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Transmission Line Damper Defect Detection Model Integrating Full-
Dimensional Dynamic Convolution and Focus Modulation Network

CAI Zhiwen, QIU Zhibin, CHEN Ruiting
(Department of Energy and Electrical Engineering, Nanchang University, Nanchang 330031, China)

Abstract: In the defect detection of dampers for transmission lines, practitioners often face challenges such as imbalanced defect
datasets, complex environmental backgrounds, and the small size of these dampers. To address these issues, this paper proposes a
FSO-YOLO model specifically designed for the defect detection of transmission line dampers. The FSO-YOLO model integrates an
omni-dimensional dynamic convolution (ODConv) module into the backbone and neck architectures of YOLOv8s to enhance the
algorithm's capability in extracting and fusing features of small-scale defect targets; a focal modulation network (FMNet) is
incorporated, and the model’s ability to focus on and recognize key areas is enhanced; furthermore, a sample weighting function
named Slideloss is employed to replace the original classification loss function, thereby mitigating the problem of sample imbalance.
Experimental results demonstrate that the proposed FSO-YOLO model is effective in detecting defects in transmission line dampers,
achieving an average accuracy (mAP) of 95.3 %, reducing the floating-point operations (GFLOPs) by 32 % compared to the
baseline model, and achieving a detection speed of 51 frames per second (FPS), enabling faster and more accurate localization and
identification of defective targets.
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Fig. 9 Thermal maps comparison
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Tab. 4 Comparative experimental results

1A Parameters (/M GFLOPs{H/G mAP{H/% FPS{H
Faster R-CNN 137.1 41.2 72. 4 17.5
YOLOVS5s 7.3 16. 6 74.7 25.2
YOLOX 9.7 33.5 91.3 22.4
YOLOv7 104. 7 36.5 89.0 25.4
YOLOV8s 11. 1 28.4 91.8 32.7
FSO-YOLO 11.6 19.3 95.3 51.0

YOLOvV8s

HAG IR A A 17, 5 Wi/, TCHkTH M B 9% Fi 52 i dke
B A6 0 1) 5 5K, e DL T ELSC 3 5 . YOLOVSs
BAY () S H0 5 IF AR R SRR, (AEA RS B
SRR B R — M, AE I R ARG B
ALK 74.7 %, Kol 3 BN 25. 2 Wi/s, TE Faster
R-CNN. YOLOv3 iy [r]d7 55 XS b, YOLOVS
ACAEFR 53 2R I rhoks B2 o5 A, AR MR SoRG FEATS
FEAESETHZS ] . YOLOX #2754 A1 YOLOV7 A3 R 7 46
MG FE b AH%S T Faster RCNN H1 YOLOvS5s #5417 K
$eTt, (BAERIN R FAROR R B BF9E 8
3 1 8 9 41l gt 5 ARG 00 A0 A T T 5K RSS2 8K
B TR, YOLOvVSs H AR 1E1Z AT 55 s
MAEBEIRE] T 91. 8 %, (HHAKIY FPSHFR S T H7E
SR HL ) 2 A s i . FSO-YOLO #E7 Ji
TR PERE, mAP{EIAE] T 95.3 %, FPS{HIA
FT 51,0 Wi/s, X EEPREIZBIRLAT LI e 4 i s U
K B 7 [ B % By A ) PR A T S Bk b 3 G ]
10 7, [ 10 S K [l ASE D 8 46 T R X R L, A
K10 AT DAE H, Bl EREr fE B A B, B

FSO-YOLO
xin] Faster R-CNN YOLOX YOLOV5s YOLOV7 YOLOVSs FSO-YOLO
TR 0 0 1 0 0 0
TR 2 2 1 2 1 0

B0 RIS &3 Bk R A A MR R B9 AT AR L 3 EE

Fig. 10 Visual comparison of different algorithms on the detection effects of dampers defects
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