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Abstract: Steel surface defect detection is challenged by complex industrial backgrounds, which weaken
low-contrast defect representations, as well as by the loss of local structural details during cross-scale fea-
ture fusion. To address these issues, an improved detection framework, termed DFD-DETR, is pro-
posed, integrating a dual-frequency-domain enhancement strategy with a dynamic kernel guidance mecha-
nism. Specifically, a Dual-Frequency Domain Enhancement (DFE) module is designed to suppress low-

frequency background interference caused by rolling textures while enhancing the high-frequency edge re-

W B 88 :2026-05-26 ; 1&1T H #5: 2026-07-07.
HETH 2025 F R EVTAE ARBHE RS E 4 F W H (No. PL2025F021)



#5150 BRI, A T XUCE U Y R 5 B 51 = 89 DED-DETR 84 b4 2 1 ik b 6z I 2423

sponses of subtle defects. The DFE module consists of a pre-stage high-pass filtering module and a post-
stage spectral gating module. In the pre-stage, low-frequency background components, such as rolling tex-
tures, are suppressed by a fixed high-pass frequency response, whereas in the post-stage, the fused fre-
quency-domain features are adaptively recalibrated through a learnable spectral gating mechanism, thereby
strengthening the edge responses of subtle defects. To further mitigate the loss of fine-grained information
during multi-scale feature interaction, a Dynamic Kernel Guidance (DKG) module is introduced. Spatially
adaptive dynamic convolution kernels are generated from high-level semantic features, and locally guided
aggregation is performed on high-resolution shallow features, thereby enhancing structural representation
across multiple defect scales. Extensive experiments on the NEU-DET and GC10-DET datasets demon-
strate that the proposed method achieves mAP@0. 5 scores of 80.8% and 73.4%, respectively. Com-
pared with the baseline RF-DETR, the proposed framework exhibits superior performance in low-contrast
and multi-scale defect detection under complex backgrounds, indicating improved detection capability and
generalization performance.
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Tab.2 Comparison of frequency-domain enhancement Tab.3 Comparison of cross-scale feature fusion methods
methods on the NEU dataset on the NEU dataset
mAP®@ Param mAP@ Params/
Method P FLOPs FPS Method P R FPS
0.5/% s/M 0.5/% M
HPF 74.3 72.0 73.6 36.45 32.24 24 Add 79.8 73.3 76.0 30.82  35.0
FFT 75.1 73.5 75.0 36.34  32.24 22.5 Concat 79.9 73.3 75.9 31.87 41.7
FcaNet 79.3 71.7 76.0 36.45 32.27 20.9 CARAFE 80.0 71.7 74.6 32.66 38.1
Ours 75.8 75.1 76.4 36.34 32.31 25.4 DySample 75.9 71.5 73.6 31.90  33.9
Ours 80.2 73.8 76.8 31.90 40.7
5 J 78 L 2 M LA S o B TR 2 1 A B . DyS-

ample >R F 2l & R FE 58 BORRIE XF 5% B X T RBEE
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2 ¥ BR[O PR fE R B, DFE {5 B 75
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JEE [a] A 78 2 i M e R A A /N 15 T
PR BE W A DR R 1T 0 AR A SR A 1 B2 T 5 R
JEE R I il 5 IR, 780 U W A SO 42t 1 T 3 A
SO Tl 55 T FLA B i A R S R A 4
ZALRETT .

&4 7£ GC10-DET (47 S 5838 58 77 & X tb
Tab.4 Comparison of frequency-domain enhancement
methods on the GC10-DET dataset

mAP@ Params
Method P R FLOPs FPS
0.5/% /M

Baseline 80.9 69.7 73.4  36.34 32.17 45.7

HPF 78.9 72.0 73.1 36.45 32.24 51.4
FFT 81.5 68.7 72.5 36.35 32.24 47.2
FcaNet 79.5 70.6 72.3  36.45 32.27 44.3
Ours 85.7 70.8 74.4 36.34 32.31 46.8

®5 FEGCI0-DETHIEEERERHIEME T AL
Tab.5 Comparison of cross-scale feature fusion methods

on the NEU dataset

mAP@ Params/
Method P R FPS
0.5/% M

Add 81.1 70.2 72.7 30.84  54.8

Concat 82.4 68.6 73.0 31.89  54.5
CARAFE 77.9 69.6 70.8 32.67 51.4
DySample 80.9  68.7 72.8 31.91  49.5

Ours 79.6 71.4 73.9 31.92  54.5

3.5 HBLIE

I UEAS SCHE Y 2 S 5 S B (DKG)
55 U A9 8 394 5 4 B (DFE, 42 456 wi7 8 80 3 8 %
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50 357 2R FH AR ] 0 11 5 2 8005 s 4 0 =, S e
ZEER N 6 TR .

NS G 25 0 DL Bl g A DKG £ 3k
o B mAP@O. 5 AR BRI Y 72. 4% 42 7t
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o P 2 A AR B BT R SO R L
5 i [R] Bsp, A R Precision 2 7+ £ 76. 7%, %
B T8 2475 50 B b OB i A —

F6 HMIEER

Tab.6 Ablation experiments results

Method mAP@

DKG  Pre-Freq Post-Freq 0.5/%

72.4 73.6  68.8

N, 75.8 76.7 68.7
N/ 72.7  68.3  68.9

N, 71.1  68.6 70.5

N, N 75.5  68.7 71.5
N N, 75.1  69.5 73.2
N/ N 76.2  73.1 69.4

N/ N N/ 80.8  76.3  72.9
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Tab.7 Results of comparative experiments on NEU data-

sets

mAP@
Models P R FPS
0.5/%
Faster R-CNN'™ 56.9 72.8 69.3 19.9
SSD'#! 67.9 60.1 68.2 56.8
YOLOv&n'* 73.3  68.1 67.6  63.2
YOLOv11™® 76.1 67.3 741  66.3
SDF-YOLO"™! 76.8 72.6  76.9 —
VTG-YOLOv7?! 68.5 74.5 74.4 87
UAL-YOLO™! — — 79.5 84
GC-NET™! — — 77.1 40
RF-DETR 73.6  68.8 72.4  64.2
Ours 76.3 73.0 80.8  66.8
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Tab.8 Comparative experimental results of various types

of defects on NEU datasets

mAP@0. 5/ %

Models
Cr In Pa Ps Rs Sc

YOLOv1l 36.0 79.5 92.1 89.2 533.7 96.0
RF-DETR 37.8 81 90 82 58.2 97

Ours 48.9 79.6 94.2 85.1 69.0 99.0

SH L EE R WL 9 PR .

GCI10-DET %u#i £ B A B8 5t T4 W i
JRUBE AZ A DL K 28 G0 AN B8 4 S5 R o, NP AR AR I
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45 XU B 5 B B G 0 A Y A 0 B 4R
A 35t B R R B R R . X R BRI 5 R
2K AE T WA G A2 2 i A 45 4 Ak Tl 3 B, Tl fE
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Tab.9 Results of comparative experiments on GC10-

DET datasets

Models P R mAP@O. 5
Faster R-CNN 55.3 66.9 61.5
SSD 61.0 55.1 60.9
YOLOvS8n 73.3 68. 1 68.4
YOLOvI1 68.5 63.8 65.9
Sk 76. 8 70.4 70.9
GC-NET'® — — 63.3
RF-DETR 69.9 65.0 71.3
Ours 75.3 69.5 73.4
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Tab.10 Results of mAP of various types on GC10-DET datasets
mAP@0. 5/ %
Models

iE Ree AT Kk VI BE 22 5t S Jisg IR 7

YOLOvI1 93.4 94.3 96.5 71 70.7 63.6 49.2 40.6 53.2 70.6
RF-DETR 94.9 94.8 98.0 72.7 71.8 62.7 53.5 50. 2 51.8 83.4
Ours 95.3 95.3 98.3 78.0 73.4 63.6 54.9 55.2 41.0 83.7
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Fig.8 Visual comparison of test result

TS REZABE KNG 5T, X E8 45590 %
B B 5 /0N R Bt o LA T S R A A T 5 AR T A
MG P b o 5 — AT 0 B AR A 28 0 Y LS
bR 3 HE (Ground truth) £ S 56 o xF B/, 58 — 47 )
J& RF-DETR J5 If 455 78 () 6 0 &4 1, o DR B 7
THT X 52 2% 37 e (8 B MR s T I o ) Bk g R 22
SRS AR RGEIHE, 5 =17 g A
SCHCHE S R U AR FE 9T A 28 51 R R DLW
N2 1) B i ) el R SO

BtOuF A2 2% Tl 3 S5 T A BE 2 T Bk B A 0
A B AR L RE Sl I W) 7 583 B RO AR A il 5 o

T S R A Y S R A Il A SCHR T — R AR
T RF-DETR By i Bk AESE DFD-DETR.

A SCRY T U i SR AL (DFE) | i o
T R DR U S A 1 A AR RO R I A 5
U DI i I 1 I € SR - S e 1 B == R )
AT, 1 5m 55 B FE i 15 B . LI g 2R
FMW] 1% W X LB K BEAFE AR X L RE Bk B B
A R A T 25

[F] B B Xof A% 9 it R il 3o 2 v 0 )22 Jmy
S5 B S B A I, T T Sh ARG SRk
(DKG) . Z B R IR 2 1 SUF B A i zs | A
T I B 2 A B 6 R 2 o PR AR IR AT )R
S| T AL, DA B a8 R R X 22 R Bl o 1) 45 4 R
fERE ] o



o515

LR M, 25 < B T RUH U 98 15 2 A% 51 5 19 DFD-DE TR A9 44 34 1 ol 5 46 1) 2435

£ NEU-DET 5 GC10-DET Wi %t #2 4 -
1) 52 36 45 R R B, AR SC5 I 43 i IO 80. 8% 5
73.4% By mAP@O. 5, A 5 B 2 A AU B A —
T, AN B X GCL0-DET Bdi 45 v Py " 2%
ARSI P Rl B A 0] A, E— 25 A3 B T A s
A 285 ¥ £ JEL AT RB Y O I s i, Dy S SR 0
B R R R I LA IR AL T 5%

SRR A SO 0 B S R B S
|5 U IR AL T A 2 2 8 50 B9 bE 3R 1Tk B R D AT
55 v e B A A 1 3 N M 55 R I PE g L [ I i
Jii T —E W EAOR . RAE AT IREWAAD
FEECHE 4 b BUS T B R D AR B X TR
I I AR5 AL R A 1 R R B A A A —

Sk

(1] B &, oo, 24, F . RZERME KRS

Transformer [ 42 J& B B4 BHRR B0 7k [T]. & B 4
LA, 2022, 33(19): 2298-2305, 2316.
TANG D L, YANG ZH, CHENG H, et al. Met-
al defect image recognition method based on shal-
low CNN fusion transformer[J]. China Mechani-
cal Engineering, 2022, 33 (19) : 2298-2305,
2316. (in Chinese)

(2] REM, MHEE, Bk, F. ETFHREFTHEH

2 THT 5 B A DU 7 YR 2R R [T]. R AL R ) i A
%, 2025, 31(3): 721-745.
DENG ZH P, HE SH M, YANG G, et al. Survey
of texture surface defect detection method based on
deep learning[J]. Computer Integrated Manufactur-
ing Systems, 2025, 31(3): 721-745. (in Chinese)

(3] ZFJdu, m#, 24, 5. SaAENERWERYS

N BF SRR [T, B 24 4 4k, 2020, 46(11):
2319-2336.
LISH B, YANG J, WANG ZH, et al. Review of
development and application of defect detection tech-
nology [J]. Acta Automatica Sinica, 2020, 46
(11): 2319-2336. (in Chinese)

[4] REDMON J, DIVVALA S, GIRSHICK R, ef al.
You only look once: unified, real-time object detec-
tion[C]. 2016 IEEE Conference on Computer Vi-
sion and Pattern Recognition (CVPR). June 27-30,
2016, Las Vegas, NV, USA. IEEE, 2016:
779-788.

PEREAUHT oI5 2k T AR BE— 2 BE 5T F & N R
e R B B S e A B Bl A R AR A SR
L $ T TR 7 AN [ 26 TR Tl e s A 0 A 55 v B
T8 N BE T o

EERE AR
R M F T EGRE L HNEREE
IR X F L BB A,

S S
Ak . O B B HE B 32 Fa o AT

% I B IR B e 55 AT
SHARH X FEE HEFBE,
X F.XFEEBESE,

[5] CARION N, MASSA F, SYNNAEVE G, et al.
End-to-end object detection with transformers [ EB/
OL]. 2020: arXiv: 2005.12872. https://arxiv.
org/abs/2005. 12872.

[6] ZHU X Z, SUW J, LUL W, et al. Deformable
DETR: deformable transformers for end-to-end ob-
ject detection [EB/OL]. 2020
2010. 04159. https://arxiv. org/abs/2010. 04159.

[7] LINTY, DOLLAR P, GIRSHICK R, e al. Fea-

arXiv:

ture pyramid networks for object detection [C].
2017 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR). July 21-26, 2017,
Honolulu, HI, USA. 1IEEE, 2017: 936-944.

[8] LIUS, QIL, QIN H F, et al. Path aggregation
network for instance segmentation[ C]. 2018 IEEE/
CVF Conference on Computer Vision and Pattern
Recognition. June 18-23, 2018, Salt Lake City,
UT, USA. IEEE, 2018: 8759-8768.

[9] XIAOH Y, ZHANG W Y, ZUO L, et al. WFF-
Net: Trainable weight feature fusion convolutional
neural networks for surface defect detection[J]. Ad-
vanced Engineering Informatics, 2025, 64: 103073.

[10] 346, 7575, &Mk, ¥ . ZRIELES53ED

IF] f) 499 2 17 Gl B K2 (7], 3 SE AL T A2, 2025:
1-14.

GUO W, MENG Q Q, JIN H B, e a/. Mult-
scale Interaction and dynamic collaboration for steel
surface defect detection [J]. Computer Engineer-
ing, 2025: 1-14. (in Chinese)

[11] skwedt, x2Mm, 84, F. £ F GAB-YOLO



2436

K TR

34 %

[12]

[14]

[15]

[17]

[19]

49 B 2 T SR B K i [Tt v & 5 s
41, 2026 1-10.

ZHANG X M, HUANG WY, LYU W D, ez al.
Steel
GAB-YOLO[J]. Computer Measurement & Con-
trol, 2026: 1-10. (in Chinese)

BAA, FRA, L. LT DMLEYOLO 5 %
V14 1 B TR e B R [0 ] 4k BT T R, 2026,
38(3): 373-383.

PENG Y Y, LIW G, HU J Q. Strip steel surface
defect detection based on DMI-YOLO algorithm
[J]. Jouwrnal of Iron and Steel Research, 2026, 38
(3): 373-383. (in Chinese)

LIU G H, CHU M X, GONG R F, et al. Global

surface defect detection method based on

attention module and cascade fusion network for
steel surface defect detection[J]. Pattern Recogni-
tion, 2025, 158: 110979.

L1J, LUO W, et al. PCBA pin solder defect de-
tection method based on improved RT-DETR[J].
Chinese Journal of Liquid Crystals and Displays,
2025, 40(10): 1532-1544.

ROBINSON I, ROBICHEAUX P, POPOV M,
et al. RF-DETR: neural architecture search for re-
al-time detection transformers [EB/OL]. 2025:
arXiv: 2511.09554.
2511.09554.

PEI X, HUANG Y D, SUW J, etal. FFTForm-

https://arxiv. org/abs/

er: a spatial-frequency noise aware CNN-Trans-
former for low light image enhancement [J].
Knowledge-Based Systems, 2025, 314: 113055.
LIUSL, ZENG ZY, REN T H, et al. Ground-
ing DINO: marrying DINO with grounded pre-
training for open-set object detection[ CJ]. Comput-
er Vision-ECCV 2024. Cham: Springer, 2025:
38-55.

CHEN Y P, DAIX Y, LIUM C, et al. Dynamic
convolution: attention over convolution kernels
[C]. 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition (CVPR). June
13-19, 2020. Seattle, WA, USA. IEEE, 2020:
11027-11036.

WANG J Q, CHEN K, XU R, ez al. CARAFE:
content-aware ReAssembly of FEatures[C]. 2019
IEEE/CVF International Conference on Computer

Vision (ICCV). October 27-November 2, 20109.

[21]

[25]

[26]

[27]

[28]

Seoul, Korea. IEEE, 2019: 3007-3016.

HE Y, SONG K C, MENG Q G, e al. An end-
to-end steel surface defect detection approach via
fusing multiple hierarchical features [J]. IEEE

Transactions on Instrumentation and Measure-
ment, 2020, 69(4): 1493-1504.

LV XM, DUANF J, JIANG J J, et al. Deep metal-
lic surface defect detection: the new benchmark and de-
tection network[ J]. Sensors, 2020, 20(6) : 1562.
REN QR, GENG JH, LIJY. Slighter Faster R-
CNN for real-time detection of steel strip surface
defects [C].
(CAC). November 30-December 2, 2018, Xi’ an,
China. 1IEEE, 2019: 2173-2178.

LIU W, ANGUELOV D, ERHAN D, et al.
SSD: Single Shot MultiBox Detector [M]. Com-
puter Vision-ECCV 2016. Cham: Springer Inter-
national Publishing, 2016: 21-37.

VARGHESE R, M S. YOLOVS: a novel object

2018 Chinese Automation Congress

detection algorithm with enhanced performance and
robustness [ C]. 2024 International Conference on
Advances in Data Engineering and Intelligent
Computing Systems (ADICS). April 18-19, 2024,
Chennai, India. TEEE, 2024 . 1-6.
KHANAM R, HUSSAIN M. YOLOvll: an
overview of the key architectural enhancements
[EB/OL]. 2024: arXiv: 2410.17725. htips://
arxiv. org/abs/2410. 17725.

WANG C L, XU K. SDF-YOLO: an efficient
neural network for detecting surface defects in steel
strips [J]. Jowrnal of Physics: Conference Series,
2025, 2990(1): 012024.

FALE, s, B, F . SRR A VTG-
YOLOv7-tiny %) 94 b 3 Sl B Rz [J]. k% 4%
% TAZ, 2024, 32(8): 1227-1240.

LIANG L M, LONG P W, FENG Y, et al. Im-
proving the lightweight VTG-YOLOv7-tiny for
steel surface defect detection[J]. Optics and Preci-
sion Engineering, 2024, 32(8) : 1227-1240. (in
Chinese)

kA E, R EE . LT UAL-YOLO B # £ i
BepE R AL [T].  F & 5 E F IR, 2026:
1-12.

ZHANG X J, ZHAO ZH CH. Steel surface defect
detection algorithm based on UAL-YOLO [J].



#5150 BRI, A T XUCE U Y R 5 B 51 = 89 DED-DETR 84 b4 2 1 ik b 6z I 2437

Journal of Electronic Measurement and Instrumen-
tation, 2026 1-12. (in Chinese)
[29] XIA Y K, LU Y, JIANG X H, et al. Enhanced

EER T
HUR M (2002-) , 55, B Je TE R B, Wt
WS, BN G R R A B S Pl AR

= | Mo 7 | OB BF %X . E-mail:
15663740563@163. com

dih

multiscale attentional feature fusion model for de-

fect detection on steel surfaces[J]. Pattern Recog-

nition Letters, 2025, 188(C): 15-21.

BIRIEE

INBEEH (1983-) , 2, IBTLI AR |, 1
+, #B A S0, 2007 4F L2012
AR T SR Tl KA K 2 43 Sl 4R A5 it
+ P, FENE LR
14 b B R F 5 R A B BUAE 5 T ) TOF

%% o E-mail: sunxiaoming@hrbust.

edu. cn



