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H E ATRELARANZAEF EARANKERRS G RELE TRITAFTHREL LSRN, R, 238 H X F
kT EAGY N AR RBE PG TR EIRIAER Y R FHAE TAN G EFEEK, 4 LR PR E T — AR R
YOLOX(Efficient Optimization YOLOX,EO-YOLOX) #4& M A A , Z A A 4 % #) A = F & (Atrous Convolution) # % 48 , 42 &
T &R = ) & 5 ¥4 (Atrous Spatial Pyramid Pooling, ASPP) &£ 3 , 4 th B 4%+ #9 £ £ 12 & wf%% T M 217 5] B L AR R OB
B, R LEMIERSN B MmN T EE 4 AE 8 A (Attentione Feature Fusion, AFF) A 3k , i@ iE %) Bk & 4% 42 B P 4h £ K B & L
FoX BT RETHAMNLEL T ERAE, R ANBAREX BB TR EHAR AN LRIEZMEZH PR BT —
AR E BB, A LR EFFAREORE., ¥ E LA AL LS THEELRITTERAMNX, E2REAR,. 524544
YOLOX F kAR, i Ak A RN LEL T 7 BANMLF mAP AR ST 4 2.59% ., ZERG For L ZA R FHiK 41,21 MBA,
AR T 8% T A A,
KER . L% TN TR ER;EO-YOLOX; % T # % %
FESES TP391.41

EO-YOLOX Model for Insulators Detection in Transmission Lines

HU Yimin"?,Qu Guang® , WANG Xiabing' ,ZHANG Jie' and LI Jiadong'**

1 Suzhou Institute of Nano-tech and Nano-bionic,Chinese Academy of Sciences,Suzhou,Jiangsu 215123, China

2 Key Laboratory of Multifunctional Nanomaterials and Smart Systems,Chinese Academy of Sciences,Suzhou,Jiangsu 215123, China
3 Department of Ground-to-Air Navigation, Air Force Communication NCO Academy,Dalian, Liaoning 116600, China

4 College of Electric and Information Engineering,Zhengzhou University of Light Industry,Zhengzhou 450002, China

Abstract To ensure the safe operation of the power system, daily inspection of high voltage insulators using UAV inspection
techniques is necessary. However, the influence of power line magnetic field and flight safety leads to a reduction of insulator pixel
representation in the image data,which in turn reduces the accuracy of insulator detection. To address these issues, this paper pro-
poses an efficient optimization YOLOX(EO-YOLOX) detection model. Firstly,the model makes use of the idea of atrous convolu-
tion and proposes the atrous spatial pyramid pooling( ASPP) module, which eliminates the irrelevant information in the image and
improves the ability of the network to identify the region of interest. Secondly,the attentione feature fusion(AFF) module is ad-
ded to the feature fusion stage,which improves the accuracy of detecting insulators by supplementing deep semantic and shallow
detail information into the fused feature map. Finally, for the problem that the traditional loss function cannot accurately reflect
the distance between two bounding boxes,this paper proposes an optimised loss function to more accurately assess the quality of
the bounding boxes. Experiments and tests are carried out on the insulator dataset,and the experiment results show that the pro-
posed algorithm performs excellently in identifying insulators, with an improvement of about 2. 59% in mAP value, compared
with the traditional YOLOX method. The real-time processing efficiency of the model is as high as 41. 21 frames per second,
which effectively solves the insulator detection problem

Keywords Insulator detection, Atrous convolution, EO-YOLOX, Insulator dataset
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Table 1 Results of ablation experiments
Models R/ % mAP/%  FPS/(Wi4g#)
YOLOX 86.2 95.10 38.72
YOLOX+ ASPP 94. 6 97.21 41.47
YOLOX+ AFF 94.1 96.99 39.21
YOLOX+GIloU 93.2 96.79 41.05
Ours 97.1 97.69 41.21
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Table 2 Comparison results of different models
YOLOV5 YOLOV7 Ours
F1 0.93 0. 94 0.97
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