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Fig. 1 Structure of the RGCE-YOLO network model
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Fig. 2 Structure diagram of the HGRC-Block. (a) Overall structure of the HGRC-Block; (b) RepLightConv structure
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Fig. 3 The structure of GSConv
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Fig. 4 Structure of C3K2_SCSA. (a) Overall structure of C3K2_SCSA; (b) SCSA structure
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Fig. 6 The structure of CMBC_Detect
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Fig. 8 The structure of Coordinate Attention
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Fig. 9 Industrial camera
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Table 1 Experimental parameters

Name Value
Epochs 300
Batch sizes 16
Input resolution 640 pixelx640 pixel
Learning rate 0.01
Momentum 0.937
Weignt decay coefficient 0.0005
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1
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Fig. 10 Images of various defects
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RIS UE S A A A, SR SRR TR AR L
LA YOLOvIIn S FENERIAY RIS AN 5 ARz
TR T A S, U Zhad RS EE . mAPSO, mAPS0-
95 AsfkihZe =l 11 B, SCBgs e 2 s, V3R
R, < Fm AR I

LB LS AT LLE Y, B 2 7E BT R4 s A
HGRCBlock R f5 , JSEREEE TR 0.2%, HEFHLE L
W& A R, {2 mAP50 il mAP50-95 73 B2 TF T 0.8% Fil
1%, [RAF S50 fIT 85 (FLOPs) ¥4 T N . X3
] HGRCBlock 3 1o J 47 18 18 %A 8B AIG T 588 &2 4%

i3

B, H 20 S5 B0y SO S HE SR T RRAE 4R AR

B 7 RS 45 H ] GSConv B T RAELE
I B . mAPS0 il mAP50-95 #1715 2 2 &, S 4E
FLOPs 733U/ 0.54 M I 1 G, TUARAS B REW/L, K
UE T GSConv 7E 5% 4k J7 T 19 A 2Pk . B 10 R H
SCSA ¥ 7 J1 /L H A C3IK2 B Bt J5 , mAP50 ik 7]
77.7%, mAP50-95 #ET+ = 48.1%, SHEFEZE 2.01 M,
SCSA {ER I HLHI4 R T X 2 R Hbs s ARe S, 2
FE T BRI e, R 2 2 R e A ML R
FROHE BB A TR R L BOEL 14 46 I Sk >R CMBC_
Detect B HEATO0AL NG, CA VE R S L5 i vk X501
T B ML = 1] 9 R ] 4 P A S50k 000 3 B A AR, DK
£ . mAPS50 Fil mAP50-95 437 F+ & 81.9%. 78.8% Fil
47.9%, Y& T XA /NIR SF B A B AR 4 BE Ak
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08t 0.8 05F
L n 04}
- 06} 2 0.6 A o
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Epochs Epochs Epochs
B 11 iEHt54rd & B, (a) Precision; (b) mAP50; (c) mAP50-95
Fig. 11 Evaluation metric curves. (a) Precision; (b) mAP50; (c) mAP50-95
k2 HREhaR
Table 2 Results of ablation experiments
Model HGRCBlock GSConv SCSA CMBC CWD P/% mAP50/% mAP50-95/% Params/M FPS FLOPs/G
1 X X x X x 79.5 76.6 45.7 2.58 208.3 6.6
2 \ X X X x 79.3 77.4 46.7 2.13 185.2 5.7
3 x \ X X x 753 78.0 46.6 2.49 204.1 6.3
4 X X W X X 74.4 74.1 43.1 2.47 188.7 6.2
5 x X X \ X 79.1 77.6 45.6 2.26 212.8 5.1
6 X X x x \ 80.5 78.7 48.7 2.58 201.6 6.6
7 N N x X X 81.1 77.1 47.4 2.04 181.8 5.6
8 X N \ X x 80.6 76.7 46.5 2.17 180.5 5.0
9 v X X v X 82.1 78.4 48.1 1.82 175.4 4.5
10 N V) W X X 79.3 77.7 48.1 2.01 187.6 5.6
11 X X \ N X 79.6 78.1 48.6 2.24 181.8 5.1
12 v \ x v X 83.1 78.2 48.5 1.72 175.4 4.4
13 x N \ v x 76.5 74.0 42.8 2.14 191.6 5.0
14 N V) \ \ X 81.9 78.8 47.9 1.69 175.4 4.4
15 \ ) ) ) \ 83.4 80.5 50.3 1.69 185.8 4.4
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SRR 1.69 M, 5] ABIHETE Tk el aT gl Ak 2t 2R
WA 12 FrR o IZBEE i B DR SIS A R T H ARy 2
BN 5 K BIRE F7, A BRS04 TR0 7 B A L TR) sk —
ACTEAR TR, B2, X G R R N A
WL, KEEIAF) 83.4%, mAPS50 Fl mAP50-95 434
FETF 2 80.5% H150.3%, FPS A% 185.8, HAEAIA/NS
TRE IR RIS, RS TRz . 5
YOLOvI In B:ESF AL, 48342 i) RGCE-YOLO %
BTN B F42TF 3.9%, mAP50 427} 3.9%, mAP50-95
2Tt 4.6%, B80T 34.5%, FLOPs T 33.3%, 4
L FTi&, RGCE-YOLO ik ek A B 5 54 i Ak 77 TH 5%
BT R

B12 Rt b E4RET. () REEBA; (b)XE5
Fig. 12 Missed detections and improvement results. (a) Missed-detection

image; (b) Results after improvement

3.5 ¥fEbscid

3.5.1 ZMEXT LIS
FORARIVE A FRZER TP ) B B, S5 2548

WA, Wik BR A S MR, LI YOLOvI s,
YOLOv1Im. YOLOVIIL YA #MALBIAEAH R A% T 43
BT 2RI, ShHGE 3 R, HEARIMERE S E
TR A A2 L) YOLOV Im 20l

KBRS, KGR IR AR S R 0 1
M CWD., I PEZEM (similarity-preserving, SP), 5
)2 9% 7518 (cross -hierarchy similarity distillation, CHSIM)
VAR A il 7818 (matching guided distillation, MGD) £ AH
RS PP HESCs, e 4 Bis.

R S 45 285 S ] JASE AR 2 0od 0 T 208 S R B A 3
T 83.4%, mAP50ik F| T 80.5%, mAP50-95ik 3| T
50.3%, WEERESACR RS, Bl 0L
) i RS B R 2 [ B RN — 2 i T 2R A
R R > 1 hE
3.5.2 EWMBEX LK

SRyt B UE B SR A B R 2R T S B R T
M, ARSCEECT U 32 30 A ARSI B30k 2 AH 7] S 30 245
TR S, S5 5 R, ARIESTR AR,
f£4; Faster R-CNN'""' 5 RetinaNet"™ [ £ #5 FUk Ji 88415
HE¥ 585Kk, RGCE-YOLO 76k 51143477
L F AT, SSD"” 5 RT-DETR™ A5 A4 T 2 R
ANFEAR, YOLO RFNH L YOLOvSn A 13 45 =y HLAS U
A HYE 2 5 FLOPs #R4 K, AR E 2L,
T AR ER, R L B R R,
mAP50 5 mAP50-95 [k RGCE-YOLO, iRl
2%, Mamba-YOLO-T' KGRy, Rilsi Rty (AR
WA K His B &A% 143 G, A E ., BN

£ 3 HIFRBEBERLER

Table 3 Experimental results of teacher model distillation

Model P/% mAP50/% mMAP50-95/%
YOLOv11s 82.7 81.3 50.6
YOLOv11im 83.4 80.5 50.3
YOLOv11L 83.6 80.4 49.2

k4 R uiEILEIhgR

Table 4 Comparative experimental results of distillation methods

Distillation method P/% mMAP50/% mAP50-95/%
CWD 83.4 80.5 50.3
SP 83.0 80.3 49.2
CHSIM 82.1 79.9 49.3
MGD 79.3 80.1 50.1
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StarNet™” R B /N, K5 mAP50-95 A 42.0%, il
RORAFE . R M4 MobileNetV4"™ 461 3 1 i HfH
ARG AR R 66.8%, TMiE#AY NanoDet-Plus-m 2%
5B AR/ MK R 76.4%., ASSCHE Y RGCE-
YOLO ¥ FAH#HAL YOLO AN IERSA ML LU
R T AR R, PERIRG B L TR, Bk
THGHER R R, IEHSEEREAE 1.60M, 25
it FLOPs HA 4.4 G, BERCRY . EaHBRER, H
5 TR 2 BRI T Y b BRI 55K

3.6 ZHLEE

R B0 IE AR SR Y A DM AR T P, R IR B R
NEU-DET 7§ 3R T sk 3 A I £ 46 5 GC10-DET Tl
EICSIEUATI R €iae STRRRCIT L E P WER X ICIES SR

TR Z A ESCES, 455055 6 s, AL YOLOv11n
FEMERCAY, 7E NEU-DET 4848 FRGEERR = 1 8.4%, ik
#FT 81.2%, mAP50 5 mAP50-95 /B T 0.7% 5
0.8%; 7E GC10-DET #t4l4E K5 . mAP50 5 mAP50-
95 SRR E T 4.2% . 2.2% 5 1.3%, W RGCE-YOLO
RVEEA RIS M Sz AeRe ).

3.7 ONNX fREIZREIGIE

H T H SR ) R SRR 5 T AR A B (i A A
2 IS E Rl R R S IIE: SP st E ) SEMN Ve S Y i
Fei ol ONNX AR B E ARM b1 g b A PR S
T#HL CPU 52 R7-7745HX, Z 4K Linux, FH
ONNX Runtime #E17 il SLERESRANE 7 Frn, #05&
Je KIS BE N 81.7% . mAP50 N 79.3% . mAP50-95 Ky

k5 IERAR
Table 5 Comparative experimental results
Model P/% mAP50/% mAP50-95/% Params/M FPS FLOPs/G
Faster R-CNN 55.2 56.1 26.1 41.40 43.1 91.10
RetinaNet 60.2 60.2 28.8 32.30 36.4 81.80
SSD 56.0 54.7 26.6 26.28 111.1 62.70
RT-DETR 71.5 64.5 31.0 19.02 178.6 50.60
YOLOvV5N 75.4 77.3 43.0 2.18 212.8 5.80
YOLOvV8n 82.4 77.4 47.3 3.10 217.4 8.10
YOLOvVSt 78.1 73.6 43.8 1.73 205.0 6.40
Mamba-YOLO-T 80.0 76.3 44.3 6.10 131.2 14.30
StarNet 78.1 74.8 42.0 1.90 192.3 5.00
MobileNetV4 66.8 65.9 343 1.60 285.7 4.00
YOLOv10n 74.3 74.7 45.1 2.69 210.6 8.20
NanoDet-Plus-m 76.4 75.4 43.6 1.17 220.5 1.52
YOLOv11n 79.5 76.6 45.7 2.58 208.3 6.60
RGCE-YOLO 834 80.5 50.3 1.69 185.8 4.40
k6 ZAMEHRER
Table 6 Experimental results on generalization
Dataset Model P/% mAP50/% mAP50-95/%

YOLOv11n 72.8 76.3 493

NEU-DET RGCE-YOLO 81.2 77.0 50.1

YOLOv1ln 68.9 66.5 34.0

GC10-DET RGCE-YOLO 73.1 68.7 35.3
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Table 7 Experimental results of model deployment

Model P/% mAP50/% mAP50-95/% Params/M FPS
YOLOv1ln 77.7 73.2 42.7 2.62 37.3
RGCE-YOLO 81.2 79.3 48.6 1.74 35.1

48.6%, WA FF%E, S8R N 1.74 M, FPS H 35.1 i /&
TSI SR, UEIH PO AR RE I AR B AR I 2k 4% HL
LRI N =S I

3.8 AL

SR T HAR R R EGEE B RGCE-YOLO ik A6
BOR, ¥ YOLOvIIn 5 RGCE-YOLO %595 X 45 2 e if4
R R4 AT AR I B0, AanfEl 13 Fim . etk JE
P S AE A BRI RIS T A A RCR, TR
AL, XN EFREEE AR . A AR ARSI AR ) T
AR LE, DI AR B Ok S AR A H BRiR
SIFERL SRy, Hih SAEN &G, e
FHEERSHA

4 & 1

S T A 2 T e A 0 PRI, A% G A I 51T
VA R T A P B R B MR, AR SCHR R — R R

RGCE-YOLO A4z it AN A R T SR FA R IR, X I 2%
SRS NG B S b R T . E TR AR R
M 4% HGNet 55 ot 5 2401k RepLightConv 45 & [ ikiz
BRI SRR ERRE 1 S5 A GSConv IR A B
BB R B W] o S B BURE BER S, KRITIRER., ik
A SCSA 12 WL 28 it 22 RURE e 11 1 X 22 S s ALy
fERE, KISk CMBConv 45 #1454 CA TEE 151 A
H5 SEAAE R B, S5/ BARKINRE )y 5 dReidad
AW B ZR AR E T B TR AN AR A IR R G RS R . S2 56
453K W], RGCE-YOLO H kAl BE AL T 2 Fh i 55
FHR RSO, b bERESR, SCBL T RURLRS I S
LIPS, FEAK, TR AT Z O 1 E R 4L
HE— AR NS 3R A5 Fh B A AL BRI RE T, IRl
XA/ BB HEA TG, SRR AR IR ST .

(=S

Bk WICRORIIICER 50T, SCIRAYBIH S e, 18351
sbess . REE . IMEET: IRRIRSCEM, RSB, SRR
FrEEft; k. BRERRAE, SRAURIT

it 0./6]

B 13 TR,

(a) B4 B4 (b) YOLOV11n: (c) RGCE-YOLO: (d) YOLOv11n: (e) RGCE-YOLO

Fig. 13 Visualization results. (a) Original image; (b) YOLOv11n; (c) RGCE-YOLO; (d) YOLOv11n; (e) RGCE-YOLO
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Abstract

Objective Industrial steel surface defect detection is a core step of industrial quality inspection. However, traditional detection algorithms
suffer from low accuracy, high model complexity, and difficult deployment due to the various types and large scale variations of steel
surface defects. Existing deep learning-based detection algorithms have improved detection accuracy to a certain extent, but most of them
feature large model size and high computational complexity, which makes them hard to deploy on resource-constrained industrial edge
devices and thus restricts their practical application in real-time industrial detection scenarios. This study aims to propose a lightweight
steel surface defect detection algorithm that balances high detection accuracy and low computational complexity, realizes efficient feature
extraction for multi-scale steel surface defects, and meets the requirements of real-time detection and edge device deployment in industrial
scenarios.

Methods A lightweight steel surface defect detection algorithm named RGCE-YOLO was proposed based on an improved YOLOv11n.
The backbone network was reconstructed with a novel HGRCBlock structure combining lightweight HGNet and improved reparameterized
RepLightConv, and multi-branch convolution and normalization steps were fused during inference to reduce computational load while
maintaining feature extraction capability. For the neck network, the lightweight GSConv replaced the original downsampling structure to
reduce redundant information via mixed convolution and address the accuracy bottleneck of depthwise separable convolution; the C3K2
structure was redesigned by integrating the Spatial and channel synergistic attention (SCSA) mechanism to alleviate sub-feature semantic
differences and enhance multi-scale object feature fusion. The CMBC_Detect module, constructed based on EfficientNet's inverted
bottleneck structure and combined with the coordinate attention (CA) mechanism, was introduced into the detection head’s regression
branch; the SE attention was replaced with the CA mechanism to retain spatial detail information, enhance small object detection ability,
and compress the structure simultaneously. Channel-wise knowledge distillation (CWD) was applied to the improved model: each channel’
s feature map was normalized to a soft probability map, and the asymmetric KL divergence between the teacher and student models was
minimized to make the student model focus on salient regions of defect features, reducing feature loss without increasing computational
cost. A self-built steel surface defect dataset with four defect types (rust, scratch, pit, crack) was established and expanded via data
augmentation strategies including random cropping, dynamic brightness adjustment, salt-and-pepper noise, and Gaussian noise, and then
divided into training, validation, and test sets at an 8:1:1 ratio. Ablation experiments verified the effectiveness of each improved module,
and comparative experiments on distillation methods and mainstream detection algorithms were conducted under the same conditions.
Generalization experiments were carried out on the public NEU-DET and GC10-DET datasets, and the model was converted to ONNX
format for deployment verification on an ARM industrial computer. Precision, mAP50, mAP50-95, parameters, FPS, and FLOPs were used
as key evaluation indicators to comprehensively assess the algorithm's performance.

Results and Discussions Ablation experiments confirmed the effective optimization role of each improved module: HGRCBlock
reduced model parameters and FLOPs while enhancing multi-scale feature extraction; GSConv reduced the neck network’s redundant
information and computational complexity; SCSA improved the model’s perception of multi-scale objects and detection robustness;
CMBC Detect strengthened the capture ability for small, easily missed defects and further compressed the model size; CWD improved
model accuracy without changing model size and computational complexity. On the self-built dataset, RGCE-YOLO achieved a precision
of 83.4% (3.9% higher than YOLOv11n), with mAP50 and mAP50-95 increased by 3.9% and 4.6% to 80.5% and 50.3%, respectively;
parameters decreased by 34.5% to 1.69 M and FLOPs by 33.3% to 4.4 G, realizing dual optimization of accuracy and lightweight design.
Distillation comparison experiments showed that CWD had a better optimization effect than other distillation methods, and YOLOv11m
was selected as the optimal teacher model by balancing performance and complexity. Mainstream algorithm comparison experiments
indicated that RGCE-YOLO outperformed traditional algorithms (Faster R-CNN, RetinaNet, SSD) and other lightweight algorithms
(MobileNetV4, StarNet, NanoDet-Plus-m) in detection accuracy, and had obvious lightweight advantages over other YOLO series
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algorithms, with an FPS of 185.8 meeting industrial real-time detection needs. Generalization experiments showed that RGCE-YOLO
achieved a precision of 81.2% (8.4% higher than YOLOv11n) on the NEU-DET dataset and 73.1% (4.2% higher than YOLOv11n) on the
GC10-DET dataset, with stable mAP improvements, demonstrating excellent generalization ability. ONNX deployment verification on the
ARM industrial computer showed that the model maintained a precision of 81.7% and an FPS of 35.1 with no significant performance
decline, proving its adaptability to edge devices. Visual results showed that RGCE-YOLO had a lower missed detection rate, stronger small
object feature extraction ability, and more accurate bounding box positioning than YOLOv11n. The excellent performance of RGCE-
YOLO stemmed from the synergy of all improved modules: RepLightConv’s reparameterization balanced feature representation and
computational efficiency; GSConv and SCSA solved feature redundancy and semantic differences in multi-scale defect detection; the CA
mechanism in CMBC Detect retained spatial details and solved small object detection information loss; CWD enhanced dense object
feature capture and generalization without additional computational cost.

Conclusions RGCE-YOLO effectively solves the problems of low accuracy and poor lightweight performance of existing steel surface
defect detection algorithms, and the synergy of the improved modules achieves dual optimization of detection accuracy and model
lightweight design. On the self-built dataset, the algorithm not only has significantly higher precision, mAP50, and mAP50-95 than the
YOLOvI11n benchmark model, but also greatly reduces parameters and computational complexity, with its inference speed meeting
industrial real-time detection requirements. It exhibits excellent generalization performance on public steel surface defect datasets and can
be stably deployed on edge devices with no obvious detection performance decline, providing a reliable technical solution for real-time
industrial steel surface defect detection. The design idea of combining a lightweight network structure, an attention mechanism, and
knowledge distillation in this study also provides a reference for the lightweight optimization of other industrial object detection
algorithms. In the future, constructing a dataset with more steel surface defect types and conducting targeted improvements for tiny object
defects will further enhance the model’s comprehensive detection ability, promoting its wider application in industrial quality inspection
scenarios with more complex defect types and higher detection requirements.
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