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Steel surface defect detection based on
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Abstract: In order to improve the detection capability of small target defects in steel surface inspection, an
improved YOLOvV8-SOE model is proposed. The model processes the P2 layer features by designing the FSCConv
module. By compressing the P2 layer features and deeply fusing them with the P3 layer features, the model's
sensitivity to small target features is effectively enhanced, while avoiding the computational burden caused by the
introduction of additional detection layers. In order to further optimize the multi-scale feature fusion capability, cross
stage partial omni-kernel (CSP-OK) module is used to optimize the multi-scale feature fusion, which improves the
integration efficiency of features of different scales. The SloU loss function is introduced to optimize the bounding
box regression, which further improves the positioning accuracy. Experimental results show that the mAP of the
YOLOvV8-SOE model on the NEU-DET dataset achieves 80.7%, which is 5.4% higher than the baseline model, and
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has good generalization ability on the VOC2012 dataset. While improving the accuracy of small target detection,

the model maintains a high computational efficiency and has good application prospects.

Keywords: YOLOVS; defect detection; small object detection; feature fusion; loss function
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Bl CSP-OK By J7 % D fEAG I 3k 1y 28 — 4
Concat #4F 5 B —)Z CSP-OK ik, X} AR 25
BLE T ARIIMERE , 23#T CSP-OK BB FEAL AL AE fil

A GERTRDIRE T s, SRR, T
HCMBFEDWRT TRIKEE., HEFECH
FLOPs 4l 140%, e M 218.2 f/s FRER
118.8 f/s, FMHIXTT R TRIMERE, (M5
FEES I E RN, 7% DAY FLOPHINZE 9.8 G, AH%
TIr% CiHEIF /N, P EE y 116.6 fis. 1E
C2f i B 5| A CSP-OK 3k, FA~ BB AL AR
S BRER R AR T ARAE , X 2 FEOR BB TR,
Hahn GFLOPs, #H#Z &, 7E Concat ZJ575] A CSP-
OK Bk, WAL REIEAE H T 4t TR B A FIRHAE
PREUS R ZREER. e, RREC Lt ARE R
$EUL, it Concat #afEmL G T2 RIEMFER,
WEHEEFEN LT XFERA/NERAT . fEX—B B
fdiH CSP-OK #ide, AMUREHE i — i 2 REEFHIE
Gk, ERERU/DICARTTE, HRAHERIARE S . [F]
BF, BT CSP 45 RRHE 0 B Ab BRRFIE IR, WD EE
5, 454 Omni-Kernel 7] iF— 345 A [R] Ji% 32 B 1)
fFBACH., MITAELRUERINARG B2 (4 [ i 42 T34
fdi GFLOPs {U /MRS I . ARSCIEPE T % DAEN
CSP-OK B 5| AT, 775 D FEFE RS FE A [l s
PREF TR R 248, MR T I % C AT
TR R A L

3.3 HEhXIE

9 T ¥Fd YOLOVS-SOE A %f F YOLOv8n 8 3%
PIPEARICR , ARSI T B RS S . SC3e 385y
Jy 8 #H, YJ7F NEU-DET JIZidE %, Burde i
WE. AT OR SIS ER M, RSN Gt Bk A
2%, 8T HEUER YOLOVS-SOE 7&/) Hix |
HIRCH, Kl 78R T YOLOVS-SOE #l1 YOLOv8n 7£

% 1 FSCConv ERR{LE ¢ Flss %

Table 1 Experiment results on FSCConv at different positions

Scheme Precision Recall FLOPs/G FPS mAP/%
Baseline model 0.759 0.722 8.1 218.2 75.3
A 0.827 0.677 11.6 112.2 77.0
B 0.754 0.768 9.1 187.9 79.4

& 2 CSP-OK #f£ R4 & 49 K Enss R
Table 2 Experiment results on CSP-OK module at different positions

Scheme Precision Recall FLOPs/G FPS mAP/%
Baseline model 0.759 0.722 8.1 218.2 75.3
C 0.766 0.779 19.9 118.8 791
D 0.762 0.743 9.8 116.6 79.1
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ARSI ARRE AT B THRLSE I ZE SN 3 s .
TE5| A FSCConv BiH 5, A FIEMERIAY, H mAP
%ﬂ?3%uﬁﬁﬁvgﬁmle%,ﬁﬁ$@a
WT 038%, E—25] A SloU it 2k RS, mAP
%ﬂiﬂM%,mh%%T%iﬂmwuﬁﬁ$ﬁ—
SRR 24.89%, 5] A CSP-OK #ilk5, HRITHE
RO, HEEEA BT R R, RKCRAE TR, A
JEmAP B SE R T T T 3.8%, ek R T
1.61%, i#—25] A SloU ik REUS , mAP $27+ %
79.3%, HERHBEEARR, WRRFEINE 21.58%. 1A
CSP-OK #iHu )5, FAIREAE P N & 1 2 REHE
fiE, sk, TR AR RS AT e B R AN ]
BB 2T Z (R P A TR, AT A R, 7EAL
A SloU #12 PR AR IS, mAP A T R ERE AR T
2.1%, IWRBRRFEAL, (URRKRA Fﬁiﬂﬁhno L%%
B SToU FEAR Ak B FrAE [ U294 B A4t o 46 I A

I, [FE XA RN {22 SloU #i
I BRBGE Tam R B ARAIRAR o A B R A RO R
23BN FAHEXT A AR A TN RN X a4
TR THUR, AT RESR L E R DX I A B
4 FSCConv HI CSP-OK #iHe4H &# FHIF, mAP #2 7}
T 5.1%. $#¥EAE5] A FSCConv Fl CSP-OK ##i bk fity it
fili =, 51 SloU #i2 pRi%k, mAP X4EFT 0.3%.
1£ 6 B 5] A FSCConv il CSP-OK 1 B i} |

FSCConv i i3 J 4 FRAE ], 823 (15 B A %50 & 4
FEIALERE , D T IUARTE BRI T TR
fEFRIRRE ST . CSP-OK M HuiE o T S AU A RRIE fil &
B0, ARG B R IR AL T RRIE A 15
AR, R TRMERRIRCE . X A SR T
FRIRE I AE 11, FLOPs 4E457E 11.8 G, HEFHHE 1K
£ 172.0 f/s, LR T IHA R AHERL B A -4, R
AREE R T XN BARFIE BB IR B

A7 #aERAHA. (a) B4EEH; (b) YOLOVSN 4F4E# A HE; (c) YOLOVS-SOE 4F4x# /) B
Fig. 7 Feature heatmap. (a) Original image; (b) YOLOv8n feature heatmap; (c) YOLOv8-SOE feature heatmap
A3 HmEhaR
Table 3 Results of ablation experiments
FSCConv CSP-OK SloU Precision Recall FLOPs/G FPS mAP/% rol% %
— — — 0.759 0.722 8.1 218.2 75.3 27.33 21.78
\ — — 0.760 0.762 9.1 185.3 79.2 26.18 21.40
J — v 0.754 0.768 9.1 187.9 79.4 24.89 20.48
— R — 0.762 0.743 9.8 116.6 791 25.72 23.79
— \ \ 0.731 0.786 9.8 137.2 79.3 21.58 26.89
— — \ 0.738 0.761 8.1 215.7 77.4 23.88 26.21
v R — 0.783 0.746 11.8 164.0 80.4 24.93 19.41
J v v 0.739 0.767 1.8 172.0 80.7 21.48 23.79
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3.4 3tbLEe
3.4.1 ERBEET L

T SRR A i A A, ZEARTRIY NEU-
DET ¥4 4 b, XFHe T LA 32 346 DU 7 3 #E AP,
mAP. GFLOPs Fll FPS Jy IR I, X LA kAL 46
Faster-RCNN, RT-DETR., YOLOv5s, YOLOv7.
YOLOX. YOLOvS8n, YOLOv1On, IHAMFE#EMHF
FEI BRFEAS I GBS-YOLOV7t™ | PIC2f-YOLO™
RFB-YOLO"" f1&:2% 3Ciik [27] #EATHEREXT L, LA
N R T BRI A A Rt . S R X LSS A hn g 4
Fi, AT SISO R R A R PR 2E e, TER
& X BV RE T AR 0 B s (LA T T BIORELAR 3

HRAE S 4 AR AHT AT AL, T O A R AG DU
PERE R AR i R B W3 AEvER Ry
I, BCHFRERIZE Cr Al Sc 200 HIUS T s 1 P34
BE, Horp Cr 285 09 F-20ks BE 4R THIE B ok, AHALT
JiR YOLOvSn B4R T 15.9%, TR A mAP
ik 80.7%, EFTARBIT R EME. AL, MET
Faster-RCNN $2 Jt T 4.2%, #1% T RT-DETR 2 F}
8.2%, I YOLOVSs & 4.9%, 5 YOLOv7 AH [ 42 TF
3.0%, [t YOLOX & 14.1%, HJR#H YOLOvSn 42 J+

54%, [t YOLOVIOn & 9.4%. 78113552 2% 7 i,
R R L [ AR AL S, H FLOPs (U 11.8 G, %
T YOLOv8n, YOLOv10n i PIC2f-YOLO, {HA/}
PRIFFFERAMRAT- o [RIRE, T B ASE 75 (o e ) ok 5 )
172 f/s, BERSTE = S5O H A SE A L 208 A s A A s
& 5 IR R T b 2 T e B A A AR GBS-
YOLOv7t, PIC2f-YOLO, RFB-YOLO FIZ%3k [27]
XFEG, R PR R mAP 43 s 7.8% . 2.7% .
1.5% 1 6.6%. JL% RFB-YOLOVS-E £ Pa Fil Ps 25
B IR RE, E T SO A AR 7 ARG
JERTRAR 48 TR, 7845 e S H AR R
K B 51T RAICR A1 BT
3.4.2 BB K

R T S E P EE G AT R T B
XA RS AR HEA T 1 BEALE BE VA% | ARy b B i e
SEHG, DABL Tl 37 5 T B H B R [ BRAR B
BRI LA SRS T 52 B IR R AR B AL
JE (£30%); ASORAb 3R FH /85 SRR AASE 0L B 5 e
HRT REABORT I 5 TR SIZ 56 DU SR FH e S0 s, 4L
Tl AR LA A5 T (55 Tk, =
PR L RO A BN S 4 A B0HE an il 8 RN IE| 9

A4 sTERBLER

Table 4 Results of comparative experiments

Model API% FLOPs/G FPS AP/%
m
ode Cr In Pa Ps Rs Sc s v
Faster-RCNN 37.2 84.1 89.7 82.3 72.7 93.2 134.0 34.200 76.5
RT-DETR 445 77.9 89.0 67.5 56.1 92.2 57.0 48.100 725
YOLOv5s 53.4 79.8 93.2 81.1 515 96.0 15.8 74.505 75.8
YOLOv7 57.2 84.6 91.1 84.9 54.8 93.3 103.2 65.790 77.7
YOLOX 30.2 775 85.2 752 39.0 88.8 13.32 43.200 66.6
YOLOV8n 441 75.7 91.9 82.7 61.0 96.3 8.1 218.200 75.3
YOLOvV10n 422 78.2 88.9 76.9 55.3 86.5 6.5 192.500 71.3
GBS-YOLOV7t** 327 69.6 92.4 96.5 57.7 88.6 — 104.1 729
PIC2f-YOLO® — — — — — — 10.6 80 78.0
RFB-YOLOV5-E® 52.1 75.5 95.5 97.3 62.3 92.4 22.4 122 79.2
Ref. [27] 395 86.0 92.1 78.9 62.6 85.3 12.2 — 74.1
Ours 60.0 85.6 93.1 84.8 62.2 98.2 11.8 172.0 80.7

-30%

+10% +20% +30%

B8 mEAEENTHIA

Fig. 8 Sample images after brightness adjustment
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B

2% 5 F% 6 7R T 48 NEU-DET B 4 FIBaEdL
FERAE . BORTAL BRI M S A 8P4 1, YOLOvSn
SRR R (R T e . ARIE S 5. 4 6 AYLh
SYBTRIAL, FEREHLSE VAL | ORI A BRI 5 5K
Pt LA AS I M BEAH AL T B4 NEU-DET BUE 464 F
TR, X ULRAERRAR AR | ROR I 7S X R S A 7Y
H—ERIRN, (FAHGIRE A RIS R, (Rl
TE 5L BE PR3 I B 46 L MER R R 0.757, H I
41 0.745, mAP N 79.6%, #{R{ET YOLOvSn £ it
B LR 7RO AL BRI 15 4 L
o AR 7R 25 A A B S R B EE 4 R
Precision #& 7 & 0.789, Recall 2}y 0.726, mAP ik F|
78.0%, LT YOLOv8n 7t 54 Bdli B FigRM . M
SEEERKE , TCIR A IR SR AR 5 e T
PR IR, T $ o B R A A T AR bR B BT
YOLOvS8n, J 8l H B o i 45 e 1 o 3 ¢ BH i 44 g ik
BN 52 2 Tl PR HA SRS ARSI B ) RS i
ML THERE Ty, BENE T AT SEH N ARG IR S Mg
7T AR
3.4.3 ZALHEXT LT

R T B E AT M A iz AR, 7E VOC2012

B9 (a) dfiRpFAEEWERTHE,; (b) S
3 % iy B AR ) B

Fig. 9 (a) Sample images processed by Gaussian noise;
(b) Sample images after Gaussian blur processing

k6 LAMEREIRIE T st RbE R
Table 6 Comparative experimental results in fuzzy and noisy

environments

Hodm Y R HEAT T SC K, JF 5 4R YOLOven
B PERESE T T X . VOC2012 ¥l fu & 17125
sk, BT 20 K HAR. EEURER T, 1%
FRO8:1:1 By L), B A o I ZRdE . B A
R, BALE BT ESHE 5, WRAARE
R RIS R AT HebE . SEBRgh e 7 iR, BF
PR Recall BEIET YOLOVSs, HARZE R
iF YOLOv5s, YOLOX. YOLOvIOn, YOLOvSn
BRI EE S, FERIERG O R YR B A
EPETL . TR A HE AR PR AR L AL TR AR AR
WS TR ERA . BIRmE, PR EH YOLOvSn
) 63.0% $& 7 & 69.4%, $ET+T 6.4%. [FIET, HiHf
i 0.689 #TFE 0.754, WL 6.5%, RIS
IR IUE T B A AN [R) 283 H AR A DA 55 vh B
AR Az R T .

4% ®

JIrd& YOLOVS-SOE £5 A4 1AW B4 2 T 40 G e g
Wi LT AR PERE, RERIZAE/ N E AR RN T
it 5] A FSCConv 1 CSP-OK #iH, s23H 1 X A A
REEFFERA RS, B0k T/ BAR A5 5 815
TEE . R, SIoU fit 2k pR Y 51 A HE— 2L B 5 T 4%

A5 ERFREIRE T LI R
Table 5 Comparative experimental results under different lighting

environments

Dataset Model Precision Recall mMAP/%

YOLOvV8n 0.759 0.722 75.3
NEU-DET
Ours 0.739 0.767 80.7

YOLOv8n 0.730 0.672 74.9
NEU-DET-brightness
Ours 0.757 0.745 79.6

(7 1VOC2012 ## & Lt b s R

Table 7 Comparative experiment results on VOC2012 dataset

Model Percision Recall mAP/%
Dataset Model Precision Recall mMAP/% YOLOv5s 0.724 0.646 68.2
YOLOv8n 0.759 0.722 75.3 YOLOX 0.715 0.608 61.6
NEU-DET
Ours 0.739 0.767 80.7 YOLOv10n 0.702 0.536 60.3
YOLOv8n 0.644 0.688 72.7 YOLOv8n 0.689 0.569 63.0
NEU-DET-augmented

Ours 0.789 0.726 78.0 Ours 0.754 0.621 69.4
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BRIz ALRE )1, E—24E VOC2012 $dE4E EtktT T
M. 5RE, ZBAUASUE A B R AT 55 Hh
M@, FEE 2 RN h R R B
LALRE S o R ASRAT RO T RIS B S K

A,

{EAEAL P B PRI, B AT B R

B RSN L2 . AR TAEAT LU — B
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Steel surface defect detection based on
YOLOvV8-SOE
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YOLOV8-SOE model structure diagram

Overview: In industrial applications such as steel surface defect detection, small target detection remains a challenging
task due to the limited resolution of conventional detection layers, making it difficult to capture fine-grained defect
details. Although YOLOV8 has shown remarkable performance in multi-scale target detection and complex
environments, the model struggles with small target detection, especially when it comes to tiny defects on steel surfaces.
Traditional solutions to enhance small target perception, such as adding additional detection heads like the P2 layer,
often lead to increased computational overhead and inference time. To address this issue, this paper proposes an
improved YOLOvV8-SOE model that specifically enhances the detection performance for small defects on steel surfaces.
The YOLOV8-SOE model incorporates several innovations aimed at improving both detection accuracy and
computational efficiency. First, a novel feature processing module, FSCConv, is introduced to handle the P2 layer
features. FSCConv leverages dilated convolutions to capture multi-scale contextual information while preserving fine
details of small targets. This approach enhances small target perception without the need for additional detection layers,
thus avoiding the computational burden typically associated with such modifications. Next, the processed P2 features
are fused with P3 layer features, improving small target detection further without incurring significant computational
costs. To optimize the feature fusion process, a cross-stage local network combined with Omni-Kernel (CSP-OK) is
proposed. CSP-OK primarily leverages the CSPNet approach to reduce redundant gradient computations and integrates
the Omni-Kernel to prevent the repetitive extraction of similar information at different layers, thereby improving
information utilization efficiency. This optimization reduces redundant information computations and effectively
utilizes inter-layer features, resulting in a more efficient and detailed integration of multi-scale information. In addition,
the model uses the SIoU loss function for bounding box regression. This loss function not only considers the overlap
between the predicted and ground truth boxes but also incorporates their distance, angular deviation, and shape
similarity. By integrating these factors, the SIoU loss function provides a more comprehensive optimization strategy,
thereby improving the accuracy of target localization. Experimental results demonstrate that the YOLOv8-SOE model
achieves a mean average precision (mAP) of 80.7% on the NEU-DET dataset, a 5.4% improvement over the baseline
YOLOvV8 model. The model also exhibits excellent generalization ability on the VOC2012 dataset. Overall, the proposed
YOLOV8-SOE model significantly enhances small target detection precision while maintaining high computational
efficiency, making it a promising solution for real-world industrial defect detection applications.
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