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Abstract

In the modern society, power infrastructure is an essential energy supply chain, and its stability and
efficient management are emerging as very important tasks. Recently, as the number of cases of unautho
rized communication installations in distribution workplaces has increased rapidly, it is recognized as a
risk factor that threatens the structural stability of power facilities, and the current abnormality of power
facilities mainly relies on visual inspection, making it difficult to efficiently maintain them. This study
proposes a model for detecting abnormalities in distribution workplaces using computer vision and deep
learning technology. In particular, in order to overcome the limitations of the existing object detection
technology accurately identifying objects with a thin and complex structure like wires, we propose an
abnormality detection system that combines YOLOv11l-seg and 2DCNN. This study improved the detect
ion performance in various environments by applying segmentation-based labeling and data augmentatio
n techniques, and verified the excellence through comparative experiments with various models such as
YOLOv8I-seg, YOLOvV9c-seg, YOLOv11l-seg, Mask R-CNN+ResNetb0+FPN, and ConvNeXT. As a res
ult of the study, the proposed YOLOv11-seg-based model effectively detects structural changes and abn
ormalities in power facilities and presents the practical possibility of deep learning-based technology that
improves the efficiency and stability of power infrastructure management.
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% 3. Performance Comparison of Different Object
Detection Models for Power Line Infrastructure
Monitoring
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F 3. Hardware and Software Specifications

F1 Score Precision Recall mAP50 mAP50-95
Model
PHR[%] HR[%] HR[%] PHR[ %] HR[%]
Mask R—CNN 0.573 0.542 0.581 0.566 0.237
ConvNeXT 0.596 0.599 0.626 0.568 0.249
YOLOv8l—seg 0.828 0.865 0.826 0.83 0.457
YOLOv9c—seg 0.817 0.842 0.828 0.807 0.417
YOLOv11ll—seg 0.820 0.864 0.81 0.83 0.449
42 o) Bx A% F7} ResNet50+FPN# ConvNeXT= #1419] o]
W S7F e Rds 93 ol ©A AUkE A& "WASHA Kb Eas Rt o=
AAAA HrrR A&t O 4= 5 ARE A A Aapet dA sk AadFs Blom, R-
GAE R F53 olv| X o]t} 1. Original Image CNN+ResNet50+FPN¥} ConvNeXTe] 79 <
= A& ou AR V]E o|m A&} AR o|uAE o 7R 28 A S AREste], AHAS A F
Hoﬂ—r“’i W3t GAE 9% V=S Alee 2 e d9s andos gxeA KIS The
Gray Scale Image= 91 o|u|A| & SO 2 1} Aoz Holt) olelst AE Fgshd, wid &
Ehflo] Al AR A Asta dby] 7uko @ o] 7} o] BAE ¢8)4 YOLOvlll-seg E@ o]
n A Aglste] 54 FES 7iAg 3. Object 71 Aol om, Mo o gvks A
Detection< She5¥l Rdl2 i oju|x]& 7| gt "Ashe TEe Bt
2|5l AAE Tl A BMo g 7Y upehA], A 37t 1L‘ YOLOvVSl-seg &
A E FA|3H} 4. Image Difference= 5+ ©] 7] A] dlo] HAISHA 73 oS B oL, AA bl
7ol zpolE Akt A &7 ol 'Ae &8 ] 01/\1 o Fag
dEE d9Es AA3kste] Wstd 999 w7 473# B el A= YOLOv1ll-seg K=ol -7
98 ©x|35l= o] ARg-3H} 5. Heat map Chang 3l %S 1Atk YOLOVSl-seg R dlo] A 23]
e Analysis® W3lg 99& 348t 6. Final H7tA =2 A5s RASdE F34 Hrt
Analysis @A A o] GA A FE3 R oAlM L HAZF EAZ AL v AR WH3HA|
E THsto, MstE AZste] wid e 7F v s AR oo R Adet Jlow 1
Rds S5 ot} YOLOvlll-seg Rdo] A% 7)ol A
19 5 ARk Rdla vl o REEe] e s 2l olfrv v YOLO Ald &
ol §A A¥E A o w Hug At 7] dof nls) JA3 Segmentation 45 O.2 Tk
& ol A A] F7tE HAHAE maAo g x7}hs) #r} o] YOLOvll-seg® 7ld¥ Backbone
&l YOLOvSl -seg 2237 YOLOvIc-seg 2 Network®} Attention W#AYES E3] W37}
o] 79 Walrt whge Ao 9] A% s A HASE A AEgs AAE AEsta 9 A
A7RA 25 Eirdhe & EA7F A ol = FRAAE HEs] FEgh Zle® Helt)
Heat map Change Analysis & 233t A3} Seg F7H .= Mask R-CNN+ResNet50+FPN}

AUAA ol AL, ol
23 97 PASE & FA%L

2 Holt} whHo] Mask R-CNN+

mentation % & 9]

o we} 2

29 Ao,

ConvNeXT X2 o}d] o]fo] F7le A&
gAEHA 5 olw x| 7F A g 53], ConvN
eXTe] 745 5 o] A Bl F7F o] A
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1. Original Image 2. Gray Scale Image

o \\i\%\%\

4. Image D1fference

8 BAEA ol AA ol WA SelAE  AEZA W BAes euH Axkel Uehg
g-go] ojgth= Hol FlEn) B3 YOLOvSE o} WHH YOLOvlll-segve 8% o]n| Xl A
~scgSt YOLOVOc-seg 29e] 3%, B9 o] F7bel A4 A5t FejS &3] sfefatol,

g de] ge] FelahA @a, AA 38 AP ANl F9Y ¥4 G4 nolFh ¢

A Qe I AR WA A s A A5 A Aol HA F7F W] AACH A
gko] ypebdt) vhd YOLOvlll-seg =2 F 3] dx|siH, A Ad AHES FA Ao
7he AANks et A EAe, gxE d Y A s AL Eo] Q1o 2 AREE HolE
o AAZY 7HE FEleHA vEbdth Al A o w o} olelgt A#E FFsIH, Setow RIS
YOLOV8l-seg®| - 7 o|n|A] EFol| A =4 u o] §Ago] Mg =, AA FUhE dA
o2 FAE §A o] HA FrkE AR kS A3k A X3 e YOLOv11-seg <
oftzt 1 flob] QJIHE v A A7A S & 4 9tk whd, Mask R-CNN+ResNet50+

Z3tako] @A o] xow W} 8%  FPNI} ConvNeXTE o]4ol
wlo] 9lth. YOLOvVIc-seg= ©HAZF & 228% A EHA] et A, L ow A
oju Ao M= AA| F7F A ofdl S Y A of Adjste= A7 ok
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YOLOv8l—seg

YOLOv9c—seg

ConvNeXT

YOLOvlll-seg @2 ¢

540 238 AX 347 vAg o] HsE
A om Agsiy, thE RdEolA vERd
ARG o] o 7 HAdstAL o]t HAL
GA) 4] Eole TAE gAY AEFH
7V 71 7P st Aes BRYlow, AA |

Aol o] AT AEAS AFAT

A3Hom JA W 39Y FNE 9

Hog AaPst A3 YOLOvlll-seg H2lo] uj

7} ol Bl 7P AU 45 Y

Ax
o
i
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o
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2
e}

Aol Aol 414
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