creative
comimons

C O M O N S
& X EAlI-HI el Xl 2.0 Gigel=
Ol OtcHe =2 E 2= FR0l 86tH AFSA
o Ol MHE=E= SN, HE, 8E, A, SH & &5 = AsLIC

XS Mok ELICH

MNETEAl Fots BHEHNE HEAIGHHOF SLICH

Higel. M5t= 0 &

o Fot=, 0l MEZ2 THOIZE0ILE B2 H, 0l HAS0 B2 0|8
£ 2ok LIEFLH O OF 8 LICEH
o HEZXNZREH EX2 oItE O 0lelet xAdE=2 HEX EsLIT

AEAH OHE oISt Aele 212 WS0ll 26t g&
71 2f(Legal Code)E OloiotI| &H

olx2 0 Ed=t

Disclaimer =1

ction

Colle


http://creativecommons.org/licenses/by-nc-nd/2.0/kr/legalcode
http://creativecommons.org/licenses/by-nc-nd/2.0/kr/

Semantic Segmentation

FuEe o] §F =B 9

7N =2 F& 2 WE g



Semantic Segmentation

Road Extraction and Change Detection Based on
Drone Image Using Semantic Segmentation

Algorithm

20221 8¢ 264

Collection @ chosun



Semantic Segmentation

ol

Jmo

A
E
1

]

o

)

4

2022

[l
<1

Ho

Collection @ chosun



A
E

E

o

T
Nd

L
o

oF

A
Nd
E

o

-
El
il

E

o

]

5

2022

Collection @ chosun



ABSTRACT
;q] 178—_ )\1 I 1
A1A AT B =D BEA 1
A28 TE Y] TLA] crcrrrsnsinscsinscinsisinsiississisisississiins 3
Al 27, A FP A TFE e 5
A1 EE D e 5
T A R T PP 5
1. FE W HEA] it issanssssssoses 6
A2A BB BER] oot 9
A 3FF. HFH E s 11
A18 Semantic Segmentation - wwwrsrrsersssssesssnssanes 11
1. LINKINEL  eereererererssseressssssessssssesesnssesessssssessssssesessssssessssssessssssesns 11
D D -LINKNEL +ereeeereressssserssreerersusssssesessssesesessssssesssssssessssssesesssasns 12
3. NL-LINKNEL sereeererersersrerersurereressusesssesesesssesesesssssesesssssesesssasns 15
4. Pretrained ENCOEr w eremresimisissesssssesessssanes 18

Collection @ chosun



5. IoU(Intersection over Ul’lit) ............................................. 21

R I - [OOSR 21
L HIEl B R EZ A e 21

0 CONFUSION MALFIX weereerserssssssssssssssssssessesssssssssnsssssssssessessans 29

A AT, AT 25
A1E do]g Ha = BEA OFF| BlA] e 25
1. ATHub YA GA AR FE O] worreeereersrecseissersseinns 2%

9. FEFAA T2 HALAA T O] E] rreremerrrssssssssssssssssen 27

Th T2 AAFGA AR T] s 28

b, O] E] FFHLE] comrerreeennesissnenssssisess s sias s ssinsnes 31

3. HZ G O] E TJrA e 33
R T - T OO 34
RS AT Z T et 35
1. B2 22 Bd BIF AT e, 35

2. 52 22 14 3lo|HFGFuE FHEI eeeneninennen 37

3. B BE EFR] T} s 40

A 5F. A B o, 46

Collection @ chosun



Collection @ chosun



T 3.1 RESNEE T-IB wereesssssssessesesssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssnses 20
T 41 OFT T YA A H e s 27
T 42 T2 HAFGAF F B e s sssssssssssasasanes 28
T 4.3 AT BETT e s 34
T A4 BHO T T} H] B wrrvrvrrrerereereerereeseessssssssssssssssmsssssssssssssssssssssssssssseses s 35
T 45 B AE BT Z T e s 36
F 4.6 LinkNet-34 3F0] T SFE} 1] E] wrrrververersererseereerereesmesssssessssssssssssssssssssssssssssssss 37
F 47 o] H HAS MG HI o 37
T 4.8 W3 BA] S WIF BT e 49

Collection @ chosun



T 11 S UT AT A ZF TP oo 9
39 2.1 Patch-level CNN 7|8t R Z9] AR QL OFF| - werveereerersenrense 7
% 2.2 FCN 7|8 BR 0] QuEA QL O} F] Bl X coerererrrreressssssssssssssssssssssssssens 8
1% 2.3 Deconvolutional network 7]9F E &2l AREA QL o} 7] B3 wooeeeeeeee 9
T 3.1 LinkNet ATCRItECLULE srwreesrersssssmsssssssmssssssnsssssssssssssssssssssssssssssssssssssssssns 12
T 3.2 D-LinkNet ATCRIitECLULE rrrresreresssseessssssmsesssssssssssssssssssssssssssssssssssssssssns 13
19 3.3 Convolution® Dilated COmVOIULIOn -« swesseressmsesssssmsessssssssssssesess 14
19 3.4 Dilated Convolutional Architecture in D-LinkNet w-eeeeseeseeeees 15
19 3.5 Non-Local Attention MOAULE - wsmsmmmsssssssssssssssssssssssssssssssss 17
T 3.6 NL-LinkNet ATCRILECLULE wwrwerrrressesessssmsssssnssssssssssssassssssssssssssssssssssns 18
T 37 AAT TER H| T correrreeerssssssssssssssssssessssssssssssssss s sssssssssssssssssssssssssens 19
LT 3.8 JOU rerveereersssssmssssssesssssssssssssssssssse s sas s st s e 21
T 3.9 BB ER] IE A A e s s s 29
T 3.10 CONFUSION MALEix reseseeressssessssssssssssssssssssssssssssssssssssssssssssssssssssssssssssns 23
DTG 4] AR OFT] BA] cerrereemsssssmmsssssseemsssssssssssssssssssssssssmssssssse s o5
TE 4.2 ATHUD T O] ] wrrrrrrerrersssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssss 2%
T 4.3 T2 AL A T T e ssssins 28
DG 44 BT AA G A] e 29
O 45 2YPEE 8T ZAEE FAPH FF A e 30
TR 46 AR H] T ceererreremsssssmmmssssssssssesessss s 31
18 4.7 Label Studio ZFHEIE] 6] A] weerreeressssssssssssssssssssssssssssssssssssssssssssssssssses 39

Collection @ chosun



O 48 EZ2 HAFGA WO E AA G A] e 32

I8 49 EE AAFY ol | FEE-WRAFE FZE e 33
a9 410 T2 FAGA FUolH : NETHFZ -T2 T7F e 34
I R R Rt I 36
LT 412 S2E TP H| TL] eeeeeeersesssesssssssesssssssssssssssassssssssssssssssssssssssssssssssssssssssssssssnins 38
LT 413 S2E TP H| TLQ wereeesrssersesssssssesssssssssssssssasssssssssssssasssassssssssssssssssssssssasssssnsns 39
TTE 414 FPE G A] e s 41
1% 4.15 Threshold 0.2561 4] Window Z7] ¥ ®3 &x ZAT] - 44
1% 4.16 Threshold 0.2561 4] Window Z7] ¥ ®3 &x ZAH2 45

Collection @ chosun



ABSTRACT

Road Extraction and Change Detection Based on Drone

Image Using Semantic Segmentation Algorithm

Oh, Haeng Yeol
Advisor : Prof. Jeong, Myeong-Hun, Ph.D
Department of Civil Engineering

Graduate School of Chosun University

Cities are becoming more complex due to rapid industrialization and
population growth in modern times. In particular, urban areas are rapidly
changing due to housing site development, reconstruction, and demolition. Thus
accurate change information is necessary for various purposes, such as High
Definition Map for autonomous car driving. In the case of Korea, accurate
spatial information can be generated by making a map through the existing
map production process. However, when targeting a large area, it has a
limitation in that it takes a lot of time and money. Road, one of the map
elements, 1s a hub and essential means of transportation that provides many
different resources for human civilization. Road information is used for traffic
management, urban planning, road monitoring, GPS navigation, and map
updates. Therefore, it i1s important to update road change information accurately
and quickly. To achieve this goal, this study uses Semantic Segmentation
algorithms LinkNet, D-LinkNet, and NL-LinkNet to extract roads from drone
images and then apply hyperparameter optimization to models with the highest
performance. As a result, the LinkNet model using pre-trained ResNet-34 as

the encoder achieved &85.125 mloU. After detecting roads, change detection was
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performed by comparing the original road lines in 2019 with the results of road
extraction inference in the drone image in 2021. Window and threshold were
applied for precise change detection, and as a result, Fl-score showed the
highest performance with 0.75966 when a window size of 16x16 and threshold
25% was applied. Subsequent studies will be conducted to compare the results
of this study with those of studies using state-of-the-art object detection
algorithms or semi-supervised learning-based Semantic  Segmentation
techniques. The results of this study are expected to be used to improve the
speed of the existing map update process, which was carried out manually for

the changed area, through speedy detection of the changed area.
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E E 73} LinkNetol] 9] Encoder Blocke ©]w] %] ¢] Feature Map ZHE 7]
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< Encoder Blockd] d4to® ZFo]E oln| ]9l =7]E Up-samplingS £3 Input
ojm| x| o] =A7|et FAZF oA E AMASA Hrk AA e FINFRE FAE7] ¢
3 Encoder BlockellA A ¥+ Feature map®| Skip Connection® %3] Decoder
Blocke 2 Agwm o5 %3&] Decoder Blockol A9 Up-sampling 2 A7|&= &
AR EAS HTshA €
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Encoder Decoder
Block 4 Block 4

F 3

Encoder Decoder
| Block 3 Block 3

L]

Encoder Decoder
Block 2 Block 2

F 3

v
+

v
+

> +
Encoder Decoder
Block 1 Block 1

Full-Conv
Max Pooling [(3x3), (64, 32), #2]
[(3x3, /2)] Conv
[(3x3), (32, 32)]

Conv
[(7x7), (3,64), /2] Full-Conv
[(2x2), (32, N), %2]

Input Image Segmentation Map

19 3.1 LinkNet Architecture (Chaurasia and Culurciello, 2017)

2. D-LinkNet

2 AT LinkNet 293 374 AF&¥ D-LinkNet Deepglobe Road
Extraction Challenge(Demir et al., 2018)9 A $-%3 R =& da=o HAY
FollA B2 HES BHog HAAE Bdo sdetth Zhou et al.(2018)2 949
oMol Lr2e AR AAxo] i kil BFe JASs ZHAAT oju ] A
A AL FENks AR et 53] als) it o] om x| d o]y g 540l kx|

A veb7] wjio] Ede] network’} & Receptive FieldE 7F& 4 glojofut o]

0

Of
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] AAE g&Hoz2 453 £ vt st kA D-LinkNet2 o] 23t &
%3 Encoder® T4 ¥ LinkNetol] Dilated

Convolution Layerg°] Tl F7ld 325 7FH (29 3.2).

Encoder Encoder Encoder Encoder
Block Block Block Block

D

3

g Conv

g Slﬂdx;‘;] [Max-pooling, [Max-pooling, [Max-pooling, [Max-pooling,

ﬁ 3*Res-block] J 3xRes-block] J 6*Res-block] J 3*Res-block]
Dilated

— Conv
Layers
[Cascade

— &
Parallel]

44
Transposed— Decoder Decoder Decoder | _|

e & Block [ Block [(& Block

3x3 Conv

Inding plowbis

19 3.2 D-LinkNet Architecture (Zhou et al., 2018)

7]1& Convolution 17 33(a)¢} 2ol 6x6 ZL7|2] 2D o|w| A& 3tF37] 9
3 Qo A BB gFslE Kernele] =77} 3x3Y A-$-, StrideE 12 AAs}
Al =¥ Kernelo] g 1H¥ o]sstH o|w|A& A gatA o) o= Aikel 9lo] <
q shaske] A BARE ne el asj e FAEEd dtel AA EAjst
T2 EAS uddy] o"y. s =22 AR F5317] 984 Convolution
9] Kernel?] Z7]E 719 Receptive Field®] =Z7|E =AY o8 719
Convolutions AF&38te] layerg F7}allof ghot. shA|9E o]k WS 1
AL el A&etA =W gFed dasgh Aibie] FUbsHAl wH= d o] AXITh
E3] Segmentation A @3] Pooling % Convolution 94 & Up-sampling< 3}
Al @k Output oln| Aol A &) HA af g7t WA Al Hol 317 Fre] &4
o] AZItH(Chen et al, 2017). 23 FE HAALGA A A B2 F5 Al o]8g A

Aol A £ 7] wFEo] D-LinkNetol Dilated Convolution®] AF& %t}

=

Dilated Convolution< 1% 3.3(b)2} %] 7]<¥ Convolution filter’7} &3l ¥4

o

Atololl zero paddingS F7Fste] Al 2 Receptive FeldE @& Wolt). o
>=
[e)

ARkAQl Convolution?} &L A4k v]8o =2 ¢ Y& 7|2 Receptive Field=
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delHE Agd o 7] wel ad=9o Garg el #8387 sttt

(a) (b)

19 3.3 Convolution¥} Dilated Convolution

Dilated Convolution< = A Cascade W2} (Yu and Koltun, 2015)3} Parallel =
2](Chen et al., 2018)2.2 A}& ¥ T} D-LinkNetoll A 18 34¢} o] 1, 2, 4, 82
dilatione 7}F# & Dilated Convolutions 1¥ Q&% o=z A2 S cascade
TZE T3 shol ™ multi-resolution feature? oS &3y 9o
cascade 2o 4709 nparallel gH AFAE Y= FE2E F3  Dilated
Convolutions A}-§-ght,

D-LinkNet®] Decoder H-i2 Al4be] @85 9138 LinkNete] WH & LA
g9ttt Decoder ¥ Dliatione] ZA3}&E<9 32x32 =7]2] Feature map< Input
Image®] =719 TU3 1024x1024 =72 EAS7]  98+e]  Transposed
Convolution LayerE %3l Up-sampling®] ©]F o] %t}
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32%32%512

139 34 Dilated Convolutional Architecture in D-LinkNet (Zhou et al., 2018)

3. NL-LinkNet

NL-LinkNet2 217 %e] wj/ld45 Eoli= Al 3|z $14 9ol A
ERE 38w FE37] Y& 71£ LinkNete +Zeo Non-Local Attention
Modules 493t mdo] a3ttt Computer vision =oFollA2e] Convolutione

Kernel®] ZL7|7+F o|n|A| & 385538t7] wfiEol Local Operatore] @@ gtct. o] 2 gk
Local Operatorg] 749 2 Receptive FieldE 7F#7] $#18te] o3& 712 Convolution

5.9 Pooling Layer® o|u]x¢] A7]|E Fo] 3 Ho| & 4 =
V9= %33]% WS ARGk gtk ol d WS AFEStAl W Layerd +7F

Solut Ak mgol Holubn] mug sAv)Y] olel gtk 53 mAdE Ak
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3 A 21 elel AA ol Ao EA ]
o Local Operator® =2 FZFof A&t A E Eul=27 HEsHA X
TE AT A 229 EAS & wkgstr] 918k Non-Local Block(Wang et
al., 2018)& LinkNet %ol 493t NL-LinkNetS A|¢t3} 3 tH(Wang et al., 2021).
NL-LinkNetel]l A}-8-% Non-Local Attention Module< Non-Local Operations
7lbko 2 AAakwtl Non-Local Operatione 2] 13} o] Alate ™ yi= £33 xe
A, 1= =Y A, v EE YAE 9ASE index, T & pairwise
=93 yo SA ie

AR jE st Askd AE ofn i) o

Gl Ere Az de dojx )

function, 3 Ci+= normalize = on| it} sid 24L&
9l

Az xo AA sk e mE

£ 53 ONN3b Zo] 24 2 /el 84 guu}, RNNz 2o] Atk oz y )

S mE gle] ohd BE XS med 5 e Adelth 0% Fd e 914
el BAE SE 5 A Ak
1

b= ey 2 o widoa) (M

Non-Local Attention Module®] 4% t& Fxox |4 dild & A=H
Non-Local Operations Block JE|Z 7% Fx2=2 Hojlow 17 3594 9
ZE5 HoFrh
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CxHxW

X

219 35 Non-Local Attention Module (Wang et al., 2021)

Non-Local Attention Module2 2] 2¢} 7o) A4t +=d] 2oA 9 z&= &= 3k,
v 2 191419] y, xi= residual connectiong 27| 3kt}. o] residual connection©]
F7td o ® <ldl Non-Local Attention Moduleo] o]n] Stz Rdlo]gli: ZF7ho

Fstel AHgdE 4 QA A,

z; = Wy, tua, 2)

NL-LinkNet2 <24 A3l Non-Local Attention ModuleS 3% Encoder®}
49 A Encoderd Hol AFQlsl #+x%E 7FXtH (29 3.6). NL-LinkNet< D-LinkNet
3 H A3 Pretrained Encoder Block3®} Decoder Blockg A}&3}™ ZF Encoder

Bloackell 5] A% Feature Map3 Skip Connections %3 Z+ZFe] Decoder Block
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A} Az 5} A% A
AL Aol FAA HFE AdEo] AP HT
Non-Local Non-Local
Local-Block 1 Local-Block2 Local-Block 3 Block Block
x3
5 v ol ||k sl B _3 s |H _3 gl [N
= MEHEE +IE[NH E Sl £ g2 + E[NB e 8s #ElLEE
2 & S = = s|olE s
3 —HEEE 3213 2 =2 13H 2 | ima 2|2 2 15 52|31 2
-~ > Kt k] sl § 5|5|2[1 S 5= 5|8 S € sl2 s
2 E 3|8 0IE & S|&||E 2 25 o8 [HE@ 25 LI E
B 3 % 5 @ b4 3 = & & 9
L) - o ud

Y

4x4
Decoder| Decoder
Qrensposed Decoder Decoder
= Block ¢-| + |<- Block 4-| + |<— Block <—| + |<— Block

3x3 Conv

indinp

19 3.6 NL-LinkNet Architecture (Wang et al., 2021)

4 . Pretrained Encoder

A 5
Aot olg g EAE Ast7] H5te] ResNet Held HES AL o7t o3
bl HASE 7187 A4 EAE $3kshr] sl AajE 2

2016). Skip connection -2 shortcut connections ARE3FA] &2 dukz ol CNN
Al AW (Krizhevsky et al., 2012, Simonyan and Zisserman, 2014)E< 2d U E£
a7 AR AAAFE 7127 &4 EAVE dowed ol 2E gerH e vk
A& QUlelEsty] g exqdn B8 F onlE 357 wolA Input Layerol
TV A FE v ko] Zobx mdll A A=A ev] wiitoltt o] g Al
£ ) Z237] 98l ResNet> 274 Wol Shortcut 725 F7Hgo2H B} e &
do] 8t5S ThsEtA skt ¥ 37(a)e 2ol e AW JHi xE
Ak y2 m@ste 3 HxE e Aol Z4oAthd ResNet 1# 3.7(b)A

g MENaY FEgel b HEF FoxE A&sshe AL B0 W

o

r
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Hk xT A dlEdsta F(xE 00 FHEESE ggo] o]Fojxm wheF F(x)7}
0ol FHEstA HW &= U8 BEF x2Z Zolx A Hrt}h oy Fx)E 2k
(residual) 2} A elsl o] A= #H A 3}sl= A o] ResNet?] 4 o]t}

X X
'S ™ ( ™
Weight Layer Weight Layer
\ J \ / X
RelU F(x) _ ReLU identity
'S N ' ™
Weight Layer Weight Layer
\ S \ v
!
ReLU +
ReLU
H(x)

H(x) = F(x)+x

(a) (b)

a9 37 AAY Fx 1lal (a) 7]E CNNe %, (b) ResNete] G-x
(He et al., 2016)

ool A A Al 7FA] 29 e Encoder® &z Shpo g FAE
ResNet % ImageNet Dataset(Deng et al, 2009)2 E3l AlA 8<% ResNet-18%}
ResNet-345 7} Edo] #8339t ResNet-187 ResNet-34% 3% 3.19F Zo] 5
GAle] FERE 7FATE ResNet-18% ResNet-349] ko] " o2 conv29 Basic
Blocks 27094 370 &, conv3® basic blocks 2704 4702, conv4d® Basic
Block= 2704 6702 =3 th= Aol Atk ResNet2 Input ©|W| A& 7x73} 3x3
2719] Convolution filterE %3 34+ 3 Max Pooling 14FS 3kt}. ResNetol A
o] stride= 22 AAE 7] olw|A 9] A7|7} Awto R o5 HwW, dAnt 3
Hol #7F solut owA 9] Ad = F oyt "ok & Aol Lt BARS
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oMol mRE

#317]

fal APd st5%E ResNet9]

conv3, convd, convhe &9 Semantic Segmemtation &l

¥ 3.1 ResNet T2 (He et al., 2016)

dlolo] ZF convl, conv?,
ol gt

Layer _ _
name Output ResNet-18 Layer ResNet-34 Layer
convl 112x112 7x7, 64, stride 2 7x7, 64, stride 2
3x3, max pooling, 3x3, max pooling,
stride 2 stride 2
conv2 56x56
3x3, 64 3 X3, 64
(3x3, 64)X2 (3x3, 64)X3
3X3, 128 3X3, 128
conv3 28x28 (3><37 128)><2 (3><37 128)><4
3 X3, 256 3 X3, 256
conv4 14x14 (3><37 256)><2 (3><37 256)><6
3x3, 512 3x3, 512
convo o (3x3, 512)X2 (3x3, 512)X3
1x1 Average Pooling

Flatten

Fully-Connected
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5. IoU(Intersection over Unit)
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19 3.8 IoU
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L s g o® o= Noise AE7F 2 Aol x3+d = vk o3 R
S AAs] Yt 2 AFAA A Ao Windowet Threshold dehH|H &
F7FekA ot Windows 2 A3E Window 7] wel v debn|go]a,
Thresholdi= Window 7] & Wrolxl ApE A atell sl Jurp dvp gl=x 4
et= mebn ol sgettt dE 5o ¥ 399 2ol 6x69 AT A} o]wA
o] windowZ 3x30.2 &3l & 4719 olnjx &2 Estdr} o]F Threshold=
05= A|gatH 2z} 3x39] o|w|A] <tell WA Pixel®] 7H47F 571 wwkd Al &
g ool A e EE Pixelgts 00= Xty Edd olwAsg & dd 272
T ol& Fal AT oA o] EAJsk= Noiseg A At AddAo =z Wty

=
=

=
=

20199 =2 GT

Window = 3x3 Threshold = 0.5

B -v==zed - omsxg [ - sy

(- ==
% 39 W3l ¥x Z=a s

2. Confusion Matrix

O
=
K
X
o

ska 7IRke] W3 '&xe] AT 2 Overall Accuracy, Recall,
Precision, Fl-scoreE &3 #H7bdoh Awgk ol 7FA ¢ #H7F %92 Confusion
Matrix2] 845 F3 A4rst = o A= W3} 292 P(Positive), 7l
3l %o N(Negatlve)oi Jolatiom o] F JMAE Xgste] 11 3103 2

WA TP True Positive®] ¢FAF= 24|

—LI

-i>
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BE gtk why)

2, TNS True Negative?] oAtz A4 wW3} x9S 1

23S AS-E ovslal, FPL False Negative?] oFxt= A A nmw3l x|
O

2 A By ALE @)

Predicted value

Positive Negative
Positive P .. FN .
(True Positive) (False Negative)
Ground truth [ ——
Negative FP - TN .
(False Positive) (True Negative)

198 3.10 Confusion Matrix

o
=

kA AW gk Confusion Matrixgs &3l ¢ H7F HE AMEE 4 Ao WA
Overall Accuracy: W3EA] Hoko|A 714 gl d oz AME¥E H7F A F2A
AA F8 23 5 W3t A3 vpdsA S Ak g gstA
el 2] 33 o] AALE T Overall Accuracyd A E4ko TN gk =, w3}
A s vl Aoz A deksk gho] Eofzirt nWsl X H9E ¥sgA ot
Hlsle] €53 B7] wjFo) Overall Accuracy® W3} 8# Ay=E Hrpe
el A9 AeA FEeA Hol BE H9-9 Overall Accuracy’t =2 o=
et A8S A Ttk

Mo
=il
i
32
rir
D
Ll
°

B TP+ TN
OA = Fp T PN+ TN+ FP )

Overall Accuracy®] @4l nWst 2 9E& FHelA 583t Fit2 Recall&
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Fa Bkt 4 vk 2 49} o] Recall> AAl WstE A9 (FEN+TP)e] W3} &
A Ao Wt A qoelet FA FA(TP)E Hl&S yed Axel sigdo

O o Ags] s Add o vk

Recall = ————= 4)

A%k Recall®] 74-¢ ®st &9 A7l tiii A os Wsted A 9(TP+FP)
o2 Yetd 4, Recalld 1185+ FN ghe] 0] =iz TP kol 10] ¥ o] Recall
o] 10] & 4= Qth= SAE 7M. Precisions F3 W3l ©§x AxE A Hrt
b Recalle] @S B3k 4= 9ok 24 53 o] Precision< ¥3 §A A}
oA WatE xHFolgt ©xH AAFP+TP) 5 AA=Z WA IS &4 &A(TP)
3 1 &S e A Eolth o] 5 T3 Recalle] 2 ez Jeludets Wsle
Aldolet g A9 F AA wWstE Aol EFHT] wEe] wES Fhe

Precisione 74 4 St

Ll

A

TP
Precision = TPL TP 5)

Fl-scorex= Precision®} Recalle Z&3sle] 3fi}o] EA X2 wkskal 3o 3
33t} Fl-scoreo]l A Precision® Recalldll ©¢3] H#S A &s1A & %313
S ApgEY HiS HEsA 99 5 F v e e g EE U A

7boEe BE MW 2l Aol =AU F Atk ol mees] 9

Fl-score= 2 63 #

g 7 gheldte 594

ol ZF Aofut Fl-scoreo] ¥ oz veld 4 <l
A

A= Precision?} Recall 1Fe] &SRB EAQ 845 & o] e 5 Utk

o

W

. Recall X Precision
F1=score = 2 Reall+ Precision (©)
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A2d 28 &7

ATE HYst =4 AHL2> 1 439 Zoh GPU AFE3sH7] €18l NVIDIA®
CUDA® Toolkit version 11.1& A}&3+91 2™ Python 3.6.13, Pytorch 1.8.0 374 <

7140 2 Deep LearningS 33 th

% 43 A% &4
T4 AL
CPU 12" Gen intel(R) Core(TM) i9-12900K
GPU NVIDIA GeForce RTX 3090
RAM 64GB
0S Window
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A3d A3

it usaL
Ny
_'g

2 =24 97 2%

FFAAA =8 AANGA td =2 5% Semantic Segmentation 2
s

¢l LinkNet, D-LinkNet, NL-LinkNetoll ¢]&] <a =t} A 2] Pretrained

Encoder® ResNet-18%} ResNet-345 77t &2 A&3tdom A oA &
wel 42 mmsy] Sstel & 449 2ol soldsterEg A4sn LA &
w3k
% 44 sho] v shehnl g
Hyperparameter Input
Image Size 768 x 768
Learning Rate 0.001
Epoch 500
Weight Decay factor 5.0
Batch Size 15
598 solMeuHE 48% 74 mdle 4% ® 45004 T 5 9
M =2 Aee Bl Bde ALH 853 ResNet-345 Encoderz A3t LmkNet(O]
3} LinkNet-34)0] 84.921%9% A%< H Sl LinkNet¥} D-LinkNet9] 7% ResNet-18
A% 7x2E 7F ResNet-345 /\}%5}91% W o o=

S ARESSE wrEYg, 9 42 4l
S XSS HYARE ol¢ w2 NL-LinkNet® 7% ResNet-182 Encoder® AF& 3}
s W 9 =2 Aes v 2 4112 74 2l T8 FF FE A A =
&3l LinkNet-349] Edlo] =z 54 =

=
Col WA N, T3 0 SAE e mun U & deaRes @ 4 o
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Model Encoder mloU
ResNet-18 83.697%
LinkNet
ResNet-34 84.921%
ResNet-18 83.662%
D-LinkNet
ResNet-34 84.516%
ResNet-18 84.499%
NL-LinkNet
ResNet-34 84.262%

) ® (@) (h)

g% 411 7 2l 38 A3 Pl (a) =8 AR A& )
NL-LinkNet(Resnet-18), (c) D-LinkNet(ResNet-18), (d) LinkNet(ResNet-18),
(e) NL-LinkNet(ResNet-34), (f) D-LinkNet(ResNet-34), (g)
LinkNet(ResNet-34), (h) Ground Truth
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2. 22 3% 29 stolA vy A3

R

2 oAFeld TP =S A S UE LinkNet-34¢] 455 1 Eol7] 98
stolH uletu] e H A 3E H83FAt Grid Searchs F3 2o mdlo] 713 F
sle slolyatelulEl o] A= F 4637 o stoluyetuly FH A
e ol EEl HT 0204% Y =2 85.125%9 Adee YHEMWTHE 4.7). 19
4129} 19 413S LinkNet-34 90| sfoldalng HAsE 9o Ao 64

Fe 4o B2 FE dys BojErh

# 4.6 LinkNet-34 3} o] 3 3} 2} ] g

Hyperparameter Input
Image Size 1024 x 1024
Learning Rate 0.0005
Epoch 300
Weight Decay factor 5.0
Batch Size 24

% 47 stolvevE HA5 48 A3

ENEEEELE
Model A g} mloU
48 oy
LinkNet—-34 X 84.921%
LinkNet—-34 @) 85.125%
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a9 412 F8 23 1l (a) =8 A9 92, (b)) BAFS S Ground Truth,
(c) &) e H A3} A LinkNet(ResNet-34), (d) st&}v] e H A3 &
LinkNet(ResNet-34)
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LinkNet(ResNet-34)
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3. W3 &x 23

S HofA] Semantic Segmentation R &S o]§3te] =& HALGFo| A &
2 H3S FE53 F M =8 AH5E 59 Rdo] LinkNet-34¢1 ZA 3} 3}o]
grE HAstE T3 LinkNet-349] &g =9 A& 3

stol s ghetul ] & A 3}7F o] Fo % LinkNet-342] =2 3

sk gA e Al el AR Ve Fell WEk 94 AdaE vagvh
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G AR AEstid 27 414(e)9F 2ol 22 EEE A E59 % Noise
7 EAEHA ™ ol& A ASHY] f8l ATl A= Windowet Threshold I}e}v]
HE A Ao HE3k39th. Window 7| 2x2, 4x4, 8x8 16x16, 32x32,
64x64, 128x128& H43t9131 Threshold= 2x29 A 7|55 este] 25%,
50%, 5% % A &3ttt ® 482 2 A o] Window$t ThresholdE %83k 4
7V A#E HoFrth Threshold®] 4% A8 7lES %9 vwre s HAAstqon
Window ZL7] 2x2¢]] Threshold 25% = AAPS F5 AAL st Me7t T 470
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=% Ground Truth €%,
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i 48 W3t ¥4 45 H7F A3

Window | Threshold A?:Zleli:glcly Precision Recall F1-score

At - 0.97008 0.55397 0.84288 0.66855
50% 0.97213 0.57622 0.83715 0.68260

o 5% 0.97697 0.64048 0.81333 0.71663
25% 0.97306 0.58689 0.83596 0.68962

4x4 50% 0.97845 0.66249 0.81142 0.72943
5% 0.98145 0.73015 0.76445 0.74691

25% 0.97833 0.65833 0.82076 0.73063

8%8 50% 0.98203 0.74404 0.75929 0.75158
5% 0.98215 0.80572 0.66065 0.72601
25% 0.98203 0.72891 0.79311 0.75966

16x16 50% 0.98248 0.81341 0.66272 0.73037
5% 0.97873 0.88895 0.46375 0.60953

25% 0.98336 0.79069 0.72798 0.75804

32x32 50% 0.97944 0.90618 0.47503 0.62332
5% 0.96947 0.93355 0.15842 0.27087

25% 0.98222 0.87777 0.58469 0.70187

64x64 0% 0.96771 0.93840 0.10512 0.18907
5% 0.96457 0.94942 0.01083 0.02142

25% 0.97014 0.89556 0.18773 0.31040

128x128 50% 0.96420 NA 0.00000 NA
75% 0.96420 NA 0.00000 NA
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X 4.8°14 Overall Accuracy® #H7} A %7} 7F4 =2 9+ Window 27|
£ 32x32, ThresholdE 25%= AAsAS w o™ 0983369 Hss e 3t
Auk =2 W3 Ground Truth®! 4.15(a)9} Window ZL7]E 32x32, Threshold&
26% =2 AAgstdS wWel A%l 4.16(c)E Pl HH Noise JHE0] 433 #1A

HAARE, AAH o7 WstE A5 AR 416(b)el Hlste] @Wol AMEASS
gelg 4 gt 3ol Al A Etsl X el Overall Accuracy 37F A& sta7]uk W
sb &Ael AgetA dvkd mst Aol AetA FEETE wile] vk A
sttt 3 48914 Overall Accuracy B7F 23%E HW & F X0l A d&2&

il
Egrste] BE HrF A37F 95% o] ddS & 4 vk wEbA Overall Accuracy
oF W3t §A Aes AdE ddd F glonw
he A g v ae)wofop .
Recall®] 37} A3z +X7} %2 745 Window®} Threshold7} |
i Lol sEslH 0.8428389] Aeg HAUTE AN 2 3l
A19] Precision®] 7§ 055397= 493 @S S 7HG. o] st A9t 2 o
fr2 29 415(0)9F #Zo] AdAo=w Wty A 9ol Windowet Threshold I}2hv]|
Holl ol #AAEA Zu BEE] Recall A& ko]l A7k Noise HHEo] A7
B A ko7 wiol] W2 Y Precision A¥ %S 7FA A "HUh o9k nig =
Window =717} 64x64, Threshold”} 75%¢%1 AejolA W3l &x= 3HA WA
Precision ko] 0.94942= 7}4 2 kS 7FA A vk o] AA Wiy A 9S50
AAE Fd oz e (0010832 Recall A X e 7HA Al Htt

Recall#} Precision®] A& R 4 9= Fl-score?] 7% Window Z7] 16x16,
Threshold 256% %= AA3tAS wWe] W3t &4 A7 0709662 7HE =4 vetstth a9
749 Recall?} Precision A3 %ol 729 747} 079311, 0.72891= th& =79 w3}
gAo] wlate] F o] Ao or Aol7t AA vA Fas ¢ F Atk I 1H
4.16(b)# Zo] 5Ug Threshold’t A-&H & ¥} &4 A< 415(c), 4.15(d), 4.16(a)
BT} Noised #Gstes ARES & AATS & & v} E3 Window Z7] 32x32,
Threshold 25%<%1 ¥3} &4 A39] Fl-score’} 0.74944%2 Window Z7] 16x16, Threshold
25%<21 W3} g Ao Fl-score9t 0.001629] #ol7} uvw Z olE& Holx] At

g

recision®} Recall A & 3

84 we #

Window 7] 32x32¢] A& A<l 18 4.16(c)9 ¢ A W3} x50 A A A¥d
A Aol AHE & 4 Jdoh wekA Window Z7]7F 16x16, Threshold 25% % W NoiseE
HA38 AATY Al Ws Ao JAS & FATS & 5 Uk
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@) (b)

(d)

19 4.15 Threshold 0.2591 412 Window Z7] ¥ ®3} &% 231 (a) Window
Ground Truth. (b) 2+ U (¢) Window 2x2, (d) Window 4x4
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(©) (d)

719 4.16 Threshold 0.25°14 2] Window =7] ¥ w3} €% A2 (a) Window
8x8. (b) Window 16x16, (c) Window 32x32, (d) Window 64x64
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T2 &8s FE2 T AdEE 9yid 7]¥b Semantic Segmentation X @<]

©,
Ll
N
rE
Hﬂ
t
fru
N
N
N

N
o

i
)
>.1

X
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w Qe st et g

1. =8 AAMAY ovA A =2 345 FE7] fs ¢ S NA
LinkNet, D-LinkNet, NL-LinkNet 912 <l Pretrained Encoder® ResNet-18%}
ResNet-345 & 2 &3l% Z3 ResNet-345 Pretrained Encoder® A}-83%F
LinkNet9] F&2 Z3}2] mloU”} 84921% 2 §U3 EncoderE A}H&3F D-LinkNet
¥ NL-LinkNet2.t 0.435%, 0.659% O & Aso BRIt 7M =& AsS B
9] ResNet-34S AF£3F LinkNet?] 2d¢] A58 © Io]7] 9a) 3to|wutaelng
HA3= 59 o Image SizeE 1024 x 1024, Learing RateZ 0.0005, Epoch-g 800,
Weight Decay factor® 50 12]al Basthc SizeE 242 AAsUS w 7]=
LinkNet =24l ®Ht} 0.204% U #2 85.125%° d5S Bt

2. =2 W3 HAE 7] fl& FFEr] BEAIEE 254 A @] &4
H A2 g2 A7]e =82 AHALG A4 ResNet-342 Pretrained Encoder®@ Ah-&
& LinkNet 9= F£3 L2 F& A34E L&tk 20199 =8 FALG A
T2 annotation¥} REZ F e S Pt AR AnE =&
5 & tpoksk zkel Window =719} ThresholdES %83 A3, Window Z7|Z
16x16, ThresholdE 25% %2 A A3} S wl Fl-score HE7}F A37} 0.75966 0.2 7}75}
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2 AE 7E AR AR A4 T FAYeR dH = wsay ot 34
& AToR BAste] g g om At wEA P £ de =8
QARG olm A s st w=r Wa gAE Fdst= Aot olE 93|
Deconvolution 73%2] Semantic Segmentation &2 FES =& GALG Aol &
stom 7z »wd AgFS vugk Ay ResNet-345 EncoderZ AF8-3F LinkNeto]
M S s B 2

ds AT, o] stolHutetnE FH A 7F o] Fozl
LinkNet-34 ®&lo] == Ay 2 7IHES 48RS NoiseE Al
A3st7] 913l Fl-scores

N3tgct. o % B8 QWY

Window$} Threshold d}e}v]Ee] #HAgks &
2o Wsty FEvE X3 A3E BAAT
2 F& 2347 100%] Bees z2HA 7]
T E2E AU=E FEA Z3As A5 vWst Aol W 9oz o'
Hol Wit &4 des Adtste SAES 7T BEgk AT A 7] Noises A A
3l7] 913l Window<®} Threshold I}2}0|H &
Noise7} A A= 71l A Wzt 2S99 A 2

T ATE 7E AL AR FAA 5% A9 284S dsto #
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S
>
o
>
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