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SDH-DETR lightweight insulator defect detection algorithm

Zhou Jing Liu Xin Tang Zhenyang Dong Hui

(School of Control and Computer Engineering, North China Electric Power University,Beijing 102206, China)

Abstract: In order to solve the challenges faced by target detection algorithms of UAVs in transmission line insulator
inspection, such as high model complexity, insufficient accuracy in detecting defects of small targets, and easy feature
loss during up and down sampling, this paper proposes a lightweight improved RT-DETR insulator defect detection
algorithm based on lightweight improvement (SDH-DETR). Firstly, RT-DETR is used as the baseline algorithm to
reduce the optimisation difficulty and improve the robustness; secondly, lightweight StarNet is used as the backbone
network to improve the feature extraction capability while significantly reducing the model complexity; next, the
DySample dynamic upsampling module is introduced to efficiently reduce the detail loss and image distortion by the
adaptive upsampling method based on the sampling points. Finally. the Harr wavelet transform downsampling module
(HWD) is used to achieve efficient fusion of low-frequency and high-frequency information. suppressing complex
background interference and enhancing the detection of small targets. The validation experiments on the complex
background dataset show that the average accuracy of SDH-DETR reaches 98. 5%, which is 0. 9% higher than the
baseline algorithm, the number of parameters and computation are reduced by 43% and 46. 1% . respectively, and the
detection speed reaches 78. 6 fps. This indicates that the algorithm achieves a lightweight design while ensuring high
accuracy, and meets the practical demands for efficiency and performance in transmission line inspection.
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Fig. 7 Statistics of data set labelling details

PRI G N IE #4254 2 7, $i IRk 1 & S
RS E, L A6 Windows10 ¥ E &%, GPU R
NVDIA GeForce RTX 2080TT, FE4H it B 43 2 Fis.,

*®1 XBRBSHIELE

Table 1 Experimental hyperparameter settings

Sl 3 B (Parameters) ¥ 5 38 B 5 (GFLOPs) Sk Ay
SRR B2 2% B, LLDPAl G 23 (R A B R A . SRR
GFLOPs {H#l /I, 32 75 58 B i) 2 6 Ak 1 8 oy, (W) B XoF 168
PR T R B AL,

R2 ZRFAERE

SRR SHH Table 2 Experimental platform configuration
B AL 200 pg s fic &
B OEL NN 4 CPU Intel Xeon Gold 5120
B A R 640 X 640 GPU NVIDIA GeForce RTX 2080Ti
L BB Glou A7 12G
IoU 0.7 BTN 16 G
Ak Jr ik AdamW RYE Winl0
23] % 0.001 CUDA CUDA-11.3
&S 31 0.000 1

2.3 EHiERR
A 4G 0 A5E 80 B 1 RE DA T T AR B RO AR S HE. AR
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Table 3 Comparison of experimental results of target detection algorithms

F R AT A% e mAP@0. 5% ZHR/10° i+ #/GFLOPs  FPS/fps
YOLOV5s 99.5 94.9 97.2 9.1 24.0 57.4
YOLOv8s 99.5 95. 4 97. 4 11.1 28. 6 68.0
YOLOv10s 99. 3 94.5 96. 9 8.0 24. 8 65.6

Mamba-YOLO-T 99.5 91.7 95. 6 9.0 17.2 60. 7
Mamba-YOLO-B 99.5 95.9 97.7 23.6 48. 4 58.9
YOLO-DETR 99.5 96.5 98.0 26.1 70. 8 52.9
Deformable-DETR 99. 3 94. 7 97.0 10.0 173.2 48.5
MS-DETR 99. 2 93.8 96. 5 39.8 160. 4 53.4
RT-DETR-R18 99. 4 95. 8 97. 6 20. 0 58.3 76.7
SDH-DETR 99.5 97.6 98.5 11.4 31. 4 78.6
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Table 4 Experimental comparison of different lightweight backbone networks
e % AP mAP@0.5%  BHE/10°  HER/GFLOPs
94 %% ¥ N ]

ResNetl8 99.4 95.8 97.6 20.0 58.3

Efficient Vit 99.4 91.9 95.6 11.0 28.7

EfficientFormerv2 99. 4 94.5 97.0 12.0 30. 6

RT-DETR GhostNetv2 99.4 94.2 96. 8 9.9 26.0

MobileNetv4 99.4 91.5 95.5 11.5 40. 6

FasterNet 99. 4 92.8 96. 1 11.1 29.9

StarNet 99.5 96. 7 98. 1 12.1 32.9

RS HEMXEERI
Table 5 Comparison of results of ablation experiments
AP% mAP@ SH/ WEE/ FPS/

b StarNet DySample HWD ST P 0.5% 10° GFLOPs ps
1 X X X 99.4 95.8 97.6 20.0 58.3 76.7
2 N X X 99.5 96. 7 98.1 12.1 32.9 7.7
3 X N X 99.5 95.9 97.7 20. 1 58.3 73.6
4 X X N 99.5 95.9 97.7 19.5 63.3 72.9
5 N N X 99.5 97. 4 98.4 12.0 31.8 78.7
6 J X J 99.5 97.4 98.4 11.4 31.3 78.9
7 N N J 99.5 97.6 98.5 11.4 31.4 78.6

ARSCHIARY E R SR R R B 6 e A e B ] A1k 45 5
10 JI s B v Xof o B ¢ vy DX B Rk . 1 10 56 1 AT
JE/R T RT-DETR JE/ERE R (9286 1) v, 5% 4% 42 5 1 4B
T FoREES BN REEBE AL U RIEE, REX
FRE B BE U5 HH B2 38 20 EMR S 8., (R 78 30 20 R S0 B4 47 1Y 3%
B EAERRE, MEZ T B 105 2 77 8/R 7508 3 Ml
4 A RO R AE P L R i % L SCEVRRAE AR Y £ B B O 1 R
MELE,

XFE AT R L SE56 3 H R FH Y DySample T R AR B
LSEE 1 BAF AR B T 8% F HbR i 2R ME . Bk
AR ERERABERGEE . HES 2K
RG], T DySample T R FE 7 35 554 250 L (- £ 803 HR
fIE, 2R T IS Mar Rk, SR 4 P IRRERE AT
Haar /NI AR 4T SRFEB S, 2R 3 A i 30 O 4% A 1 AR
ATUE A SR ORAE . /N AR B TORFEE AP AR B T H AR
F4) G 245 TR AR S5 R AIE T A5E 264 B % B of: 4 b 1L 31 0 2 67 /IR
FEBLE BR . X — B aE A E B TRRE B A U R
A CL R B A 2] R AR AL T S BRI M 2 S R E

3.4 ZERTHMLSH
KT HWE R T BT 4% T B i A 0B 9T 1 A

TP DI A v 32 BB o ARG 0 45 SR E A AT L AL X EE A5
TS AR AN 1T B o AERRAR T3 3 T A2 T

FHB A T 5T AR SCRGA ARG I AR $08 T RT-DETR
LRI,

B 12 PR RER THER O HRAAER
Z415 Sy BRI ROEE B BRI R 0 AT 55 6 B0 A AR A
M5 2 — T A% L Bk e B AT 55 . 78 BT % 58 100 3 ofi A A
RT-DETR H, M2 21 £ 46 I 4 % 7 LA K ol B 25/ R H
BRI BT R T W A A FR A B X R W R
BT AR A B /N RS H bR B4 46 0 19] B8 77 7 — R B R R
AR SCTHRE H 1 T A R T R I 4 2% AN B A RUEE H
PRI T W R B T SOtk R A A R A o
RO 2] T ax e /N ROBE H bR, 28 81 A 300k RS il 9 A

H A7 ka0 44 7 2 AR P A B 6 T &5 R A ok
He4 L A3 BB (B2 89 b 07 R FE i A R P ix X
WO W4 m o R R DT MR MR K. AR B 5T R M
GradCAMPlusPlus™" J5 3 % 2 M T RT-DETR Al 2% 3C
BRI R AT RO B AT AL O R R R R E R R IR B R
Xt PR A R EE M, B 13 MR M TR T4

2R
« 97



9548 % v F oM & OH K

G T SR BE PSS I AT 18T R 50 1 B9 JRIAT 5 2 B0, SR G T RN G T BRI XL RE S T BN TR A 26 AT S
MERLRY RT-DETR 45 55 3 SN A SCRC e BRI I . R 257 HAx . al DRSS SCRY AR vh 5 BOHE 38 19 H AR e
MIEL 13w Al Y AR SO R AR A A I A T N G kA B R B R TR RZ AL RE TS .

NN EEDE INEEENNE
T LT THITTITIT
I
IIIIHIII H'AEEERR

SDH-DETR I
HEENANNDE DEEEEEEE

RT-DETR

U

(a) BITARHHE L FAE-DySample_I- Kk (b) B F KAE-Harr/ Mg T RAE
(a) Nearest neighbour interpolation upsampling - Dy-sample (b) Convolutional downsampling-Harr wavelet
upsampling down-sampling

Bl10 b T SRARRRIE e g nT 4 AL

Fig. 10 Visualisation of up and down sampling feature mapping

Workplace

L

Streams

Fi

Snow

0980



B ¥ % .SDH-DETR 23 4% F 4 ibn F ik 9511 4]

#H
Wheat field

B

Grassland

(a) R (b) RT-DETR (c) SDH-DETR
(a) Original figure

BI11 AW 5T BT BRI IIBOR XT H
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Fig. 12 Comparison of the effect of small-scale insulator defect detection at high resolution
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Fig. 13 Heat map of ablation experiment
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Table 6 Comparison experiment between SOEP structure and small target detection model
. APY% % SN
TR oy W T mAP@0.5% Z4ik/10° 35 /GFLOPs  FPS/fps
RT-DETR 95.5 96. 2 90. 1 93.9 19. 8 56.9 74.0
SDH-DETR 95.9 96. 1 91.9 94. 6 11. 3 30.5 78.8
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