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Abstract
In the field of computer vision, semantic segmentation is a technique widely
employed in tasks such as autonomous driving, scene understanding and obstacle
avoidance. With the advancement of deep learning technology, the performance of
semantic segmentation has progressed rapidly. Yet there is still much room for
improvement in the detection of power lines. Currently, open-source datasets of electric
towers and power lines are quite limited. This research mainly conducts the semantic
segmentation experiment of power lines inspection using two open-source datasets,
namely, the Ground Truth of Power lines dataset and the PLD-UVA dataset. We re-
labeled the above two datasets to better locate the region occupied by power lines.
Researchers have reported the benefits of fusing data from different sensors, such
as thermal sensors or depth sensors, to enhance the accuracy of optical image models.
Among them, RTFNet utilizes two encoders to fuse thermal image features. However,
this architecture fails to consider the characteristics of the optical image to promote
mutual assistance. This research proposes the dual segmentation model (DSM) based
on RTFNet. We hope to strengthen the optical image model of the power lines through
edge enhancement, so that the semantic-level information can be complemented, and
the accuracy of the segmentation model can be improved. Experimental results indicate
that dual segmentation model outperforms the LS-Net model. Specifically, the
precision of our model (0.7919) is comparable with that of LS-Net (0.8004). The recall
(0.7710) surpasses that of LS-Net (0.5368). F-score of the DSM model is 0.7753,
exceeding that of LS-Net (0.5940) of by nearly 0.2, validating the superiority of the
proposed approach.

Key words : computer vision , semantic segmentation , deep learning
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ConvNet Configuration
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SRR S R INEB GRS F RN Bk B RRG i FESERUE i
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FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

Example: 1000x1000 image

; \ 1M hidden units

‘ 10712 parameter:

Example: 1000x1000 image
IM hidden units

Filter size: 10x10
100M parameters

- Spatial correlation is local
- Better to put resources elsewhere!

Bl 2-6. > E(2)E hINd (L)

222 # ik

- @2 ONN %7 7 2 i fIR| 254 1+ (Pooling) » B 0% S iy » oF
B RBEHER L AR (FP LR FA SR RS E
BEFBHREYEN - BAAE Y Len3 55 &4 i (Max pooling) & T 3578 it
(Average pooling)® #& » 4-®] 2-7.% — 1 # t&(Stride) & 2 » +% = -] (Kernel size) %

2X2 > "‘fl—%]fé_i BRFPENEALqE > %éﬁﬂ‘li%f:‘i?viﬁﬁﬂii’afﬁ_’ R kY B

Max Pooling Avg Pooling
4 | 9|2 |5 4 (9|2 |5
5 | 6 2 | 4 B 5 5|6 |2 | 4 6.0 | 3.3
2| 4|5 | 4 6 | 8 2| 4|5 | 4 43 | 53
5|6 |84 5|6 |8 | 4

https://indoml.com
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2.2.3 ResNet
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x

¥

weight layer
F(x) | relu

weight layer

X
identity

&) 2-8. Residual block
4o @) 2-10.97F X & o7 ﬁiﬂ » o F(X)# 7 residual block % % = & jcfe 3 ez @ mﬁ""]
» o E"PF(X) = Wzo-(Wl.X) "4 Wllff’Wz ~ 7]_ ‘37 A\ }é'l ‘fr%’; = }é:l m*g—é- ’ 0'1\ 7T ReLU

o S #c o #18 residual block m@,] 12 0(F(x) +x) °
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RS AR > LT R Y T AP T 355 B 3X3
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pooling) » -+ i T Pk B¢ chiF il i R SRR - B B BRAE

18

DOI:10.6814/NCCU202100504



P

*OEGRRBACRR  BEY R - e G- B b PR R 0 R 1538 202
B A Al e B BRI Y S R it A i
Pl TR R AA R < o Aok - B 0 d Tt R R R A 000
B A Ul 22140 o p U-Neto  F a0 b b PR {eiR R B
HEARY BT PR Y B A FEF B P RS R R N AR i f

FATY [ AHE Y e

64 64
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input
; output
image ||+ .
t?le *I*1*]| segmentation
a Z map
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S E g 3
> > >
oN| Off @
e R
' 128 128
256 128
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3 & & % é
NN

512 256 t
3]':'2' = COnv 3x3, ReLU

copy and crop

e § maw pool 262
iz 4 up-conv 2x2
=» conv 1x1

] 2-9 U-Net 4 i % #:[13]

Ronneberger % 4 i iF 7 B {4 45 4B+ soft-max m@?] PR E 2 AR

e MO R R BB RRGN ESdo B AN eT 258 2-1 0

pe(x) = — =D (st 2-1)
ZK/ (exp(a ,(x)>)
k=1 k
ap(x) &1 eim ¥ X 2 ik i EcRl P 0% K & g B (activation) - H ¢
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XEQ - QCcZ? FXEW2FQ 7 2 FQIFEEE L7253 & K 5 52 8eh
AW B pp(X) 5 AT IS Sl e

BHPAF T RERANETE - Bijd dpd Sl anigd > i2fd > 24 0
TYRERFREGF O PRSI OHEREFL B TR ERAEY 4P
WA G HEEL a8 3 240 o538 2-2.9057

(GREIRAC)S # 2:2)

202

W(x) = We(x) + W, - exp(—

AP W EBERA T TG F oS o di 27T A @R Ed > dyi 73 % =

BT H &g e o

225 #FRA

BlijF &~ & ﬁﬂmf{ﬁﬁﬁg%%ﬁ$ﬂﬁ4@$%bm RO
BB AN S BH R RS DN E P F o Aof] 2-8.0 3 R BN E B
¢ oeEnl > BRART NH G R o FlUt > BAUEP h2 oo AR B PRCE
£ EF kA Benigipli 4 o

B 2-10. F & 4 23T 1B

2019 & Yakubovskiy pF— +£3vig ¢ 7w fA | % # f#p v
PR FFLATL S 00 3 - AR eI S AT SR 0 T
BB EFRAVREE T RPRL T {HFenfar e T’F'%," ¢ * CamVid
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By b REFER AR SHEBCARE Y Ddg iRt U-Net i
se_resnext50 _32x4d TR kS B o IR E S TR B RN, BUE 0 M A AR T
g BN PR D Kol 2-9~ B 2-10 < B AT g e Sk AR B4 0 Tl A

Bow Mg IR R AT kT B o

Ground Truth Mask Predicted Mask

Image
4
e i
4 ne =
< i

Bl 2-11.3F &4 BHCAI ek 1

Ground Truth Mask Predicted Mask

W 2-12. 3% A B3l ey 2

23 THEZIERIPMA L

ME P PRATHROT LA I LT E R SR F 5 RS
20k FIAE AR R0 A 47 LIDAR #cdy 0 Eh BT A BIRB OB H
3D B HcHy AL EAAEFE AT 0 FPL o APIEEY AR
G b ARG T FRBR G Z T A LA BRANE RS F2 A
WIERE Y S 0 TR RARRE R A B hE E o
2.3.1 LS-Net

Nguyen % % [14]% 2020 3 # 7 - 1 i % H LS-Net> o >> B R 7 54 7 42
& %3 *T > # 4r Nordic Media Lab (NMLab) & i » §]* £ 1275 4 17 ;% (PBR)

21

DOI:10.6814/NCCU202100504



ﬁgﬁliéfﬁmg SR o dr B 2-130 e g ¢ T A B A FUERE
KIFZPRFHF - A BFEFTHEANEF* F B Ground Truth of Powerline

Dataset(GTD) 3 RIFFF 4L & -

Bl 2-13PBR & #l 7 Fateh g = Bl e
LS-Net “,ﬁ% A& gride BEA1* o SSD 2 YOLO - trengrid R & Faz h > R
i Y ¢ = B grid » 4 w] 5 horizontal grid ~ vertical grid 2 central grid > % iF i&
e ogrid KR A B 2o L ;‘ﬁ"*,!ftfséw A @ M deB) 2-140 B

Pt ow B ogrid ckd i oo 4ef] 2-15 ¢

B 2-14. LS-Net 7 # ®]
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Method | APR | ARR | FI1 Score
1 Grid
LS-Net-1-M [ 0.8312 | 03791 | 04847
2 Grids
LS-Net-2-MH 0.8174 | 0.4717 | 0.5540
LS-Net-2-MV 0.8173 | 04703 | 0.5533
LS-Net-2-MC 0.8165 | 04776 | 0.5574
3 Grids
LS-Net-3-MHC 0.8080 | 0.5121 | 0.5792
LS-Net-3-MVC 0.8080 | 0.5117 | 0.5791
LS-Net-3-MVH 0.8064 | 05165 | 0.5826
4 Grids
LS-Net-4-MHVC | 0.8004 | 0.5368 | 0.5940

@] 2-15. LS-Net $>* 2 fa grid 2 & 2 9 % % % 2 MH,V,C » % * & main,

horizontal, vertical = central 2 grid

2.3.2 Hough transform

Hough transform (7 % ##%)*" 1962 # d Hough[15] & =t #& 41 » H {23+ 1972
&4 Duda{r Hart 43 & * [16] + ) f k@ @ 16 Bt 8] % o 250k chh £ = 2
Zo- ow FEE D MR E B AARTAN T BB OER MY AT
RlenE A R R G Y s S SR TP gk do) 2-160 BB iR h

FE o BB MRPIR AR S ST Y o Bk PIR AR -

convert

y line r ©
point

>
X theta

B 2-16. B ffoz B 4o %o A 2 ph b
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Hough transform 4= & — B 8 Hghpr 843 5 £ en g > H @ % - B 4 F

»

(Accumulator) % 2455 — % % BcBE 1) T =k e 0 0 IHE K BB ch— e Sl o fj‘bg\
P E Y RE R LA g B Mo

k3% % % i Hough transform 45 &% Bl ¥ 1§ HR 2 4k > £ 5 5 e
Ground truth % fo3F ] % w0t > € 3 8 8 loss» ¥ K7 s 0 @ T AR

E 7% 63 P 5 A% R Ax4T o

233 WA P R P 3

BE G EALMIAEE SRR REfod @ sk N 15T TR
Bl ffse B B i F Pt T T enE AN § RN MeniE 2 ezt L * Canny
frSobel & B G HPIBERTHRNELGZET A FL > RS 2L EH LK
BB LI Al FAERKBRATHEN d D FAHEERPETFPRES
R om i H pasu R A AT i A2 K-means & # 4 47 (K-means Clustering) »
15 R P NREFRE > R E R BAEDT A
Yan % % [17]# * ¥ % #& 4% (Radon Transform)$& B~ £ > 4of] 2-17 > RisfHx* &
B2t R gl BERE GRS - ER > @ Chen £ A[18]#% 117 - ez
Yan & 4 & * Radon ## i &> & § % #& 4% (Cluster Radon Transform, CRT)>
R A FREERIF R RPIRFEROAE B Gy P 2% Bk 2
FaRengFd > e B9 2 WM R A RIIB R irE 5 FEM

AB 2 T R UM A o
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R,(x")

O
Bl 2-17. § % k2 B 7 A

234 AWIER B Y ih 3
FEFREEYAREE > TRAREY hi AERE R D { F 9k T o Al
i) ¢ o B_UC Berkeley eif 8 & 5 [19] [20] » #A >t CNN 37 2 8 8 24 ¢h
»ck [21] [22] [23] [24] - % T H AR DEIrop KB PR R T R
Pl Rl B FE G EY R REFAIR TR AL DRS04 il
Ev Ut ARFERDGR D L ANERE Y ORI ZA T 2 BBIEER

§ T AR~ B P s 3 0 4o 2-9. o

Pre-processing

Y

Feature extraction

Contains
power lines2

YES

Feature selection

Y

Y

Classifier

Bl 2-18. ASFREY = F 7T ARG P ARRE]
25
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Madaan % + [25]41* # 5k % ## (dilated convolution) 1 8T 4 & k| 4 £ 7 15> Chen

A[26]R00 A e ORISR S K BaRE > X AT RRRE SR F
FREFEFER 0 NP FIE G RER 0 L iEa B 2 [25][26] % 1t F R A BB~ 1F ATeD
R BEBAS Z 4t X A3 Hack o T F & NVIDIAJetson TX2 + 224 5 »xcs

LR ek A R AR A Lo A DR BT R R

2.3.5 Encoder-Decoder % f#.

e Bl > 24-3] ¢ - Encoder-Decoder £ - &7 <3 4 > Encoder i& {7 # fc
# 2~ > Decoder | 2_¥-4F <R chjz 45 & B /R o 14 Fully Convolutional Network [27]
5 B4oB] 2-19 P o B i 2 FEHCA] AlexNet ~ VGGNet ~ GoogleNet [5] < Fully
Connected Layer 33 = Fully Convolutional Layer 7 [] ths &) eig B 22 & % + 35

forward /inference

backward /learning

o —
&ng 00 21

B) 2-19 Encoder-Decoder 2zt 1‘;&

2.3.6 RTFNet
THERBRERTERAPTRE LED BT PTFARTREF T
FAEfIr Yetgin FALEATEGT R R AFERE B R HROE T k7§
26
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.

AP RAEE B R ER RS F B A RS F 0 AT KT Sun ® 4
e endn b -2 E 5 i RTFNet H A% 5 B %5 % ResNet 4 &4t RGB 4r
Thermal #2 & {7 # fcchig P> 28 fdo B 2-20.977 » il 5 8 8 i ]
e RF IR @ R FEE > 30 Upception e B B33 foernfd 47 & 32 Brw 40 R 40 B
f#47 & 0 # * Encoder-Decoder 7 4 » #-k 5 2 o #2135 &S B Encoder
{7 4 i B 0 Decoder 3B R B2 7 £ P #8082 itk Encoder 3 B 4e TR

éﬁ%’ég‘gi fg'\ Encoder * > ls"ﬁ mﬁﬁ L3k :_g»dﬁ_‘m] e R _{|J “ B 2 (3 Efc%i o

480640 240x320 480x640 480%640

120160
60)(80 240320
a 1520 3040 60xgp 120160
E | 4 B4 —’__ " " -E—r>
|- r—— 1 — -

15%20 — Data Flow @ Element-wise Summation

480640

Upception N The n-th The n-th
block A Residual Layer Decoder Layer
| Convolution I Max Pooling

Upception Batch Normalization [ Softmax

block B

il — 1--E8- .- [N -
3040 a0
60x80
120x160

240x320

ReLu I Fusion Layer

] 2-20. RTFENet -3 7 = ]

LIS X @f £ P RIS $ i ¥ oo SO
ek B p £ DI RP G T AR gk o AT AT 2 g

SR> x40t Canny ~ Sobel % % = 2 # H % @B { 4o AR 4o 2-21.3% 2-
22.477m » e g RTFNet 2 30 A 3 g BB o g & 116 5 9 i e
3V kK sk 5 1 BB ok 52 SEAdaIN module £ gk & PIRE i e -k
g ¥ i i 1 SEAdaIN module g & 18 5 % it el i > £ 3] 3 ph ek

4ol 2-23.47 7 0 R EHAI L R DT R RE G HAFRROEER -
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Tubes Mask

B 2-21:8 5% RE 0 1 (= - Canny Bl > ¢ @ Rik=Rli + @ R @)

Image C

Tubes Mask

B 2-22. BRI 2 (% Canny B » @ ¢ R Wik

+  RE)

2.3.7 ™ F# 4+ # Domain Adaptation (SEAdIN)

PR e ho ] 2-23. 0 B BF & SELayer [33]enPE A 22 bt dE AR g2 0 B-RIRE

B AT LS B B D B R N AT N B B A KR N T

AR B D B AT R o b PR Pl R Ak

4 #5 41(Attention mechanism)y 15 %+ Layer ﬁ;—l I AR R A0 B

WS T A E e A O N RA TR ERORE R L £ 2 545 spatial-
wise attention 2 channel-wise attention» 2 $+ 7 e ‘& B s AcB] GE 38 (e 1L o
7 ¥ 4. spatial-wise attention 4= %

7 E R TR F AP R kR

channel-wise attention » 4%t 3% fic ] (Feature Map):& (£ H (e 8 o 2 48 k3L »

A i % e §_ Squeeze-and-Excitation Layer[33] » % 2 2 B3 p L R 4 (self-

28
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attention) 41 > & HI4TEAREL &£ T BB LATA R ORL 0 B RE
WE R AR o

A i BF b 41 (Adaptive Instance Normalization)[34] .4 Huang #2
Belongie # o » 4=4= ¥ 4% % &k Ak i o 15 B3 source domain & i3 4
BBl sttt F 3 3 target domain o 1€ KRR el R 4 AT AR A -2 S
wERH é%ﬂ}ji.sﬁ_i Mt AR P i & (domain adaptation) iR oyt fE
A kP o AR R4 B S Bl s AdalN mﬁiaa]/\ ’ %ﬁr‘ - B
RS dA e R S L AR 1T AkA L AT A
SRS RS SR ER R TR O T R e A
% SE-AdalN(4-@] 2-23.) » i #-H # 3+ 5 < &:mﬁﬁ & o KA enX IR AT B I

SE R B 58 SE-AdaIN 1484 3 b TR T I ARG En @ BmA R -

|—)Avg pool—» FC )
: ) 4 :
'+ Source »—» Mean, Std » Normalize
E Transfer
. |Target —>» Std > —»+—» Feature |
I Map :
; —>» Mean

_____________________________________________________________

] 2-23. SEAdIN Module + %, B

2.3.8 ®Fedacp AR 4 4] Strip Pooling Module
& 23.7 ¢ 3 P > F] L spatial-wise attention 2+ 5 & A Ap g F > ATy
AT A FRE A LA PR EERF R TR EF LS MRt
B FlPt ARy ¢ A PEEE ~ Strip pooling module [35] - 464 % d=
et SR SR R B TR AL EEREG T
kA A gk o 248 k3 > Strip pooling 4p #3t — 4k 5 Spatial Pooling >
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% K ik en IXN & Nx1 s v (Pooling) 2 - Aend &5 - 4% 4&"
p BB EPE B AR o B 30 R PFAAE L N4
#* 4 & it 9 Pyramid Pooling Module (PPM) 2 # #i kIt chdFjic > %
kernel-size hjs it 38 K itz = 3 fp i § Bl 5 o 2§ f5d 4% Strip pooling
module i & * & Encoder e fs- g > HAHA AHPF L T B

R AR e e K BN o % JEFl4cW 224 S -

2D Conv | 2% HIHH )
. .

2D Conv | P& NIl L LS| —
A
s o

2DConv | —— ?

(a)

ID Conv | —

=
Lﬂ_l_ﬂjjj}
|
2D Conv
|

ID Conv | —

k
k% UP

8] 2-24. Strip Pooling Module

A 5B R T RTFNet 5 B % Ad#cd @ uf FRik R izt 58 SE-
AdalN 55 7 e T30 7 3 A 2550 3 B 3F LA B Y 4R % U-Net 2 07 %
Hox Bdaigge it 2 P »F LA BT L 2%k 0 # T SRR HIZ IR

CER TS L SESE RS R A AL LSS SV R
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F2F THRURETHEENS

2R TR TR LAPGELA MBI A P K00 R g

ERTIEEE N U RS s R § 2 D

=
o
=
=
&

B2 T EREP T A 7*‘??.:’2{'”“ %lmpfuﬂg_,%‘i’]‘ﬁ/? /;j?‘ﬁ;}ﬁpﬁ

R

3.1 Canny Edge Detector
Canny Edge Detector #_~ &8 5 pl3& 5 = 2 » v * 5 % B2 0 p| R
gk o v Hd Canny % 1986 # B3 [28] 0 H ¢ & 41 Bk diplantE
LR R N
Canny Edge Detection /i & iz & & I &% 3.
W TEER
d G B R R R E B X TIW ok R TS R
WEE Ak ORI B B ARt BB Gl 7T R AL > 3 Hrin il P
(Gaussian filter kernel ) 2 B e 7 5 A3 E - > f 5 P B P A
WA o B ARA P e P BN ik otk 0 Prent AR S 1
PlBE IR DT AR ijﬁiﬁfﬁ v &l A (2K+D)X(2k+1) enE Erm ik 1 AR A

L N o Pl o

. 2 . 2
Hy = s exp (D) ) < < e+ 1) (3 3-1)
HHF HRVE

d 3R el v a5 A e o Flt Canny g &2 @+ v B filter k1)
PIBA B G kT v EF U2 HER2Z S REY PEART S (6
i riv"(Gy) BB REE D R AR 4T 250 32 A
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G = /ze +G,*

6 = arctan (ﬁ> (7% 3-2)
Gy

Hoarctan 2 F 2 kT RELR » L P EA PR REL ARAL L L

B o~ okE s 2 A 84 5 (0°4532°,9032°,13532°) § & & kA 0~22.5 & 157.5~180

BRE2LHEE0R; &RTA225~6752%2 ~5g 5 45 & 5 & &% & 67.5~1125 2 »

290 R 5 & RBE A 1125~1575 B % A4 4 135 & -

HF= P e AP
A NR AP RBRS PR A I S RN PPRERZ S e kA
HEGS 7 GA PR BFRG S 5t L4 B Enid o B RRR AR
50 FHAPAY S ORMFRENRAL  LenfA PABR S PR 5
R ASERIEFVRA L S T E A e s 0AREL I RA Y T

ik AL 135 AREBRE VRS 2 s LT R AR A -

HIe ERE
ReFEs s B R ET) oMl E(T) 15 R 28t ik A7 5 f4% o H¥rah
P = BhoT

1. %43 HAR<T, B3t 2 28%

2. B HASTy  PlEht 8%

3 HBHFANFHURELT > ERABAAGE Y > T - BiFE P

R R>Ty o Rt & d%

HFT LSRG
T R F Gk EAR G E F Bg HE rE he F ARN PSR
FRu RS GE TRV R E D BGHE 2 TR H P o
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TEPEREE S SR L R FS A5 R B B A § A 2
HERTN8 BARMRGZ >33 R EGF R ISR w A G

SEAEREE E TR

3.2 Ground Truth of Powerline Dataset
GF 7 OMAEBE 2T HRKRR peivE wm[29] 0 fe 2 SIS G- EUREN

TR Bk EFRE IR g d IR A1 DR BHEL R TG

-

BFEFOTFRFTHFER 44 > Y EIE- F 4 Yelgin ¥ 451D
HE A 2P(TEIAS) & iF[30] R BB P P R FH - EFL LT HE
PR EEAF L AT & AcR 312 B 3-2. -

BT Y R E 5 400 %Ak k FH(IR)F- 400 3T Lk FA(VL) 0 4
&3 20055 F R R(TV) 200 % & £ FA(TY) & #-F) #4571 512512
<o IRFHEY ¢ 7 THADIR B o = el & ¥ % (Ground Truth) 3 &
H Wi o Wi VL TS ¢ 7 T F A0 VL W o~ Ground Truth 2 5 = )

fz Bl IRZ2 VLY e 2 ¥ RF P ¢ 2T F25F -

F3-17 oLz RFIZ < HeHl 2
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B 32t k2 RBlE & RS

3.3 PLD-UVA

PLD-UVA[31] % & A T RO TAE - H e 773575 3-8 (Powerline
dataset of urban scene » PLDU)+4= ] 3-3.4-.1 % 3#-# (Power line dataset of mountain
scene > PLDM)4r @) 3-4. > 12 3 £ 3-$ 2. Ground Truth 4] 3-5. > iz B % ¢ 7 48
seehd Bfel § A bt PR A T RGN R Y SRR S T 2 e

B ot ) T R

B33 T /ML F339 %453 (PLDU)
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3-4. THHAF L EHF (PLDM)

A

TS

H

Ground Truth &

Bl 3-5. % 3% 2. Ground Truth

TR erffieis v

L S R S LA S

3| > ¢ $-3) j& ¥ <0 Training Data §= Ground Truth 3t 4 5 #7410 » » ERECA| B

7 APRRAY RS B 36577 > RERFFHROERA
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e | Sl
prixd
i | ]
B |
) 1
\ |
5%

B 3-6 ;% 7 F sz Ground Truth
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Srd P AR RERAH

Am e i * Yetgin & A Tt 2 T E 2 PLD-UVA i 747 7 [31] > Yetgin
EAFHEEY 5 2 7 4003 20tk FHR(IR)fr 400 367 L% TR (VL) » 7 £ 5
200 5% F % HAR(TV) > 200 5 & & HR(TY) > & 4§ » 4571 512*512 eh= | -
AmefkEr Hv Lky 73 THAL FTAELIROTHE > Yetgin & 4 3
2019 &+ M@ HRRE LRI TR EFTHRDIES > WP ETHR
B4 2] 10% 7% 5 PISE TR o 2 ik gFH 0 )% 180 % EF 5 9 R H B v 20 34D

RIGEFAL o & T B B 20% 1 5 REETHL MG 0 F B PRI RE
(Cross Validation) » @ Nguyen % « [14]** 2020 #74 # 7 LS-Net 4| * GTD ¥
B PREFEFFLAUTR M F L SEATORRRE RS R R -

H LA 4 GTD 4- PLD 4 ®| s * > ¥ - Segmentation Model * gLz # &
% >3 PLD FH B A MAPHBER - & GTD @ £ 37 4o LS-Net » >t F a4 gk )
Dual Segmentation Model & * ** GTD #3#%~ ¥ > #iEs  Encoder #-:¥ % % i
P2 LERGme REFEAFATLIAN 2a R A B OERR > R#
H Az 4% LS-Net 2 £ 3R -
41 THAWATLA B

BFERERE W THERZFLALUFAFLAUEHHB G & - BikF
BB TN ARG E TR R T I W L F AT fER R GERT R

MOER o Ak B2 B A A B2 # 4 4o PSPNet 2 U-Net» f&# 4

-

Bod WEHAREFF V0L RE S FRG 22 AT ER gk v Fiti

PR BIET R B R 0 4 SE ResNeXt50 32x4d ~ EfficientNet-b5 > # # 4¢
» Channel attention > SE ResNeXt50 32x4d # fz U-Net #5-3]»x % & E > 4@ 4-1.
242 FEEFA40E 4-1 3 44 47 (B RBR A BCPIFER ARG 822 91 4

BRI BB BRIBGELR RE) -
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Predicted Mask Ground Truth Mask

B 4-LTFRFLABEF 1

Predicted Mask Ground Truth Mask

B 428 HARFRA HES 2

Architecture Framework

U-Net LS-Net

Encoder SE ResNeXt50 32x4d EfficientNet-b5 -

Train : Test 8:2 -

Params 26M 28M -

IOU score 0.4912 0.4851 -
Precision 0.5467 0.5761 0.8004
Recall 0.8044 0.8315 0.5368
F-score 0.6371 0.6291 0.5940

7 4-1. U-Net 2 & 4 2 H A" % ("9 A Rl ~ #5=8:2)
38
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Architecture Framework

U-Net LS-Net

Encoder SE ResNeXt50 32x4d EfficientNet-b5 -

Train : Test 9:1 -

Params 26M 28M -

IOU score 0.5089 0.4987 -
Precision 0.5742 0.5906 0.8004
Recall 0.8261 0.8492 0.5368
F-score 0.6318 0.6451 0.5940

% 4-2.U-Net 35 3, 4 B[H073) 20 U5 % (3 U B P38 1 & #c=9:1)

Architecture Framework

PSPNet LS-Net

Encoder SE ResNeXt50 32x4d EfficientNet-b5 -

Train : Test 8:2 -

Params 26M 28M -

IOU score 0.2547 0.2218 -
Precision 0.2916 0.2719 0.8004
Recall 0.6918 0.7561 0.5368
F-score 0.4064 0.3695 0.5940

% 4-3.PSPNet 3% 3, A B H7) 20 HU % (20 i » Bo P2 4 A #=8:2)
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Architecture Frameworks

PSPNet LS-Net

Encoder SE ResNeXt50 32x4d EfficientNet-b5 -

Train : Test 9:1 -

Params 26M 28M -

IOU score 0.2817 0.2436 -
Precision 0.3142 0.2814 0.8004
Recall 0.7175 0.7761 0.5368
F-score 0.4128 0.3948 0.5940

+ 4-4PSPNet:Z & 4~ 2

BRI U 5 (U A RS R A 85=90)

BB T %SRS APFERGTID ¥ 7 #k Ground Truth 74z ,

e &4t Ground Truth ez ¥ 2 = 2 » HA K2 @ 4 > KA

SR EY AR hoW 420 F p licdy b T Recall 533

o FRLTERL D keh

H Precision = = » j%_m

7% 0 R F-scorer 3 0 i iE B A AE 0 AP % GTD 2 Ground Truth & {7

EaTEie  MRE R R IR 432 Bl44 0 TEBRAFHEEET T A &N

w4

o4

=)

T 2 17 F-score A& 4% 7

Predicted Mask

AT

s GTD 2 Ground Truth 3 &, A 2
40

LS-Net ¢4 38 » B2 7% F-score % g p|en

z_L_a:_:Irr;—} #BE

i » e % Precision $% 4 fr LS-Net 5§ £ §E > 4o # 4-5.3 % 4-8.

Ground Truth Mask

J‘,

=1
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Predicted Mask

Ground Truth Mask

Architecture Framework

U-Net LS-Net

Encoder SE ResNeXt50 32x4d EfficientNet-b5 -

Train : Test 8:2 -

Params 26M 28M -

IOU score 0.5053 0.5184 -
Precision 0.5967 0.5991 0.8004
Recall 0.7791 0.8048 0.5368
F-score 0.6719 0.6695 0.5940

4 4-5. U-Net £ 1% ground truth 4 GTD ¥ - segmentation model % %

(3" gk~ iRl R A 5m8:2)
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Architecture Framework

U-Net LS-Net

Encoder SE ResNeXt50 32x4d EfficientNet-b5 -

Train : Test 9:1 -

Params 26M 28M -

IOU score 0.5551 0.5669 -
Precision 0.6217 0.6079 0.8004
Recall 0.8282 0.8183 0.5368
F-score 0.6987 0.6988 0.5940

# 4-6. U-Net £ & ground truth {¢ GTD ¥ - segmentation model & %

("R A BBl A B=0:1)

Architecture Frameworks

PSPNet LS-Net

Encoder SE ResNeXt50 32x4d EfficientNet-b5 -

Train : Test 8:2 -

Params 26M 28M -

IOU score 0.4392 0.4581 -
Precision 0.6240 0.5376 0.8004
Recall 0.6843 0.7964 0.5368
F-score 0.6517 0.6581 0.5940

# 4-7. PSPNet £ & ground truth {6 GTD ¥ - segmentation model & %

CESTES IEEE =)
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Architecture Frameworks

PSPNet LS-Net

Encoder SE ResNeXt50 32x4d EfficientNet-b5 -

Train : Test 9:1 -

Params 26M 28M -

IOU score 0.4816 0.5023 -
Precision 0.6572 0.5496 0.8004
Recall 0.7349 0.8014 0.5368
F-score 0.6747 0.6817 0.5940

# 4-8. PSPNet £ 1 ground truth 5 GTD ¥ - segmentation model ‘& %

(U A B R R R & 8=0:1)

- B R-PLD-UVA ¢ 3 R4 F 8 (PLDU) 24t 3 &

ARHEA 2 R S RS B APk e H A IEE DAY o 4B 45 3

Bl 4-6 #751 > #t R4 F R Ground Truth 2 5 -2 5T 40 i Brikor 41k > s st

73R F -2 Ground Truth T ST4U#s Brie (T %> 4o B 4-7 B ok 5 B F g 2 o

gt r» LEFAE (PLDM) - A B T4 & (PLD) 7§ % > 40 4-9.

2 % 4-10. MR AR A B R R TR B 5 8:2) 0 BEAI AR R AR

4-8.2 4-9.
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Predicted Mask Ground Truth Mask

B8] 4-5 U-Net g # PLDU & -&r.F. b et ;F“ ‘:“-% 1

Predicted Mask Ground Truth Mask

|
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Architecture Framework
U-Net
Encoder SE ResNeXt50 32x4d EfficientNet-b5
Params 28M 28M
IOU score 0.7893 0.7324
precision 0.8624 0.8798
recall 0.9054 0.8229
F-score 0.8806 0.8369

Z 4-9. U-Net i p| PLD Tt E R sl 8 T % %

(3" Utk & BelRl R R A 5=8:2)

Architecture Framework
PSPNet
Encoder SE ResNeXt50 32x4d EfficientNet-b5
Params 28M 28M
IOU score 0.7893 0.7324
precision 0.8624 0.8798
recall 0.9054 0.8229
F-score 0.8806 0.8369

% 4-10. PSPNet 3¢ i8] PLD 7L & 3% 152236 (8 2 U %

(3" SR iRl R 8c=8:2)
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Predicted Mask Ground Truth Mask

] 4-8.U-Net 57 i8] PLD 2536 14 Bl 22 & 1

Predicted Mask Ground Truth Mask

B 4-9. U-Net 5 ip| PLD %3536 {8 76 iR & % 2

A BPiES BEHRERE G- AVREFIFER O BREZFESE 4o R R
¥ 123 . A& Ground Truth Powerline Dataset(GTD) e T S A i P? &f e8] v 4

kA4 R FH TR AL S ARIT > € K IEARES 0 T RS % W
& v Ground Truth & % cse » P % £ > 4B 4-10.2 4-11. > fa:p| ¥ % PLD
BT OFH BEERE L iRE PR T B (R S TE R BT RE PLD seo kR R F
4o B 4-12.% 4-13. o R & AR R R S Aok 4-11.3 4-12.97 51 (TR A i
RIEEIR A S 8:2)0 3 F 4 * V- fEF L 4 A GTD hd MR 7 doip

7 &43 % o Recall » e 3] 41 k & Precision ~ i > # 3 F-score i 14 > % Jf :%

_EFI; °
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Predicted Mask Ground Truth Mask

Bl 4-10. 2 & #-7]%g 2] Ground Truth Powerline Datasetl

Predicted Mask Ground Truth Mask

B 4-11. ;& & #-3]5p Bl Ground Truth Powerline Dataset2

Predicted Mask Ground Truth Mask

B 4-12. ;2 & 23] 35 2] PLD-UVA Dataset
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Predicted Mask Ground Truth Mask

B 4-13. & & i3] 3 B PLD-UVA Dataset2

Architecture Framework
U-Net
Encoder SE ResNeXt50 32x4d
Dataset Ground Truth Powerline PLD
Dataset
IOU score 0.4729 0.6216
precision 0.5087 0.7206
recall 0.8788 0.8356
F-score 0.6336 0.7455

2 4-11 R SRS BER B FIERE %

CEE SRS RIS R )
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Architecture Framework
PSPNet
Encoder SE ResNeXt50 32x4d
Dataset Ground Truth Powerline PLD
Dataset
IOU score 0.3421 0.5897
precision 0.4584 0.7077
recall 0.6940 0.7934
F-score 0.5032 0.7284

F 4-12. R &N FUPRCE S B R B F AR %
CES ES SIETFE =)
PR &390 % % > & PLD v Ground Truth Powerline Dataset ¥ > d & ‘w
A R PR 0 R B iy JEd PLD ch R ke GTD

I FES 5 0D ANk AR E > & fE - — v /FH;E% iﬁd HAl fn

R A EE # F SRR SR AR AP R e F A ETRE

I Sl T

4.2 Dual Segmentation #-3] 7% #

A3 % RTFNet [32] & A# > & i4ry#<f]* Domain Adaptation L3 1 f

FoRE LRI AL BHEHEIT IO T Bd Bt iEa B
Encoder » 3 & % & CERESTE LU I St b - Bl gk 9
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e A FTENA RS AR FEME L g R ¥ F 0 AP & GeForce RTX 2080

Bl HA R FE AR S OIFPS ApRAT B AL 4 R T HR > X T X IFT
MHATT 2 A4 FRAPERE o
Dual Segmentation #-3] 7 #4- ] 4-19 - i * Resnet-50 f® = Backbone - EH
#g 2>y FCN £h2 4f < Encoder 374 € 5
Gyt e it

Normalize ~ ReLU =14 A

- BEFLFEPGRIF - B
B P-4 - & B Encoder - B 4~ ¢ L:& {7 Convolution ~ Batch
" - Feature Map ¥ » SEAdalN Module i
G B e it

# 3] Feature Map F3u ¥ "L 2 g gk & 0 T ES ok o MY L Max Pooling

y 1§

® Encoder 1 Feature Map #aiteix » E KL 5 Bk ik B epE T

4

B

—_

LfET R 18 ’ﬁ%]%i Resnet ¥ % — & » & ¥ — AT chg & 0 £4F L% =

-

~

> w & > 8 3] Encoder 84 # % i Feature Map - 7 Encoder ¥ Decoder *

e

B
R A #  Strip Pooling Module » % - B PP eid g & ¥ -2 5 M F 5 E
Decoder Layer #-f247 & %< w fi & @i & < » ﬁx‘zxﬁ;ﬁ B R o A

Pytorch~CUDA ¢ cuDNN % & {735 i * chBatchsize 5 2- 7 £ 7 Resnet-

50 = Backbone

SR Y S 0 B 6 S HAI L Xavier de 41t -

Max Resnet

Conv BN Relu Fusion Resnet

Canny >

Pooling Layer 1 Fusion | oo Resnet
Layer 2 Fusion | aver 3 Fusion

L SEAdaiN

Resnet
Layer 4

L SEAdalN |

Fusion

|-> SEAdalN I—> SEAdalN L SEAdaIN Fusion
Input
’—> SEAdaIN l—> SEAdalN ’—P“ SEAdalN ’—> SEAdaIN ’—V SEAdalN
RGB —> T
}Slrip Pooling
j iVStrip Péolingi
Output < < < < < <

Decoder Decoder Decoder Decoder Decoder
Layer 5 Layer 4 Layer 3 Layer 2 Layer 1

B 4-14. Dual Segmentation Model ¢ 457 . Bl
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4. 3 Ablation Study

bbb GTD ehf % @ > BARAE ATz Tk 2 (S F-score § & 3%k = > e
# Precision 4p ¢ LS-Net :® & F % % &2 & > 5 p 2@ #-4]* Dual
Segmentation Model (DSM) 2z 3L Precision T e1f* £8 > 24 ® & %] 44 DSM =2
& Ablation experiment » #-# & r1 T T fE R RAE (T A 4T

1. & i Encoder ¥ #x SEAdaIN - & {s = & Strip Pooling(/m #-3])

2. & B Encoder ‘¥ # #A SEAdaIN - #{s+ 7 # Strip Pooling

3. = 1 Encoder ¥ 7 i SEAdaIN » ¥ B {$ & Strip Pooling

4. RGB # 2. Encoder # SEAdalN f¢ 7 & Strip Pooling

5. RGB # i Encoder # SEAdaIN » & {s~ & Strip Pooling

F-score # § -7 3p B2 % 4@ 4-20.4-21 3 4-22 #151 » F S i % 4k 4-13.

3 4-16.> H 5 % 4p- H - Segmentation Model ¥ 7 Precision 3 + tgeng 2 o

EIfAEE P o RECAEEIRILT BB H Precision > @ & % ¢ Recall ® A4

Hedh A AL E T 55 ¥ B LS-Net -

Predicted Mask Ground Truth Mask

Image Image Edge

B 4-15.DSM g R GTD 2 % % 1
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Ground Truth Mask

Predicted Mask Image Edge

B 4-16. DSM 3] GTD 2 %5 % 2

icted Mask Ground Truth Mask
S

) 4-17. DSM #gp] GTD 2 % % 3

Architecture Framework
Dual Segmentation Model LS-Net
Encoder Resnet50 -
Train : Test 8:2
Module . (X)SEAdalIN (X)SEAdalIN -

(X)Strip Pooling | (O)Strip Pooling

IOU score 0.5808 0.5768 0.6024 -

Precision 0.7432 0.8454 0.8179 0.8004
Recall 0.7139 0.6273 0.6912 0.5368
F-score 0.7128 0.7179 0.7338 0.5940

# 4-13. 7 k3% %_2. Dual Segmentation Model % GTD :& 7 35 ip|. % %

(3" SR iRl R 8c=8:2)
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Architecture Framework

Dual Segmentation Model LS-Net

Encoder Resnet50 -

Train : Test 8:2 -

Module (RGB)SEAdalN (RGB)SEAdalN -

(X)Strip Pooling (O)Strip Pooling

IOU score 0.5438 0.5969 -
Precision 0.8324 0.8524 0.8004
Recall 0.5787 0.6591 0.5368
F-score 0.6802 0.7363 0.5940

% 4-14. 7 3% %2 Dual Segmentation Model ¥t GTD :& {7 Fg ip| & %

(3 Ut A B 1 A 50=8:2)

Architecture Framework

Dual Segmentation Model LS-Net

Encoder Resnet50 -

Train : Test 9:1 -

Module T (X)SEAdaIN (X)SEAdaIN -

(X)Strip Pooling | (O)Strip Pooling

IOU score 0.5893 0.5804 0.603 -
Precision 0.7657 0.8509 0.8251 0.8004
Recall 0.7251 0.6344 0.6991 0.5368
F-score 0.7157 0.7258 0.7342 0.5940

# 4-15. 7 k3% %_2. Dual Segmentation Model %+ GTD :& 7 35 ip| % %
(" JUH S BORIRE R A 8=911)
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Architecture Framework

Dual Segmentation Model LS-Net

Encoder Resnet50 -

Train : Test 9:1 -

Module (RGB)SEAdaIN (RGB)SEAdaIN -

(X)Strip Pooling (O)Strip Pooling

IOU score 0.5573 0.5438 -
Precision 0.8424 0.8324 0.8004
Recall 0.5995 0.5787 0.5368
F-score 0.701 0.6802 0.5940

# 4-16. 7 k3% 2 2. Dual Segmentation Model ¥+ GTD & {7 fg Pl % %
(Pt & BOR R B A #1=911)
4. 4 Denoise
F iR %% & DSM 4p#>t B - Segmentation Model - 2 Precision @ 5
7o~ g e LB H FE R )k i Predicted Mask s F v IRB P G 3F F ek EL>
=T kNP el £ F%- Dual Segmentation Model g ip] ) % &0 Predicted Mask # i+
it 8 - Segmentation Model * m@] £ FTIE (700 LSRR 40 &k e Predicted

Mask 4e3g 8 ey “/f TRk ek EL 4o §] 4-18.2 4-19. RS iR P At & 4-17.0

Predicted Mask Ground Truth Mask

7

Image

] 4-18 DSM +g i¢] Ground Truth Powerline Dataset 1
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Predicted Mask Ground Truth Mask

B 4-19 DSM < ¢ Ground Truth Powerline Dataset 2

Architecture Framework

U-Net LS-Net

Encoder SE ResNeXt50 32x4d -

Train : Test 8:2 9:1 -

IOU score 0.6534 0.6574 -
Precision 0.7861 0.8012 0.8004
Recall 0.7709 0.7719 0.5368
F-score 0.7714 0.7831 0.5940

# 4-17. ¥ - Encoder Segmentation Model $+ GTD & 7 ¥ B % %

ALa & GTD F42 # 2 T 7§ % @ * Channel attention 7 SE ResNeXt50 32x4d $%
fie U-Net #-73] »x % B » @ &2 i* % Dual Segmentation #-%] - Predicted Mask &
iTH Input {& - ﬁ%ﬁ.ﬁé%?ﬂjﬁ%« TR - HRaFFRS o Recall ) Tzl R

2 Precision I i7" LS-Net % B x5 £ > ® & 48 F-score 5 11 7 LS-NetF % -
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45 ) %

hitd BAPRTEREREDFRT OAFETAIZHD DR ASS L TER
TR TR HAR L 9E R~ B F % 0 &1 Dual Segmentation Model % 3 it
- Segmentation Model 73" % % > ¥ & GTD F 4L & '3 41k i3] » 3% i Dual
Segmentation Model @ & il if %8 ¥ % B $-3] <0 Precision i&m $& 2 7 A F-
Score » Ag4% 7 LS-Net ¢ f* GTD FHLE gl P p 72 £ TR PE% > m &
PLD FH# & > SHEAPEITRTRE BT ARG 4P ien & ¥ -

Segmentation Model *+ & = & F S #icdyp F 7 F 4k TR o
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FI% RBoEAkEBEY

AT AN TRARERNANF I AU T HERER > AP * Dual
Segmentation Model - 4p #3t & SL L3045 & e 2 > A5 < - Dual Segmentation
Model fis * >+ & sLen STAf P 7 8 H ok > # T HARR P HZIEN B EFE

BEY o 80 i g A4 Ak B ok fF R A D AR A o

51 3 %3
7 o 0 e Dual Segmentation Model 3% R3R 5 T &g Bl - B (3 4F 0
EH o R PEE TRT RS B
1. P#RG ANFERERAKPI 2P > LS-Net 2 R i g2 > *8
TOE AR BotsF B % R LS-Net o
2. hip IJ/+f§m;§ %~ BHA RTFNet # > A jrecd 2 A% g RGB # i
& F|¥ - 3 if «n Encoder > ¥ ~ SEAdalN Module i¢ » 22 ¥ - i
Encoder £ Feature Map iitc iz + 3R B B 5 5% 5 © B i afpn
HepE A7 i3 3] en Feature Map 3307 1 L4 gk & o s T B4 ok o
3. PLD F# % F &>t Detection ¥ 32 » ~# 7 #-H Ground Truth i& {7 £ &7
3z {8 g * *t Segmentation = 7% > :z L J AL Ground Truth 7 5 % L T
EE L golmy o
4. GTD F#L & @ & Ground Truth & i#» #-H & 3742z> 2L 3 Kz 2 Ground

Truth 7 38 4 cifegs > & kA4 7 0 @RS S -

4
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52 A kEB¥
PR m AT TR NS B P %2 % M ST Ut g
1. FTHREHN :

WL TEEE THEROERFAS T Rabab Abdelfattah % + [29]~
FTHRZEBETHEY BROEG GTD 2 PLD 4ol 5-1.0 2477 1 & %
Paies ABRANTFATHELFT TSR AL A LF o B2)
GTD FAL & ¢ X E P el t L P T HE £ 5 2000 35 > fe 53
P TR APEFLL AN FH DT EF 200 5% EB-E F o
FHEFRZ A AUBEFEL I B RTHERTEE > it r &
PPt §7 A AIENOT LR

Table 1: Related Datasets.

Target|Dataset |Public|Image#(Pos.)|Image Size |Annotation Type|Syn.Manual
TTs |[27] No  [3,200(1,600) |64x128 bounding box  |[No |No
TTs |[[24] No 28,674 6,048 x4,032 |bounding box No |No
TTs |[27] No |600 1,280%x720  |Binary Mask No |No
PLs |[2] Yes [4,000(2,000) |128x128 Binary Classif. |No [No
PLs |[77] Yes |573 540x 360 Binary Mask No |[Yes
PLs |[77] Yes (287 540x 360 Binary Mask No (Yes
PLs |[27] No 3,568 5,12x512 Binary Mask No (Yes
PLs |[29] No  |718,000 - Binary Mask Yes [No
PLs |[2Y] No |67,000 480x 640 Binary Mask Yes |No
Both |[27] Yes |1,290 Various Class Label No [No
Both [TTPLA|Yes |[1,100 3,840x 2,160 Instance Seg. |No |[No

M5LR) T2 THERTEE- T [29

2. syt B Y iRl T A
Aol g7 3 e GTD 29 T4 & ¢ 7 feid £ 0 e

587 PLD ® L 4eqgfeean® § 0 4 s ln it B lgi‘a‘\: RE

Ry gt B 0 E R R PR 7 4o 8 4 90 Segmentation Model 0 4o e B
PREE L4t F LR Jv&ﬁf%ﬂ”%ﬁﬁ”ﬁ“% ’ ilf\‘;}\j\ B & 3 F%('E\"
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Model #c #3 f @ A 8 40> e d 30 p g X g AR 4]0 2y
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