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model parameters and low precision, a lightweight detection method based on an improved YOLOv8n was

proposed. The partially inverted bottleneck cross-stage partial fusion (PIC2f) module was introduced, replacing the

bottleneck module with a partial IRMB bottleneck (PIBN) module. This combination of partial convolution and

inverted residual blocks reduced the algorithm’s parameters and enhanced the model’s feature extraction ability.

The attention-based intra-scale feature interaction (AIFI) module was applied, integrating location embedding and

multi-head attention to improve the model’s small-target detection performance. Lastly, the average pooling down

sampling (ADown) module replaced traditional convolution as the feature reduction module, reducing parameters

and computational complexity while maintaining detection accuracy. The experimental results show that, compared
to YOLOv8n, the PIC2f-YOLO method improves mAP;, by 2.7% on the NEU-DET steel defect dataset and reduces
parameters by 0.403 M. Generalization experiments on aluminum sheet surface industrial defects, PASCAL

VOC2012 and surface defects of strip alloy functional material datasets also confirm the method’s effectiveness.

Keywords: surface defect detection; partial convolution; inverted residual; attention mechanism

1 3| §

S JEMRME R Tl U & A RE, HA R
il T R RS, SRk Tl Anfs Bk
K SEPERE P E AR Z 1 SR AR 2 1 B
For i) F= BN T AT o Bt AE 7 RS ORI BT
SRARE, AN TR EOESR . RCRMICSEBLS,
AR TR S 4 o 2 T ol L 18R H RTRIF S A3t

TR 1 4 R 2 T B B ARSI B R T B RAR G GG
ME A, BN Pan %% 48 T IRREAGIN , 38 13 A AR
TG I AR R R TR i, (R T/ N BBl
RGN, SORAE; Xu S5 4 T 20 M,
TR FHET &1 8 ek 2 v 9 B A8 ARG IV AR AR e s, LAY
SR B M LUORS W o 2 BB IX I, M g B Y T
/N EBR BB XE AU A T R, Li 5T R T — R T
DS T AR ER R T I AR I i, R R B2 )
BLE RIS, 5 UK /NIRRT SR 114 v S8 T A
FEHi 25, Lu S5 T — R et A9 2% T ML 38 i
(AR A 2 T St B e ks, 12O RS T I I R Y
2 ¥ W &L (support vector machines, SVM) | F JC 3
FIST BRI T/ AR, Ay R T e, SEB
K BE YRR R BRI . SR, (R RIbLER %>
AT R B AT B RTIRG B, N ReE 2 Tolk A ™
MR R

W& BRI R R, TR 2T 1 B AR
IO FH 400 38 s ok B ), N Zhang % % 319 BS-
YOLOVS5s #8 fi; F T #E4 125 4 2% S S R
Ding 2" #2111 T SCD-YOLO 7152 I FE 2455 K6
X4 AR T R BRI S (P R B 2 > ik, BBy
Sk B BE H ARAG I A— B B H ARATS . £E B

PRAM 4T LA Faster-RCNN % 3%, Liu %1 #2
T —FhILTF P Faster-RCNN AN A4 2 1 Bk fa #6000 05
e, TR G 5k 2% I 4% UL 1 R AE i I 2%
(dual path network, DPN) #FA7T4FESE L, HA EEF
FHEARHIE, ZHHRAE LSRRI TUAR BRE S
PETHE R ik fE Sr . Shi ZY B H —FhikdE Faster-
RCNN (% & BB A TN T3, 38 B AR )
B, P52 225 SR RIE I T 42 M B A RRIE SR HL e
H1o Jiang Z" T Mt Faster-RCNN 14 43 J& 22 1
BRI T, 51 K ¥ERIE (K-means) FE7E I35
AR, R HETS I 4 J 22 I RUST, B rm BA  dieF
FENIRES] . TE—BrBe BRI 4k L YOLO AR,
Ma S50 HE T — b A 14 0 R 3 v B o A D B vk
MT-YOLOVS, %5 4E YOLOVS (I AEal 5l AT
Transformer' " Bk, LA 2CHE BRS04 Ja FRAE A
Bo Li ST —FhE T YOLOVS (1 sk R i 5
TR R EFERI . %5358 H] GhostBottleneck
BRa Mg, BE YOLOVS MZgrhiy C3
(cross stage partial bottleneck with 3 layers) A H A1/ %L
GRS, b TR S8R FER R . Xiong
AN R T BT e YOLOX (1989 A4 2 T B 563 4G )
Bk, HE|A Swin Transformer FEHf 3 Bl [ X I 4>
Ja B SUER, SRAIBOU AR RS A E5 2% (BiFPN)
LIRS RBEERHERLS , SO AL AR R R, BA K
I HETR R AN S M. Liang 25" 42 H T — Rt iy
PR G E L GBS-YOLOVTt, %551 GAC-
FPN [ 2% , i A BUZ % b T8 2 A H gL A SloU
(SCYLLA intersection over union) i1 2% pR ¥, i fk il
FURE A1 )5 5 2 NEU-DET 5095 46 1 SC R W i .
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WA ELAE" %) YOLOv8n SRS T T ke, #% GAM
(global attention mechanism) 3 & Sy ALHI B H i A 2] 3
TR, hnsR T EERE T AL EE R . BB H
FRRINRG e g, (RN At s — i Be F AR A 2
AR, REASNE SR oK, (A
WA, H RSB AEAE B i 23 [

FEXTLA BRI, A SCHT9E 4 T AL T R o 2
PR, B2 T PIC2f-YOLO J5 15 IR 4@ b1k}
TEAE P RE PR IT L ety B, R
SE AL B AR SRR o B ST R A AR B A SR
4 (partial inverted bottleneck cross stage partial fusion,
PIC21) BV E RIS S SR G 4, (i PIC2A-
YOLO R G A ] RUBE AOARAE, S A4 3 HARAY 20
THAREE, R R TREE ) RE A SR Y
SRR E RS R R TR RSN
FIEAE H. (attention-based intra-scale feature interaction,
AITFT) BEER 5 PIC2f-YOLO A& R 7 /] — Ji'ﬁ* ARNESS
MEAZHAE S AL I FAR 2 [ HESIME B, S mxd /s
HARAIRINRE 7 o 55 (8 FH P34t A R SR AE (average
pooling down samphng, ADown) & BB ARAL Gt 1 B
TORMERSR, S SRR, ORI
FEEEA W’“E’Jﬁﬁh? iF— 408/ PIC2f-YOLO B[
ZHR AT R

2 PIC2f-YOLO FHi&

2.1 PIC2f-YOLO #&%!

YOLO (You only look once) J&=3EH} HARKGME 1,
Hr YOLOVS M n 48k iz s 10 B AR DA A
mﬁA\i$\ﬁ%ﬁﬁm%ﬁﬁmownmw”
& s Loomy x SRR, ST TR A BRAY
%ﬁ?*ﬂﬁmm&M@ﬁ AR n BORLES TRk
Sk R R S B A T I 4 R I 4%
PIC2{-YOLO MZ&Z5k 4l 1 R

PIC2f-YOLO (1 &= 1 M 45 A1 7% 38 4 2 (Conv) .
ADown, XU FURFEfl & (C2f) 1 AIFI B3k, Conv
R A e (R {508 1 5, B A4t 2D B FH (Conv2d),
2D it @ AR L (BatchNorm2d) DA B i #6451 (SiLU)
Ak s A KM% ;. ADown &5 & &AM L E
WD FHE R R, $REBOCHERRIE ; Cof BB 2
Oy SRRERNS, BN AEAS . ATFT RS HR % 2 e/
REFRAFER, il 23k L, e afE Bk
TTEERE, A BT PIC2f-YOLO KA Fy/IN H AR .

PIC2f-YOLO 9 251 35 ™ £% £, & ADown il PIC2f
ik, ADown F He BEARFRAE B RS, 5 H M R

FRERIZE G, T RERFIERL G ; PIC2f b it
TR AR A BE A R, i R SR A B LR

R R R &R 2, ILAMELRI ] A B 1R
ME, PE—EH0% PIC2f-YOLO R 14/ B AR R E i 42
fEt1.

c2f

( car HConcatH PIC2f }—»
( cof (_Pic2t }—»( concat )
==

Co%cat) ( PIC2f }——»  Head
( C2f ) (Upsimple)

B 1 PIC2f-YOLO 44
Fig. 1 PIC2f-YOLO structure

22 EEEREAIEZT XS PIC2f &1k

£ YOLOv8n Fiii [ 25 v, C2f 514 3% 38 4 1
FZ A0 (bottleneck) 21 AL, X T80 T A ) &2 2w
JERE, TERAE VBRSNS AR ) fORe
TESRICRE SRR R A . AP 3R )8, Chen %™
%L‘H H#R 5345 F1 (partial convolution, PConv) & T-fii

AR s, R SRR AR R A
j('f‘m AR o b, Stk — 20 4R i A AU A TOKG BE
Zhang %7 7 18] B 5% 2% Bk (inverted residual block,
IRMB) iz i 901 CNN 4249 515 5 I HLI 25 &, A
B R RE B 4 . AR ST T Ryl 45 FRUE
(partial IRMB bottleneck, PIBN) BBk | 1[4 2 fif 7%,
F % PConv A IRMB ZH A%, #4 PIBN B C2f itk
1) Bottleneck #t, {7 C2f JFAESE, WE)mHE
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FUE & 28 L ElG (partial inverted bottleneck cross stage
partial fusion, PIC2) # 8k, N[5 3 fr7x . PIC2f ¥ H
C2f [y 31T, T ARRIE 280 530 45 B B o
ZAGY L, Hrh R4y 3G T PIBN A TRFIE 3
s, Bl R RS (Cat) BAER G 2 RE
fFE, IRl S AR U R E . o T kSR
1% PIBN BLHHEE BN FEAETCAR AR 853
nBCEHN 1.

PIBN L3 R PIANER 43, S — 43 R FRAE 4
FEHL, 38 WIS i SR PConvy XTAFAE 4T & FH LA
TnsRERE(S B LR . PConv F AFRIE K BYER /18
T ARSI, AR E AR AR, IS8
LR (Conv) M EL, PConv 7EiTH B MBS E FFE
Pi#. Conv Hl PConv Z5H4 4N 15l 4 frzw, Hrb w A%y
TEEISE, h AFEEI S, o A RAAIE 1 Y 38 8 2,
¢y N PConv MYIHIERY, k MBI K/N, He, A
A FRAE B 38 18 50 25%, HE e kB ETIN (o,
L, e 1] WYIEIE, BRI IR, PR
R M B — B A SR v 2 B

Ty N\ 5 4 AR A RS LR, Conv 1Y%

HITERFMSEEP N
F.=hxwxk*xc*, 1))
P.= X @)
PConv MV s HE & F, IS5 P,
Fy=hxwxkxc,, 3)
P, =KX (4)
Shortcut=True
(R ) > [
hxwxc hxwxc

B 2 PIBN &4
Fig. 2 PIBN structure

A

hxwxc

hxwxc

B 3 PIC2f 44
Fig. 3 PIC2f structure

H T PConv I T # 7 i 1B %L, FRAEHEHLGE
18555, I IAE PConv Ji 36 /il 15 3 % 1 (pointwise
Conv, PWConv), | H A i 18 %5 LB b 4 R
B, HE SRR F, . IS8R Py 30

Fp+pw=hxwx(k2><c§+c2), 6)
Pp+pw=(1+k2)><c§. (6)

24 PConv F| A 1/4%( & AY 8 18 A, PConv F
PWConv 4G A PR i TR IS AR 533 Conv
f91/16+1/K>F11/16 + 1/ (16k*), K, PConv 7E344
HMSHEIT Conv #:4F, W8 % $27F PIBN
BT RRCR FGEER I

PIBN #EH (58 8 73 W Re R Rl G A, 4
ROARAE S AR B3k 22 IRMB), #id Transformer F
T TP R BE P 4 B 5 B — 2 Al S R AE R
5 B EB A RORRS BE AR AR, Z5F il 5 s

|, X ARIEE T Ix1 B, AR E
(value, V), #if] (query, Q) Fl%E (key, K). ¥ Q F1 K
OB A R B A B 4 [ (attention
matrix, Atten Mat), ZHFFES VAT RER L, HE
BAAAIAE] v I, sk A BUG rhoAE DGR X8
B, PREEA T E . R, XTIECR AUS R
MEFHEAT 3x3 BRI ] 73 B (DWConv), iE—20
PEMURFRAFIE . Ry T AR AT S A 801 3ok A J3E A I
WAfERG, FEIMACR RS FRAE B 5 B B W] 2 B 4R fS
FYAREAE [ 38 2 5 25 S FE AR N . B, Rt 1< 1 B
PRI RAE R IE AL, 5 AR [ 7 ik 22 1 4
PR RAOE I, DA TITHG SR AR () P AR BE ) RIS
(LN eI

Wl | —> k|| —» h
c k
w w
Cc C
4
> (] — [
Cpk
w w
c, c,

B 4 Conv #= PConv ##4. (a) Conv; (b) PConv
Fig. 4 Conv and PConv structure. (a) Conv; (b) PConv
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B 5 IRMB %4
Fig. 5 IRMB structure
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Z AN BARRRIEAR S HEITME LA 78 43l PR e £t 42
TN AR BRGHFAE o EFXFIX — ), Zhao 4% 4R
B E T B T RS N RRIE 22 B (attention-based
intra-scale feature interaction, AIFT) A, #1455
EHRARZ KT IIHUE], 5850 23 AL EAF SR
FEAE R OC R A9 PL 3, AR T Bk )R,
ATFT BEHANEL 6 R, B e X A FRAE AT — 4k
1E . RIEALE R, AR S RN S /N
[i] Py 23 TR OG22 S HES I =K. i ARIALE (R B (position
embedding) 5 i A FEAE El i A Bl 2 kB
(multihead attention), FATIHREZANFEE Tk, M
RUMNANTE] A7 B L DI S R AR (R AR S . SRS,
multihead attention F4i ARHEFI A TR 25 % 8z, #fR

15 B A 5% 156 RS BE AR % 4% . L2FG X5k 2518
25 W RRE AR R 547 IH—1k (LayerNorm2d) . 4= 3%
2 (FC) . Wi (GELU) K AHIK FC, i RAFFIE 310 1
— 3P, SRRSO RRRIE R AR ST . FA
FHIEE S L2FG #2845, i) LayerNorm X 4HEE
HATIREE , BRORERIE A A e AR E PR, JT 3
AR B A RCR N R, e
TRERIRRE L

2.4 Tl T R4#E ADown FEER
YOLOvSn Ht I SRARA R 25 KO 2 7 3x3 4
BOSRAIE R BEF TR Ak, 380 TR A S50 F T i
Wang %55 42 1 #4359 #h AL R SR B (average pooling
down sampling, ADown) F5 38 128 vt fb 5 & PR A
NSRRI ERE , DR S e AR
ADown Z5FNIEN 7 PR o
ADown Fit 3 2 Hy 2D FH3AL)ZE (AvgPool2d)
2D fc K Ak)E (MaxPool2d) A K 412 (Conv) 4H .
T SER A 2D PR Ak 2 ARRIE I A A (Y

hxwxc

‘ —?( Position embedding )—b( Multihead attention

.‘ 4—( LayerNorm2d

hxwxc

L2FG —>(LayerNorm2d)—>( FC

}»( GELU )-»( FC )

B 6 AIFlI &4
Fig. 6 AlIFI structure

‘ —>(Angoo|2d)—>( Chunk )

hxwxc

MaxPool2d

hxwxc

B 7 ADown %4

Fig. 7 ADown structure
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3.1 HiiR&k
AR SO FHAY 4 Bl s 4 5300 O 746 K % NEU-

Swelling Dent Scratch Peeling

a8 Il
" i I ! :I | a vm
1 i, L.

DET A4 FABCm A | 47 R 25 i Tl i A D 53
£ PASCAL VOC2012 B 421 ik & 4 ke
MR B EARED", B = AR AR,
e fa—A R H AR . T BRSP4
U UEAE RN, BoRA 8 1 1 ¢ 1 L BIRERLRI 43 .

IRV EAR AR S AR B . — MR
AR RPN B . Horb s R Tk Ak
DEHEAE S 400 5K IE R, & RIIR (scratch) . I
15 (dirty) . #4549 (fold) 1%l fL (pinhole) 3t 4 Fhk [
A, GniEl 8 Fran . i8S PASCAL VOC2012 &
f5 17125 5K R, 320 FhaeAd,

Scratch Dirty Fold

Pinhole

B8 4ah#k4
Fig. 8 Aluminum sheet defects

B ERSE T, NEU-DET 30456 1800 3K[4]
1%, £ & Z44% (crazing) . J£ 42 W) (inclusion) . ¥R
(patches). f.iH T (pitted surface) . “EALFZ (rolled in
scale) FIKIIR (scratch) Jt 8 FppE AR, ik & 4 )
REMPRL R T BR P A IR AL AR I Tl = 2, N &5 26
BEAHALIC I R AE 2k 2042 sREREA IR, A& B
(swelling) . ML (dent). 3 (scratch). FLE (peeling).
B0 (gap) . ZFFL (perforation) . #E%4% (weld) Fl & IR
(snake) 3 4 Fh A BBE EUR QA 9 B,
K EME ) 5 PER A 4096 pixelx2048 pixel, 3L 8 Fjifk
MY, TR G A D Re A I ik i Bt SR AP A
FEA S BN RS AN Y (R R, PR I3 2ok 7 755
IOV Bl e Rk B S B Oy 5, PR AR

} | ¥’I m
i 4 if ‘

Gap Perforation Weld

B9 dREEAMAR DI

Fig. 9 Surface defects of strip alloy functional material
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HiE
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ALK Ubuntu 22.04 248, % PyTorch
2.3.1 #EZ8 | Intel Core i9-10900X CPU f RTX 3090
GPU (24 GB .1%). 1EUIZp B, R AdamW £ K
Ak, WIth2: 2150 0.001, Bk 0.9, FIHREL
70.0005, HARMSEI BN ARG
640x640, batch size X/NK 32, epochs &y 200,

3.3 EMERR

AR SR - HRE EE B (mAPs, S mAPs.5)
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{il. mAP;,; FE/R7E IOU MIBIE SN 0.5 5 0.95 B,
PL0.05 K, Frf KT MR (AP) I3(E,
TEFIEE (precision). I3 (recall) #1 AP 1A A5 .

3.4 HiELIE

{8 /] YOLOvSn Fi1 PIC2f-YOLO 75 ¥ 75 54 14 55
Ja PR A DR A 3 Tk A Rl 4R L F AT 525
B BRI mAPs o5 QA 10 B .

o+ RN G5 S5 1A R A 4 D RE M R 2 T
BAE4E . YOLOv8n 7EEHI Y 35 i A B FE Y mAPs,.5
H37.8%, FEEIERTRIE LI T 42.1% ) mAPs.s,
T 43%, PIC2f-YOLO J5 iLAEBRIG 8 2 i i
BB mAPs s N 36.2%, IR Z J5iAE] T
42.8%, T 6.6%. AILVEH, i ke idasg
SRIETEREFE TR, REAEEI A AR TR A AR
Jr & 5 AR AR T RS KIS L T, BT
SRS RETT

3.5 jEEhSEIE
A PIC2f-YOLO J7#: Lk YOLOvSn SRy FhLR Al

A1 BB HEE T L L BAITEHK

Table 1 Number of defect labels for each class in the dataset before and after data augmentation

0.37 0.36
9 0.31

0.2

Defects Training set Validation set Testing set
Swelling 337/643 38/104 43/73
Dent 493/981 62/120 65/118
Scratch 1752/3006 189/375 228/405
Peeling 1145/1981 141/244 180/237
Gap 417/632 52/71 39/86
Perforation 131/239 11/20 17/27
Weld 285/432 29/51 30/47
Snake 119/254 27/33 19/30
0.9
== YOLOV8N
08l ™ YOLOv8n+ o8
: PIC2f-YOLO o07a “ .
== P|C2f-YOLO+ 078 :
07} I
0.63
0.6} B o0
053 054
é 051l 0.51 49 0.49 -
% 0.41
1= 04} . I

0.

0

Swelling Dent Scratch

39
0.36
03144 031 e
0.3 0.27
0.24 0.25
. 021 021
0.2} o 018
01t 0.10 I
: 0

Peeling

Gap Perforation Weld

Snake

10 £ R3ERAT /S Bl MAPgg g5 1H5T Hb

Fig. 10 Comparison of defect mAPs, s values before and after dataset augmentation
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IS =T IS TG, SR I A U8
ACAE NEU-DET £ % LNl ismhsc st . Ho
M1 2 7% 5 550300 90 4% 1) C2f B B B 46 oy PIC2f A6 |
M2 FoRH T 2% i) SPPF #55 B 2 i ATFT A5 3e |
M3 3 7R 3 BB N 2% Y T SR FE AR B 4
ADown 5, SCIRZEIANEE 2 PR,

HZE (Baseline) N AR H YOLOv8n, FHKM 4%
I PIC2f A J5 (85 Y J5 vk 55 FE 4 L mAP;, 42
B 1.6%, SR/ 0.218 M, ffi i AIFI {33 1 ¥l
S B 5 2 5 R A mAP 1255 1.8%, THEHE 2
JEARFE S . SR ADown A5 B i 7 9 15 BE LR AH L
mAP;, #2155 0.9%, SEEFFK 0415 M, SEEIER
He2 5 1, IR RERIK 0.9 G, AR RERR
HE& RIRESS 1, 454 PIC2f FIl ATFI (5 v 5 3L 48 A
I mAPy, 32 T+ 2.3%, mAPy, 8 bR HE4 45 2. Bh &
PIC2f, AIFI fil ADown I J5 75 5 24 AH & mAP;, 42
F2.7%, mAPs, fatrHEA S 1, SEEI 0.403 M,
SRR TR HER S 2.0

FIA PIC2f BBk 5 UMY S IELR A L, mAPy, 2
R 76.9%, FPS [ 98 f/s. 1%k 2 W 16 250 M 4%
(W ZANRHE LGB I B B PR, BefikE L
LT XEE, EHT 2 REFERIES, EifER
PR 22 B W R . AR UL EEAE L E—2B 5 A ATFI A
He, mAP, 5% 77.6%, FPS %% 84 f/s, UiHlE T
W 28 R RS N 22 Sk 1 B WL 28 IS AR X6 1/ R
MG AR BCRE 77, (H ATFT B F T30 38 4%

2 MRAEE, THRARRE N, S S0 I
E—2L A ADown #3J5, mAPs, $#2F & 78.0%,
FPS [ % 82 fis, RN RAEBIHAAEH THHEE
AR, X TASTIR RS IR B AR S AN

FESEBRAE PR T, AR SR A I B B 5 Tl AR AL
SRAE UG KA I A B B ARG, Tk AR sk Fn
QAL EAR I . Hoh UGG RS — B IR T Y
I KR Y Tk AHALAY FPS, il CMOS 1% 8% 4%
FPS g 30 /s, Tk AR HIL A% S B 00 528 13 7 22 30~
60 fis, 7 CH R NEU-DET $¢#i 4 T FPS J&
82 f/s, A F=ER [ SRR B R, LA B AR
FPS iA%I 163 f/s, (HAGIIKEEERAR., Bk, 7 2AER
UK J R0 Ak PR 3 =2 R 2 1) o, 3 2o FARAIG
RGN 3o LA S TG DS 138 1 SR W A S B g
HURAIRNY . TR S R R, ARG
PIC2f-YOLO J7 i 76 K INDORS J3 . 4 B 0 8 R A 76U 2
Bt Z (IR 2] T RAF P, B R A S PR
Hrfd.

3.6 PIC2f R E It

gk — A AR SC PIC2f-YOLO J7 ¥ PIC2f A5
HeiA %k, 783078 NEU-DET $0#8 4 b XF PIC2f fiY
PConv il IRMB #A 7ML SES:, JFXF IRMB #EATIREE
Ao BB BUWE NS

PIC2f 5 5 1 3 2k S22 A i H] PConv Il IRMB (1
YOLOv8n #&#Y, 3 3 FpsE —47{UfH ] PConv [T,
EILLEFRIMI L, mAP, ¥ 0.3%, S 0.417

A2 HEkLihs R

Table 2 Ablation results

Methods mAP50/% Param/M FLOPs/G FPSI(fls)
Baseline 75.3 3.006 8.1 163
+M1 76.9 2.788 1.5 98
+M2 771 3.238 8.1 128
+M3 76.2 2.591 7.2 153
+M1M2 77.6 3.019 11.5 84
+M1M2M3 78.0 2.603 10.6 82

% 3 PIC2f 234 %

Table 3 PIC2f experiment results

PConv IRMB MAP;,/% Param/M

75.3 3.006
V 75.6 2.589
v k=1 75.8 2.783
R k=3 76.9 2.788
\ k=5 75.6 2.797
\l k=7 74.9 2.811
3 k=9 75.3 2.829
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R T AEA [ /N7 B X AR R 4 fIE SR AT RE
FISZIA , IRMB A58 VR B vl 43 B9 45 B 40 Sl i
HF1.3.0 5. 7.9, NERPATLE 1 Y B CE
30F, mAP, Fefl, mAP, TEARHEZ S 1. BRI
BN 1RSI, H mAPy, FIBECRISRIHER S 2
LRI E N 3 5SERIZEE RN 1 SCBaitit,
SR EENE, BEE AR ER I 2 R R

IRITBRWZ I E R S Y, BT E N 3 LKA
%mm%%ﬁLmuEﬂﬁﬁi%%ﬁﬁﬁﬁﬁﬁ
FIE R R E R,

Bk, ER 1113 52 M R L 1 i

Crazing Inclusion Pitted_s

B 11 KRF % % NEU-DET #4348 & T 94 52 4],

Fig. 11

Swelling Dent Scratch

B 12

Peeling

PR B 43 140 LR A/ N T LA B e - Joy 5 4
JRAEE, PRSI .

3.7 AIRAL3T EE LI

AR SCIE S LA AR AN () A R B AR T A R I A
Hok /R YOLOvVSn FIARSC T kit fE . 5] 11 R
YOLOV8n Fi: A7 75 34 4% R Ak Bz B A B G, M
DUl 2 T A ™ e B AN 1 A R o AR SO ik e
TR ARSI A R R DI, AR R e T T
1. TERAE | BEHFIRRERFE | PIC2f-YOLO J5ik
FHEET YOLOv8n HA e (Bl e B AR L

[ 12 &KW YOLOv8n 5575 A7 75 M T Akl 47 ik
MR ER G, TIAR SCEETA RENS T b b AG I Hh A 3L

Patches Rolled-in_s Scratches

(a) 4R e94Lra B 1%, (b) YOLOV8N; (c) PIC2f-YOLO
Detection instance of different methods under the NEU-DET dataset. (a) Annotated defect images; (b) YOLOv8n; (c) PIC2f-YOLO

i ’
| 8 | ‘l
| diih

TR T ik AR RS2 R AT AR B B 14 2038 R T 6942 M 240,

Perforation Weld

(a) ARiE oG B 14 B %

Snake

(b) YOLOV8n; (c) PIC2f-YOLO

Fig. 12 Detection instance of different methods under the surface defects of strip alloy functional materials datasets.
(a) Annotated defect images; (b) YOLOV8n; (c) PIC2f-YOLO
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BRBA XS, B R T IR RS O . FEEEL . R
B gEAL . KRAEFN IR BRG T PIC2-YOLO J7ikAH
BT YOLOv8n B AR M BkIG B AR B . PRI A SR
Y PIC2f-YOLO 5 ¥ E S 4k e o Fleder, Hag
SR A RFE SR ICRE ST .
3.8 ZALEIEIE

AR S I8 R FH B A 2 1T Tl A T i 4
I PASCAL VOC2012 ## 4" Xt PIC2f-YOLO J7i%k
AT ACHEIGUE . A FEB AR FIA SO AR LR B Rh
B I TSR b, AR AE R ANEE 4 FnEk 5 T
7N, AIAI PIC2f-YOLO Jy k780 A e 1 Tl Sl fe 54
££ A mAPs, ik 5] 95.0%, M T HRLH R T T
1.2%, Z%0E0/0 T 0.403 M, 7F PASCAL VOC2012
MEESE 1) mAPs, K5 T 59.2%, LT HELAAY
PFT 0.4%, SHERFIFE/AD T 0.403 M,

SEYGEE R, ARSCHE Y PIC2f-YOLO J5ikfE
AN [) 2H TR RCHIE A I 2 2 I LR 8 o ) G 0 4 T A AR
MRS S HE, SO E T 38 A Bk B B iz 4

EJ1.

3.9 XftbsLmd

T PE—HIRUEA S PIC2f-YOLO J7 i HAa %k,
FESCB RS 5 SR AR S LT, 78 NEU-DET .,
VOC2012 Filafi IR A 4 Ty e A4} 25 1 s b B 42 1
P AR 5 1 5 HA 32 IR B 2 ) B A TSR R X L
FIEERANE 6, 7 Ik 8 PR,

1E NEU-DET. VOC2012 P IRG 4T RER kI
T B s g2, Faster R-CNNU! g 28 Uiy — [ By
B, S 76.7% . 56.0% 1 57.2% ) mAPs,,
36.3%. 40.7% F1 30.6% [ mAPs,s, HHESHR K,
KA, 7F YOLO RFIH L, PIC2f-YOLO J7
2 5YOLOV3-tiny™” . YOLOv5n, YOLOv6n"", YOLOV7-
tiny"”. YOLOXs"™. YOLOV9-tiny"’., YOLOv10n""
1 YOLOvSn A [t., 7F NEU-DET 344 ' mAP,, &
Fror 5 8.4%. 3.9%. 8.0%. 102%. 3.4%. 2.8%.
7.1% F1 2.7%, 1E VOC2012 ¥4 4 ' mAP,, $8 b5 4>
e 6.6%. 12%. 03%. 13%. 1.6%. 0.1%. 0.3%

o>

¥4 EhEBITbEaHIEEZLEED

Table 4 Generalization experiment results on the aluminum sheet surface industrial defect dataset

Methods MAPs,/% Param/M FPS/(f/s)
YOLOV8n 93.8 3.006 190
PIC2f-YOLO 95.0 2.603 88
%5 PASCAL VOC2012 #t# 2L % 5
Table 5 Generalization experiment results on the PASCAL VOC2012 dataset
Methods mMAP,/% Param/M FPS/(fls)
YOLOv8n 58.8 3.009 71
PIC2f-YOLO 59.2 2.606 45
£ 6 NEU-DET #t48 % 5230 2O 1
Table 6 Comparison experiment results on the NEU-DET dataset
Methods MAPs/% MAP;.65/% Param/M FLOPs/G FPS/(fls)
Faster-RCNN 76.7 36.3 41.37 134.0 32
YOLOv3-tiny 69.6 354 12.13 18.9 235
YOLOvSNn 74.1 40.6 2.50 71 160
YOLOv6Nn 70.0 36.6 4.23 11.8 180
YOLOv7-tiny 67.8 31.2 6.03 13.2 102
YOLOXs 74.6 39.5 8.94 26.8 97
YOLOV9-tiny 75.2 41.9 2.62 10.7 130
YOLOv10n 70.9 38.9 2.69 6.7 140
YOLOv8n 75.3 40.7 3.01 8.1 163
PIC2f-YOLO 78.0 43.6 2.60 10.6 82
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% 7 PASCAL VOC2012 445 % 52 3 OR AT 1b
Table 7 Comparison experiment results on the PASCAL VOC2012 dataset

Methods mMAP:/% MAPs.05/% Param/M FLOPs/G FPS/(fls)
Faster-RCNN 56.0 40.7 41.43 134.0 13
YOLOv3-tiny 52.6 31.8 12.13 18.9 107

YOLOv5n 58.0 40.0 2.51 71 7
YOLOv6N 58.9 43.0 4.24 11.8 72
YOLOV7-tiny 57.9 40.4 6.06 13.2 58

YOLOXs 57.6 39.5 8.96 26.8 52

YOLOV9-tiny 59.1 44.8 2.62 10.7 92
YOLOv10n 58.9 431 2.70 6.7 95
YOLOv8n 58.8 40.9 3.01 8.1 7
PIC2f-YOLO 59.2 41.6 2.61 10.6 45

A8 HREE IR E S HE R FR BRI
Table 8 Comparison experiment results on the surface defects of strip alloy functional material dataset

Methods MAP/% MAPs.65/% Param/M FLOPs/G FPS/(f/s)
Faster-RCNN 57.2 30.6 41.43 134.0 20
YOLOv3-tiny 63.5 337 12.13 18.9 151

YOLOv5n 72.3 38.6 2.50 71 108
YOLOv6N 68.9 37.4 4.23 11.8 117

YOLOvV7-tiny 69.7 37.4 6.02 13.1 98

YOLOXs 66.7 34.5 8.94 26.8 95

YOLOV9-tiny 71.3 37.9 2.62 10.7 105
YOLOv10n 64.3 36.8 2.69 6.7 110
YOLOv8n 741 421 3.01 8.1 113

PIC2f-YOLO 75.6 42.8 2.61 10.6 60

F10.4%, TE47RA 4 D) Be bRk 1 B fE B0 48 h
mAP,, $8bR5 12.1% . 3.3%. 6.7%. 5.9%. 8.9%.
43%. 11.3% Fl 1.5%. X T mAPs.s T8 #5 , PIC2f-
YOLO J5#:7E NEU-DET 54l 4 eIk & 4 T ag bt
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X mAPs, Fll mAPsgos F855, YOLOv8n ¥JHEA S 2,
16 VOC2012 ¥, X T mAP,, #6F5, YOLOVY-
tiny HEZ 55 2, X T mAPso f64R, YOLOVY-tiny
£ 1, YOLOvIOn HEZ 56 2 IWAME Fik —Fh Bl
L, XfF Param 8558, YOLOvSn (V455 1, X}F
FLOPs #6845, YOLOv10n fil YOLOvSn 43547 5126 1
FEE 2, XFF FPS #8 45, YOLOV3-tiny fil YOLOv6n

SIEF AR 1 I 2,
4 % i

BT AT B RS RUAG RS FEAR . 25 5 TG LA
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PIC2£f-YOLO: a lightweight method for the
detection of metal surface defects

Hu Yilun'?, Yang Jun®, Xu Congyuan Xia Yajin®, Deng Wenbin®*

PIC2f-YOLO structure

Overview: Metallic materials, especially steel, are widely used in industry due to their mature manufacturing processes,
excellent durability, and significant economic benefits. As a core material in various manufacturing sectors, steel is
critical in advancing global industrialization and information technology. In the early stages of industrial metal
production, surface defect detection relied primarily on manual visual inspections. However, as production scales
expanded and quality demands increased, the limitations of manual inspection methods, such as inefficiency,
susceptibility to human error, and high subjectivity, became evident. Thus, quickly and reliably identifying surface
defects on metal has become a critical challenge in modern manufacturing processes. Traditional nondestructive testing
techniques, such as eddy current testing and infrared inspection, were initially applied to surface defect detection on
metal materials. However, these techniques often struggle to detect small defects effectively. Later, machine learning
methods were introduced to improve detection accuracy, but limitations in processing power and generalization
hindered their performance in large-scale industrial applications. With the rapid development of computing hardware,
deep-learning-based methods have become the primary solution for metal surface defect detection. These methods are
usually divided into two-stage and one-stage object detection frameworks. Two-stage methods, such as Faster RCNN,
are recognized for their high accuracy but have slower processing speeds, limiting their real-time applications.
Conversely, one-stage methods, such as YOLO, provide faster detection speeds but often compromise accuracy. To
address the low efficiency in metal surface defect detection, as well as problems related to large algorithm parameters
and low precision, this paper proposes a lightweight detection method based on the improved YOLOvS8n. First, the local
convolution inverted cross-stage partial fusion (PIC2f) module was designed. It replaces the BottleNeck module with the
constructed local convolution inverted residual bottleneck (PIBN) module, which combines partial convolution and an
inverted residual block to reduce algorithm parameters and enhance the model's feature extraction ability. Next, an
attention-based intra-scale feature interaction (AIFI) module was adopted. It combines position embedding and multi-
head attention to enhance the model's detection capability for small targets. Lastly, average pooling downsampling
(ADown) replaced traditional convolution as the feature reduction module, effectively reducing parameters and
computational complexity without compromising detection accuracy. Experimental results show that, compared with
YOLOV8n, the PIC2{-YOLO method increases mAP,, by 2.7 % on the NEU-DET steel defect dataset and reduces
parameters by 0.403 M. Experiments on aluminum sheet surface industrial defects, PASCAL VOC2012, and surface
defects of strip alloy functional material datasets also confirm the effectiveness of the PIC2f-YOLO method.
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