络模型
	3.2 C2f-DWR模块强化特征提取
	3.3 GD_CBAM改善模型识别精度
	3.4 Inner-SIoU改进小目标识别精度

	4 实验结果与分析
	4.1 实验环境及评价指标
	4.2 数据集
	4.3 损失函数优化实验
	4.4 消融试验
	4.5 不同目标检测算法对比实验
	4.6 模型检测效果展示
	4.7 模型泛化性实验

	5 结　论
	参考文献

