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PS YOLOvVS8 : Enhancing Detection of Small-scale Damage in Power Lines Inspection

SONG Shangze' , LI Li' , TTAN Ye* and BAI Jie®

1 Department of Electrical and Control Engineering,Shanxi Institute of Engineering and Technology, Yangquan, Shanxi 045000, China

2 Department of Big Data and Intelligent Engineering, Shanxi Institute of Engineering and Technology., Yangquan,Shanxi 045000, China
Abstract In the field of power line inspection,accurately detecting minute cracks and small damages, which are often overlooked
due to their scale and background complexity,is crucial. If not identified and addressed timely,these minor damages can escalate
into major safety hazards. To address this challenge, this paper introduces the PowerScreen-YOLOv8(PS-YOLOv8) model. Com-
pared to the original YOLOvS.this model has made significant advancements in detecting small objects. It integrates six key im-
provements to enhance detection accuracy in complex environments. The model’s superiority has been demonstrated through rigo-
rous testing and benchmarking against leading algorithms. With an impressive accuracy rate of 90. 3% and validated robustness in

real-world drone-captured scenarios, PS-YOLOVS8 represents a significant leap in power line inspection technology. It offers a

more reliable, efficient,and safer approach to infrastructure maintenance.
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Table 1  Ablation experiment
A B ER O BHE  REUE  BRKE
A YOLOv8 82.5 80.8 83.9 81.2
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C B-+DSC 86.1 86.7 85.6 86.9
D C+ Slim-Neck 87.3 88.1 86.8 87.0
E D+ Wise-IoU 88.1 87.5 89.3 87.9
F E-+Mish 89.2 89.9 88.5 89.1
G F+ Lion 90. 3 89.8 91.2 90. 0
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Table 2 Comparison of the proposed model with other detection

models

A HHE HHE REE B M
EfficientDet24] 73.2 70.8 83. 2 76.7
YOLO-Z[25] 79.2 77.4 76.8 75.7
YOLO-X| 26 81.7 78.9 83.1 76.3
DETRE?7] 82. 4 80. 6 87.7 81.3
YOLOv7L28] 85.7 83.9 89. 4 82.5
BGD-YOLOX 2% 85. 8 84.1 90. 3 83.8
% # YOLOv730] 87.2 85.8 91. 4 84.5
PS-YOLOv8 90.3 88.7 93.0 85.2

263k % R RS 00 AR 5 E— 25 VR A B SE N
¢, R T AMLICEE 4 Fh 3R 85 T A9 808 0E A7, I BB Y T
NALHE A 3R g 25 FPS, 43 BEF 2 640 X 640, {HAF 1 E M
& T RAT IR Y 52 2% v R XU Y AR AL, — SR AR Y R 2
BTG AHLERSh 9 52 W L 25 90 PR ARG I o) T A8 AP R PR . 7E X
LT 2 0 s A T & AR R AR SCREL AT A L

PEATINR . P 8 AT LI H . PS-YOLOVS 1 Ak Bl v 7 48 % o
B 0 0 24 SN B/ IS BB A A T T SR LR T R /N A 1
BRI BE 13X AR SR A0 A A b R X LSS, X R BT RAT
WG TT % U BRIl ARH AR, 3 & e &
P AN v T R P M R R R TR A T R T Y
P fE

GEHRIE AR TG AR AT 55 o B RS 4 1 1 1
MR E R EE, H XN RS SR E R L LR
BRI A BIFSY EE ROCTE /AN R R A I, B TE SR ) 2k %
MRk S 5 P IR R HERR Y . FRATIF R T PS-YOLOVS #
AL X F IR YOLOvS #5477 6 T Kok ok, IR H57E B 421
SR HERR mHE, AREENE. 22X ERE
Pk, ST $ 455 Y 7 v £ I K A O T ERUAS T 90. 396 AU
R, WAL A B SE Y 0 A WL RO 2k AT 3 e R
XF T BT 4 4 2l A0 AR 0 43 90 R, A AL R B
) R MR

ok, B PS-YOLOvS #E B Y 3E — 45 36 5k BE 0% 7 55 6
T RG4S R IR BT AT S TEORS B A L i — 25 4R
AR S e R IR O 2 KA T E ket . [l &R
I E, X 2 ) 3 47 A5 200 ) T R 36 O 4 2R IR A ST B R, )
32 2 rp Y R AR R T AT L X BB AT L FRATT ) B
P — 25 T R 3R A4 2 SRR v R L Ry L T 28 A R RR R i
TR SE T 1 AR 4,

& % X W

[1] LIUZY.ZHAO X D,QI H C,et al. Prospects of UAV Power
Inspection Technology in the New Era [ J]. Southern Energy
Construction,2019,6(4) : 1-5.

[2] TONG W G,YUAN ] S,LIBS. A Review on the Application of
Image Processing Technology in Helicopter Inspection of Trans-
mission Lines [J]. Power Grid Technology, 2010, 34(12):204-
208.

[3] JIANG P,ERGU D, LIU F,et al. A Review of Yolo algorithm
developments[ ] ]. Procedia Computer Science, 2022, 199 1066-
1073.

[4] ABOAH A,WANG B, BAGCI U, et al. Real-time multi-class
helmet violation detection using few-shot data sampling tech-
nique and yolov8[ CJ // Proceedings of the IEEE/CVF Confe-
rence on Computer Vision and Pattern Recognition. 2023:5349-
5357.

[5] YUAN Y F,ZHOU Z C,ZHANG C,et al. Research on Light-
weight Object Detection and Fault Recognition Methods for
Power Inspection []J]. Electric Power Information and Commu-
nication Technology,2022,20(8) :29-37.

[6] XUE K T,SAVKINE J,GAO ] L. Power Inspection Image Su-
per-Resolution Reconstruction Algorithm Based on VDRCNN
[J]. Journal of Jilin University (Information Science Edition) .,
2023,41(3):530-538.

[7] HU N,HUANG Z H. Power Tower Key Point Detection Based
on Deep Learning [J]. Science and Innovation,2022(7) :69-74.

[8] HUANG W W.,YUAN B, WANG B, et al. Unattended Power
Inspection System Based on Image Fusion and H. 265 [J]. Mo-
dern Electronic Technology,2022,45(6):131-136.

[9] ZHANG W H,ZHANG Z Z.XIE F g.et al. Research on Fault

240100003-5



Com puter Science THEHLES Vol. 51,No. 11A,Nov. 2024

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

Recognition Algorithm for Photovoltaic Panels Based on SSD
and Infrared Video [J]. Computer Knowledge and Technology.,
2022,18(35):90-92.

LIU Y,SUN P,WERGELES N,et al. A survey and performance
evaluation of deep learning methods for small object detection
[J]. Expert Systems with Applications,2021,172:114602.

QI Y,HE Y. QI X,et al. Dynamic Snake Convolution based on
Topological Geometric Constraints for Tubular Structure Seg-
mentation[ C] // Proceedings of the IEEE/CVF International
Conference on Computer Vision. 2023:6070-6079.

HAN K,XIAO A,WU E,et al. Transformer in transformer[ J].
Advances in Neural Information Processing Systems, 2021, 34
15908-15919.

ZHU L, WANG X,KE Z, et al. BiFormer: Vision Transformer
with Bi-Level Routing Attention[ C]// Proceedings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
2023:10323-10333.

MISRA D. Mish:A self regularized non-monotonic activation
function[J]. arXiv:1908. 08681,2019.

JOCHER G,STOKEN A,BOROVEC J,et al. ultralytics/
yolov5:v4. O-nn. SiILU () activations, Weights &. Biases log-
ging,PyTorch Hub integration [EB/OL]. https://github. com/
ultralytics/yolovs.

LI H,LI J,WEI H,et al. Slim-neck by GSConv: A better design
paradigm of detector architectures for autonomous vehicles[ ] ].
arXiv:2206. 02424,2022.

TONG Z,CHEN Y,XU Z,et al. Wise-IoU: Bounding Box Re-
gression Loss with Dynamic Focusing Mechanism[ ] ]. arXiv:
2301.10051,2023.

CHEN X, LIANG C, HUANG D, et al. Symbolic discovery of
optimization algorithms[ J]. arXiv:2302. 06675,2023.

FAN Y L. Research on Deep Learning-based Foreign Object De-
tection Methods in Power Inspection Images [ D]. Hubei Uni-
versity of Technology,2020.

LIB.QU L Y,ZHU X S,et al. Insulator Defect Detection Based
on Multi-scale Feature Fusion [ J]. Transactions of Electrical
Engineering,2023,38(1) :60-70.

KANG T A, WANG B L,LIU S H,et al. A Review on Deep
Learning Detection Methods for Transmission Line Fittings and
Their Defects [J]. Electric Power Information and Communica-
tion Technology,2022,20(11):1-12.

DING N N,HU X X,WU Y C,et al. Research on Deep Learn-

ing-based Detection Methods for External Force Damage to

240100003-6

Transmission Lines [ ]J]. Software Engineering, 2022,25(1):

14-17.

[23] GU X D, TANG D H,HUANG X H. Defect Detection and Rec-

ognition in Power Grid Inspection Images Based on Deep Learn-

ing [J]. Power System Protection and Control,2021,49(5) .7.

[24] TAN M,PANG R, LE Q V. Efficientdet: Scalable and efficient

object detection[ C]// Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. 2020: 10781-
10790.

[25] BENJUMEA A, TEETI 1, CUZZOLIN F, et al. YOLO-Z: Im-

proving small object detection in YOLOvV5 for autonomous vehi-

cles[J]. arXiv:2112.11798,2021.

[26] WANG G,LIU Z,SUN H,et al. Yolox-BTFPN: An anchor-free

conveyor belt damage detector with a biased feature extraction

network[ J]. Measurement,2022,200:111675.

[27] ZHU X,SU W,LU L,et al. Deformable DETR:Deformable

Transformers for End-to-End Object Detection[ C] // Interna-

tional Conference on Learning Representations. 2021.

[28] YE G,QU J,TAO J,et al. Autonomous surface crack identifica-

tion of concrete structures based on the YOLOv7 algorithm[]].

Journal of Building Engineering,2023,73:106688.

[297 YU H,YUN L,CHEN Z,et al. A Small Object Detection Algo-

rithm Based on Modulated Deformable Convolution and Large
Kernel Convolution [ J/OL ]. Computational Intelligence and
Neuroscience, 2023. https://pubmed. ncbi. nlm. nih. gov/
36733786/.

[30] LIK,WANG Y.HU Z. Improved YOLOv7 for Small Object De-

tection Algorithm Based on Attention and Dynamic Convolution

[J]. Applied Sciences,2023,13(16):9316.

SONG Shangze, born in 2001, under-
graduate. His main research interests
include electrical engineering and artifi-

cial intelligence.

.’: »:...
o
~
4/1') m'

LI Li, born in 1981, master, associate
professor. Her main research interests
- include electrical engineering and elec-

tronic design.

¢/
N




