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Abstract: To address the large-scale variation of defect targets and severe background interference in substation
equipment inspection images, this paper proposes a substation equipment defect detection model, termed the Substa-

tion Equipment Defect Detection Transformer (SED-DETR), based on multi-scale feature fusion. In the encoder, a
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Grouped Cascaded Self-Attention (GCSA) module is introduced to enhance focus on critical regions and improve
cross-region contextual modeling. In the neck, a Cross-Scale Multi-Branch Fusion Feed-Forward Network (CSMB-
FFN) is constructed, where an improved Unit Step Fusion Convolution (US-Conv) is employed for precise multi-
scale feature alignment, and a Cross-Stage Partial Omni-Kernel Block (CSP-OKB) module is incorporated to
strengthen the fusion of global context and local texture information. During training, the Generalized Intersection
over Union (GloU) term in the bounding-box regression loss is replaced with the Minimum Pairwise Distance Inter-
section over Union (MPDIoU) to improve the sensitivity of regression supervision under highly overlapped samples.
Experimental results show that SED-DETR achieves mAP@0.5 values of 94.1% and 95.4%, and mAP@0.5:0.95 val-
ues of 77.6% and 85.2%, on the self-collected dataset and the public IGV Dataset, respectively, outperforming current
mainstream detection models. Edge-side deployment results further demonstrate that the proposed model maintains fa-
vorable real-time inference capability on the Jetson Orin Nano 4GB platform; after FP16 acceleration, the inference
time is reduced to 23.9 ms while the mAP@0.5 remains 92.5%. These results indicate that SED-DETR achieves a fa-
vorable balance between detection accuracy and computational efficiency, providing a practical solution for substation
equipment defect detection.

Key words: Substation Equipment Fault Detection, Deep Learning, Multi-scale Feature Fusion, Self-attention Mecha-

nism, RT-DETR, Cross-stage Feature Fusion, Feature Alignment
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R 7V R LA AL ) CPF-DETR AH L #2 71
5.1%, BLHATE = loU BIE N A SCHLAY 8 7 Ji 2 5
[l AT SE SR 4 . RN J7 T, SED-DETR 1
HEPR IS (8] 1K 3 14.5ms, 7 3 )L T Faster R-CNN,
7] F£ X T CPF-DETR, Jf 45 1 F& & & [) RAP-
DETR AHiT . ZEUEJT44 7710, SED-DETR % &
12 18.7M, H L -F RT-DETR W& 3 [ 1K, iH5 &

*®5 BEBEFEEMREIL

e P% R%  mAP@0.5/% mggg& > HE LA 7]/ms Params/M FLOPS/G
Faster R-CNN 84.2 86.7 85.5 526 107.5 420 189.5
YOLOV10-m 863 88.4 87.6 55.8 203 154 632
YOLOvI1-m 87.6 89.1 88.7 583 19.4 20.1 72.8
YOLOVI2-m 88.3 90.5 89.4 59.2 18.6 202 717
RT-DETR 88.6 90.7 89.7 60.7 17.1 19.9 623
OHEH-RTDETR 89.1 912 90.2 65.9 16.3 14.3 48.1
RAP-DETR 875 89.8 88.3 67.4 14.2 13.4 56.4
CPF-DETR 90.4 92.9 91.6 725 16.1 15.2 713
SED-DETR 93.7 95.4 94.1 77.6 145 18.7 55.4
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FLOPs 4 55.4G, fik T RT-DETR K& £ %5t b 77
o GARE. EALRE5IHEAMN, SED-
DETR 7£ H #0442 R B 5840 10 M me AUl
SO UIE BB ARE2Y () A 20

H1 6 7] %1, SED-DETR 7E IGV Dataset | H{
13 7 B AR RS MRS 52 A5 A2 f . SED-DETR )
mAP@0.5 15 F] 95.4%, #H L6 B Bt ) Faster R-
CNN$&F+6.2%, 7E[F 2o 2 o AE 4L, 7 &
fI-’F RAP-DETR 5 CPF-DETR, & W 4% H 5 2
XF 22 8RR R VR 5 ke A B e ) e
£ mAP@0.5:0.95 £, AH X $5 A1 % LE 45 &Y CPF-
DETR #£ 7} 3.4%, Ut WAL 7E 5 ToU B {H F 5
PR S A 1) 1 FAE NG & 5 5 8 o — e . thah,
SED-DETR 7£ P 5 R F 73715 £ 94.5% #196.3%,
Bt E, SRS T A B [ B e TR
TR, EEAARRT I A Hh B g 510

FERE AN Z2 51, SED-DETR ) HE B i
[#]2413.1ms, 5 YOLO RAIBALAALL, HEHE ]
Wi . WIRIFHY /M, SED-DETR S & N

187M, 5 RT-DETR # & , it & & N
543GFLOPs, f& T RT-DETR. %4:4&K%E, SED-

DETR 7E IGV Dataset 523 T 58 & 1 LIRS
R R LRI, IR T RO R
R

3.6 iHRMSCIY
NVEAS S AR B R R M RE (R, 7R H AL
A BT RE VU2 Al S5 o 28 — 4 22 BR GCSA,
% 41 % Bk CSMB-FFN, 2 =41 7% [% MPDIoU,
SV e A A SEIG 45 Nk 7 FioR, SED-
DETR ' GCSA. CSMB-FFN 5 MPDIoU = i i
BE R RS FE S oE TR Y AR . B R
GCSA J&i mAP@0.5 f#1% 1.7%, mAP@0.5:0.95 [%
K 4.0%, = REER FEEEE NEE, W
GCSA TE 3l 5 R 1IE A8 B 55 4H0RLFE 5 A7 75 TH LA o
KEEMIVER . #F% CSMB-FFEN J A5 0 K B B Ak f
N, mAP@O.5 BE % 90.3%, mAP@0.5:0.95
ez 71.2%, REHERR 455 7 0.7ms, HEER
FE Rl B 77 T HI 55 3 350E 07 0 B BEAR A HY B
NF%, Vi CSMB-FEN X} £ R {5 BB & S5
[ B A Bl S PR o % B 458 2% B MP-
DIoU # # [7] GIoU )5, mAP@0.5 5 mAP@0.5:
0.95 73 7 ™ P 0.4% F13.5%.
3.7 LILERAIMAL

N TR [RI BRI AE A T E s S A0 | g 3 4
ERRTIRCR, JE TR A SR A RN L AR R
PERE. HEHUREMIBCRE 6 i, ATFE
P BT R B 7 B o

aiTE e FIE 7R A, fE/NERR. [FZEHE R

ROEZ R KBRS % LM% =+, YOLOvI2-
%6 IGV Dataset B! 4 REXTEE
) P% R%  mAP@OSM,  TAP@OS: HEFR I 1 /ms Params/M FLOPS/G

0.95/%

. 0
Faster R-CNN 88.3 90.2 89.2 78.5 735 4.0 179.3
YOLOV10-m 89.4 91.3 90.5 793 15.8 15.4 59.1
YOLOv11-m 90.7 92.4 91.1 79.6 16.3 20.1 68.5
YOLOvI2-m 90.9 92238 91.4 79.9 15.2 202 67.4
RT-DETR 91.2 9.9 91.8 80.2 15.0 19.9 61.1
OHEH-RTDETR 91.5 93.1 91.9 80.7 14.2 143 46.6
RAP-DETR 91.6 93.4 9223 81.5 12.8 13.4 56.5
CPF-DETR 91.8 93.7 92.7 81.8 13.6 15.2 62.6
SED-DETR 94.5 96.3 95.4 85.2 13.1 18.7 543
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R"7 HMKBER

GCSA  CSMB-FFN MPDIoU P% R% rgéi% m/&zs@/;& > HEFR I (] /ms Params/M FLOPs/G
x N N 915 932 924 73.6 14.4 17.2 51.3
N X N 894 916 903 712 13.8 16.5 49.6
N N x 921 942 937 74.1 14.6 18.5 553
N N N 937 954  94.1 77.6 14.5 18.7 554

6 HEBIEETIE R
(a) YOLOv12-m (b) RT-DETR (c) CPF-DETR (d)SED-DETR

m 5 RT-DETR ¥ i 77 75 & {5 B mAIS . 14 SR &
AN EZE N, CPF-DETR BG i fa e, (HAEL
o B A A S SO U R ) DX AT H B o R
ZS5BEE). M2 T, SED-DETREAA
it BRI — SOk 5 R, TAE 5
HiziaGMEaHE s, BEEERAER, WHER
F T S R0 R REAE R AE 7 TR A FE A AR
ENE
3.8 HMAXIEXLHN

D R ASE R AE SRR N R E A, 4 RT-
DETR 5 SED-DETR % % Jetson Orin Nano 4GB

G BB, BB ISR e A A A A B o
ONNX #% 3, Pf J5F]FH NVIDIA TensorRT £ i 4

B8, JEEE A FPI6 LR E M 5 H PRl & 5k
W REAT I o 7E [ A Sl 2 4% SR B A 4 E T
JRHMEF LN, SEER A5 RUNEK 8 i

H % 8 1] 41, SED-DETR 7 Jetson Orin Nano
4GBV & F RAABUF R E S8R . 5 RT-
DETR #H b, A& ik % fF T, SED-DETR [
mAP@0.5 M1 mAP@0.5:0.95 73 I 12 & 4.4 N 7
RAT16.9F 4 m, HEFRRS [HZA%017.2 ms. KM
FP16 A5, 1 5L 20 ) 25 B () 35 H B e
{H SED-DETR A/ {& 5 5 i A Wl ¥ 2, mAP@0.5
A mAP@0.5:0.95 7351 24 92.5% F172.3%, HEHRLET
)4 23.9ms. & AR RY B A BT IR RN 3 8 &
FitE, RS TERIRZ IRV & LIRS
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(a) YOLOv12-m (b) RT-DETR (c) CPF-DETR (d)SED-DETR

#8 MAARILLWLER

- . mAP@0.5: N .
i) mAP@0.5/% 0.95/% HEFEHT 7] /ms
RT-DETR 89.7 60.7 47.8
RT-DETR 86.2 53.4 35.2
(FP16)
SED-DETR 94.1 77.6 30.6
SED-DETR 92.5 723 23.9
(FP16)
R
4 ZEip

| 9 745 vl 3l A2 2% SR B AL U v ) BT R Y R
Yo 2R HERRIEA UL S B S FEAE ML A
Fa g S B, 4R SED-DETR 7, £ #45
LU

1) BRI N ERAE R K 22 N BE fl A [m] ) 24
W= HFEATAL . GCSAIRTFE 2415 5 F %
B X A R W B BE /7, CSMB-FFN 454 US-Conv 5
CSP-OKB 1 5 A 7] ] 4FAiE 2 18] ) il & 2 AL
MPDIoU % i B B A A S A T (134 FAE 18] A 5T

&, PEm A R AR A B e A AR E

2) 7EREINPERE T, SED-DETR 7 H 2 %1
PE 5 A1 JF IGV Dataset b 5 HUTS B A0 Ao 0 45 51 .
7 EHE £ E mAP@0.5 % RT-DETR #25 4.4
B4, fEATIFIGV Dataset F 4215 3.6 41N 43
VHRkSEIGF B, GCSA. CSMB-FFN 1 MPDIoU
B et Tt HABAE M, Horh CSMB-FFN ]
TR Y 3

3) AR ELERE /R, SED-DETR 1F Jet-
son Orin Nano 4GB ¥ & I L 4 5 U 19300 Sk i 3 .
RE /1. 4 FP16 Jinid Ji5 41 #7 I (8] 45 45 %2 23.9 ms,
R TR A LR R A v R WU 55 ) [ B e J - 2E A %
BA — 58 W10 G o s 5 78 A0 CAR S ANME -

AR AR 3 1 0 AR AIE Fit S AL R T B3R
R, IR SIE T & NRe f, HE3)3
F 3t Y 2% o 0 1) B0 R R A B S ALK 7 ) KR

SE R :

[1]  FHCE XMRMR . FET B DUt 17 ) 45 1) A8 i 3k g 4 XU T
(7). BlEARAR S TR, 2025, 25(33): 14507-14516.



« 13«

BIERE  XXXX F5 XX H#

(2]

(3]

(4]

(3]

(6]

(7]

(8]

[9]

Yu J F, Liu J J. Risk assessment of substation operation and
maintenance based on dynamic Bayesian network[J]. Science
Technology and Engineering, 2025, 25(33): 14507-14516.
[4E]

TR, TR, EVRE, B FE TR Eons T 2% AL e
A AR R A B @A ). BT B LB, 2025, 45
(11): 52-58.

Zhang Z B, Han M L, Wang Y Z, et al. Automation modeling
method for substation digital twin based on fuzzy generative ad-
versarial networks[J]. Electric Power Automation Equipment,
2025, 45(11): 52-58. [Ji /7]

T, £, MR, X XA T R AU A
P S PR3 15 A B B S oz T D], P E A, 2025, 58(9):
79-87.

Ye Y B, Wang J W, Sun Z X, et al. Communication link fault lo-
calization method adapted to new smart substations under parti-
tion collaboration[J]. Electric Power, 2025, 58(9): 79-87. [4E ]
SeAT, SN, TRON, 55 BT AR R (G BB & FRIE)
RS EASE  FIVE Al A B T S0 [J/OL]. o [ AL TRE 223k,
2025: 1-22. Qiang R, Gong G J, Wang D W, et al. Substation
Disturbance Modeling, Resilience Evaluation Method and En-
hancement Strategy Based on the Characteristics of Cyber
Physical Coupling[J]. Proceedings of the CSEE, 2025: 1-22.
(&N

Yang Q, Ma S, Guo D Q, et al. A small object detection method
for oil leakage defects in substations based on improved faster-
RCNNI[J]. Sensors, 2023, 23(17): 7390.
10.3390/523177390]

TREF SR, THARAE, X4 T 20 Faster R-CNN FAZ FL bl 3
AMHERFEATIIT]. 49 BE RGE4R, 2024, 19(2): 290-298.

Zhang M Q, Xing F D, Liu D. External defect detection of

[https://doi. org/

transformer substation equipment based on improved Faster R-
CNN[J]. CAAI Transactions on Intelligent Systems, 2024, 19
(2): 290-298. [Ji /7]

Xin MY, Xu C B, Gao J P, et al. High-precision recognition al-
gorithm for equipment defects based on mask R-CNN algo-
rithm framework in power system[J]. Processes, 2024, 12(12):
2940. [https://doi.org/10.3390/pr12122940]

Jiang J J, Zhang Y Q, Wan A P, et al. Multi-target detection for
safety monitoring in complex substation environments using
YOLO-DySE[J]. Signal, Image and Video Processing, 2025, 19
(10): 804. [https://doi.org/10.1007/s11760-025-04425-9]

Wang Q, Yang L X, Zhou B, et al. YOLO-SS-large: a light-
weight and high-performance model for defect detection in sub-
stations[J]. Sensors, 2023, 23(19): 8080.
10.3390/523198080]

[https://doi. org/

(10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

(19]

[20]

Wang J Q, Sun Y W, Lin Y, et al. Lightweight substation equip-
ment defect detection algorithm for small targets[J]. Sensors,
2024, 24(18): 5914. [https://doi.org/10.3390/s24185914]

Sun Y W, Sun X R, Lin Y, et al. Substation equipment defect
detection based on improved YOLOVS[J]. Sensors, 2025, 25
(11): 3410. [https://doi.org/10.3390/s25113410]

Jiang J J, Zhang Y Q, Wan A P, et al. Multi-target detection for
safety monitoring in complex substation environments using
YOLO-DySE[J]. Signal, Image and Video Processing, 2025, 19
(10): 804. [https://doi.org/10.1007/511760-025-04425-9]

Yu L, Tang L, Mu L S. A review of detection transformer: From
basic architecture to advanced developments and visual percep-
tion applications[J]. Sensors, 2025, 25(13): 3952. [https://doi.
org/10.3390/525133952]

Carion N, Massa F, Synnaeve G, et al. End-to-end object detec-
tion with transformers[C]//Computer Vision - ECCV 2020.
Cham: Springer, 2020: 213-229. [https://doi.org/10.1007/978-3-
030-58452-8 13]

Zhao Y A, Lv WY, Xu S L, et al. DETRs beat YOLOs on real-
time object detection[C]//Proceedings of the 2024 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
(CVPR). Piscataway: IEEE Press, 2024: 16965-16974. [https://
doi.org/10.1109/CVPR52733.2024.01605]

MRFE, HAR IR, BIHE, 25 . 2T TLI-DETR H % B 28 B 4 P
1&/N B ARSI 7 VR[T]. & ), 2025, 53(9): 117-125.

Xu C, Zheng C H, Hu X, et al. A small object detection method
for transmission line inspection images based on TLI-DETR[J].
Smart Power, 2025, 53(9): 117-125. [4E£]

Fang H, Lin S, HuJ W, et al. CPF-DETR: an end-to-end DETR
model for detecting complex patterned fabric defects[J]. Fibers
and Polymers, 2025, 26(1): 369-382. [https://doi. org/10.1007/
$12221-024-00809-9]

Lan A R, He W, Wang T. Research on substation equipment de-
fect detection technology based on an improved RT-DETR
model[C]//Proceedings of the 2024 6th International Confer-
ence on Robotics, Intelligent Control and Artificial Intelligence
(RICAI). Piscataway: IEEE Press, 2024: 680-686. [https://doi.
org/10.1109/RICAT64321.2024.10911708]

Xiong C Q, Zayed T, Jiang X Y, et al. A novel model for in-
stance segmentation and quantification of bridge surface
cracks: the YOLOVS-AFPN-MPD-IoU[J]. Sensors, 2024, 24
(13): 4288. [https://doi.org/10.3390/524134288]

Hu M T, Zhuang Y, Wang J H, et al. PBZGNet: a novel defect
detection network for substation equipment based on gradual
parallel branch architecture[J]. Sensors, 2026, 26(1): 300.
[https://doi.org/10.3390/526010300]



5

14 -

[21] Du S J, Zhang B F, Zhang P, et al. An improved bounding box
regression loss function based on CIOU loss for multi-scale ob-
ject detection[C]//Proceedings of the 2021 IEEE 2nd Interna-
tional Conference on Pattern Recognition and Machine Learn-
ing (PRML). Piscataway: IEEE Press, 2021: 92-98. [https://doi.
org/10.1109/PRML52754.2021.9520717]

[22] Su K K, Cao L H, Zhao B T, et al. N-IoU: better IoU-based
bounding box regression loss for object detection[J]. Neural
Computing and Applications, 2024, 36(6): 3049-3063. [https://
doi.org/10.1007/s00521-023-09133-4]

[23] Liu H, Watanabe H. InterploU: Rethinking Bounding Box Re-
gression with Interpolation-Based IoU Optimization[EB/OL].
arXiv: 2507.12420, 2025-07-16 [2026-05-13]. [https://doi. org/
10.48550/arXiv.2507.12420]

[24] Wang H C, Zhang Y G, Wu W H. OHEH-RTDETR: an im-
proved RT-DETR detection model based on frequency layered
processing and advanced feature selection[J]. Measurement Sci-
ence and Technology, 2025, 36(4): 046211. [https:/doi. org/
10.1088/1361-6501/adc1£3]

[25] Xie H, Zhou H B, Chen R L, et al. RAP-DETR: enhancing RT-
DETR for railway track defect detection[J]. Measurement,
2026, 258: 119058. [https://doi. org/10.1016/j. measure-
ment.2025.119058]

(fEE ]

Mk, 1991, 53, V4% K M4 B R
NwE, BW, BlE, EENFEIBE
B 12 W7 T R 9

B, 1987, B, LB RFEHST
b, HAR, EEMNETHENNA. B
73 4 WU W 1 AR 5 T ORI 9T

TOHE(1991-) |, 5, RGN, AR, Rl 2 TR, 55877 14
L R R T

=)

RSN, T, B 5207 1R i S AL
Wi A . E-mail:wenshukail87@163.

com



