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Abstract ; To address the problems of insufficient real-time performance, high computational resource consumption,
and low detection accuracy in practical environments for substation defect detection tasks, this paper proposed a
lightweight object detection model, namely ELT-RTDETR. First, EfficientFormerV2 was adopted as the backbone
network, combining local convolutions with a lightweight Transformer design to significantly reduce the number of
model parameters and computational overhead. Second, a lightweight multi-scale feature pyramid network
(LMSFPN) was proposed to enhance the expression capability of multi-scale defect features through multi-scale
depth-wise convolutions, weighted fusion, and efficient upsampling strategies, while reducing redundant
computations. Finally, a token statistics self-attention cross-feature enhancement ( TSSACFE) module based on the
token statistics self-attention ( TSSA) mechanism was introduced. This module optimized feature interaction through
local statistical modeling and low-dimensional projection, effectively improving the detection robustness of small
defects. Results show that on a self-built substation equipment defect dataset, the detection accuracy of ELT-
RTDETR reaches 82. 1% , which is 7. 3% higher than that of the traditional RT-DETR. Meanwhile, the model
calculation volume and parameter count are reduced by 63.2% and 50. 7% , respectively. Ablation experiments
and comparisons with mainstream algorithms demonstrate that the proposed model outperforms the YOLO series and
existing RT-DETR variants in terms of accuracy, light weight, and inference efficiency, especially in tasks such as
meter shell damage and silica gel canister discoloration. This study provides an efficient solution for real-time defect
detection in substation environments, possessing significant potential for engineering applications.
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Tab.2 Label information of substation defect dataset
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Total 6 004 762 522 869 861 707 402 793 1061 692

2.2 RHRERESEEE 2.3 MR

A SZIGIRAE 2R G R ] Windows11 5 KE H SO,
4 T4 13 18 Intel Core 19-13980HX AbHEZS . GPU
J7 THAE ] RTX4060 &, 312177 CUDAIL2. 1 hitA
T, S kT U 2% ST HESE Pytoreh2. 10, Jf i
PyCharm £ iU & FR 8 EC & Python3. 9 #1711 T
KA I SR S T #8522 . TR S8
WSHIENFE 3,

®3 ESHIRE
Tab.3  Training parameter settings
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Fig. 8 Comparison of backbone structure parameters with mAP50
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Tab.4  Comparison of model performance after replacing backbone network
wam SHR/M FEE/(10%')  AP/%  AP/%  AP/% F\ /% P/% mAPS0/ %
RT-DETR 75.85 57.0 15.1 35.4 47.5 68.0 74.8 67.2
ConvNextV2[1 46.96 31.9 3.1 31.0 44.0 64.0 69.9 63.5
FasterNet! 0] 41.24 28.5 10.9 30.8 47.0 67.0 75.9 62.2
RepVit:!] 50.79 36.4 8.7 30.0 45.4 66.0 76.5 65.1
EfficientViT '8! 40.87 27.3 11.8 24.7 46.4 65.0 76.0 65.3
e 45.05 29.5 17.4 37.6 48.1 68.0 80.8 66.9
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Tab.5 Performance comparison of feature pyramid replacement
R SHER/M HEE/(10% ) AP/% AP, /% AP,/ % mAP50/% PR B2/ fips
RT-DETR 75.85 57.0 15.1 35.4 47.5 67.2 88.49
MAFPN[!!] 87.49 56.4 25.6 32.7 49.3 70.1 84.76
HSFPN!"] 69. 14 53.3 18.0 33.4 48.5 69.5 86.21
CA-HSFPN!] 69.02 53.4 25.2 35.9 48.4 69.8 86.96
ELA-HSFPN!2!! 76.06 53.7 23.0 30.8 49.1 69. 6 86.21
LMSFPN 78.47 48.7 23.4 34.8 49.2 69.6 71.43
IS A
i YARE wENE  mmips 2.4.3 fIFI X HE S . o
= 80 JRUR Y ATFT BEA R 142 R 28 HLRE T, (H X
5 1 T FhL S B R 32K HARAR D 25 SN B IX
20 BORSE /N B 568 24 AT 55, FURRIE 4R BUGE J) 7T B
RT-DETR MAFPN HSF;;EECA-HSFPN ELA-HSFPN LMSFPN ﬁﬁ:z:/io y‘j T E’@iﬁiﬁiﬂ:}ﬁ E/‘J AIFI *ﬁﬁ%ﬁﬁ Eﬂjljj
0 IR I S R B R B ARG I A 55 A8 A R, TR AT A () TS 235 4 118 %
Fig.9 Tmpact of replacing original feature pyramid P, ANR] ATFT BOIERT S AR A 6.

R 6 AIFI XJLLSRIR4E R

Tab.6 Comparison experiment results of AIFI

AR P/% R/% mAP50/% mAP50-95/% SHE/M A/ (10%s 1)
RT-DETR 74.8 64.2 67.2 46.4 75.85 57.0
AIFI-DHSA (22 81.3 65.5 70.6 49.4 76.39 57.3
AIFI-DTAB? 79.3 67.3 70.3 49.3 82.99 58.7
AIFI-EfficientAdditive 2] 84.2 62.0 68.6 48.0 75.85 57.2
ATFI-HiLo! >/ 78.6 64.8 69.7 48.4 75.72 57.1
AIFI-LPE 76.6 65.6 69.2 47.5 76.24 57.0
AIFI-RepBN 2] 78.0 63.2 68.1 47.2 75.85 57.0
TSSACFE 82.7 65.8 70.6 49.0 75.34 57.1
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Fig. 10 Performance curve comparison of various AIFIs
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Tab.7 Comparison experiment results of mainstream algorithms
Y P/% R/% mAP50/%  mAP50-95/% ZH/M HER/(10%7!)  HEBEHE/fps
Heavyweight model
YOLOv3 51.9 21.4 26.0 18.6 395.47 282.2 40.49
YOLOvSm 62.9 46.4 50.5 34.0 95.55 64.0 105.26
YOLOv6m 57.9 39.0 42.5 29.0 198.29 161.2 33.78
YOLOv8m 77.3 62.0 68.4 47.0 98.59 78.7 91.74
RTDETR-18 74.8 64.2 67.2 46.4 75.85 57.0 91.37
RTDETR-34 81.1 62.8 68.6 46.7 118.71 88.8 34.63
RTDETR-50 76.2 62.6 67.4 46.9 160. 11 129.6 39.41
Lightweight model
YOLOvV3-tiny 79.5 64.1 69.0 47.5 46.38 18.9 212.76
YOLOvSs 62.3 56.7 57.3 38.8 34.77 23.8 163.93
YOLOv6s 70.8 51.7 58.1 39.9 62.18 44.0 161.29
YOLOvS8s 76.0 51.2 59.8 40.5 42.45 28.5 161.29
AR 82.1 62.0 67.4 46.4 37.14 21.0 69.23
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Tab.8 Results of ablation experiment

i = EfficientFormerV2 LMSFPN TSSACFE P/% R/% mAP50/%  BEE/M AR/ (10957
14 74.8 64.2 67.2 75.85 57.0
24 2 80.8 60.9 66.9 81.00 29.5
34 v 81.1 63. 1 69.2 68.47 48.7
4# Vv 82.7 65.8 70.6 75.35 57.1
54 % % 82.6 62.6 66. 8 37.65 20.9
6# 2 Vv 2 82.1 62.0 67.4 37.14 21.0
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Tab.9  Application of improved model in defect detection of

different substations

Km Instances P/% R/% mAP50/% mAP50-95/%
43 676 80.8 62.0 67.4 46.4
FIT 4
83 81.6 84.3 87.1 70. 1
EL 3%
Banlii]
Fitohae
N 50 91.8 72.0  79.7 65.7
4t
) E 73 69.1 52.0 53.4 24.6
BB 93 79.1 77.2  74.7 52.5
FRLWE 76 81.3 67.1 71.2 50.0
Y 2% T 43 83.6 35.6 44.4 28.5
HTEIME 99 69.4 35.4 45.6 22.6
TR AT AE 4 98 97.7 85.2 92.8 75.1
2 R 61 85.6 42.6 56. 1 27.7
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Fig. 11 Comparison of precision, recall, mAP50, and F| curves for different types of defects using ELT-RTDETR model
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Fig. 12 Comparison of model confusion matrix before and after improvement
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Tab. 10  Comparison of results on different public datasets

o PASCAL VOC NEU-DET
%;l:
P/% mAP50/%  HHER/(10°s7)  SEE/M P/% mAPS0/%  HEE/(10°s7")  SEE/M
RT-DETR 67.4 56.9 57.0 75.9 79.4 74.6 57.0 75.8
ELT-RTDETR ~ 70.0 60.5 21.0 37.2 83.9 78.8 21.0 37.1
Bl RT-DETR TR PE BEXT b A A
mAP50/% » RT-DETR (PASCAL VOC)
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T + RT-DETR (NEU-DET)
100 + ELT-RTDETR (NEU-DET)
m 80 \ 100
& 60
= 0
= 40 PI/%
20
0
PI%
R qoC mAP50/%
sC THEE/(10%)
RS EUDE SHEM
Vg S Eizpa ZHE/M

B 13 tEpefstRaT AL

Fig. 13 Visualization of performance indicators
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Tab. 11 TIDE result visualization
*ﬁﬂ EC]a EMiss EBkg El)upc ER(»Ih El,m', EI"P EI"V
RT-DETR 4.11 0.97 1.97 1.41 0.68 4.07 22.24 6.63
ELT-RTDETR 4.04 0.97 2.46 0.95 0.33 4.72 20.87 6.90

0.07 ) 0 0.491 0.46 | 0.35] 0.651 1.37 1 0.271

Improvement
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Fig. 14 TIDE result visualization
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Fig. 15 Visual comparison of detection results from different methods
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