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A study of feasibility assessment on
building UAYV inspection images and
developing intelligent image analysis for
automatic recognition of surface damage
of concrete structure of water and soil

conservation facilities
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A study of developing intelligent image segmentation
based on deep learning for detection on surface
defects of concrete structure for water and soil

conservation facilities

Abstract

The project proposes the domain adaptation based semantic image
segmentations which can be used in detecting the cracks on the concrete
structure of water and soil conservation facilities. These methods can be
also employed in inspecting the surface damage of images which are
obtained by UAVs with an automatic cruise control system. The
inspection targets of water and soil conservation facilities in the project
aims at the cracks in the concrete revetment.

In the first issue of the project is to develop an algorithm to estimate
the width of cracks on the concrete from the images processed in the
image segmentation techniques according to the relationships of photo
parameters of UAVs and the distance between camera of UAVs and the
crack on the concrete. Consequently, images are collecting from cameras
of UAVs, which can be constructed in a portfolio database in a way of
the temporal (time) sequences. Additionally, a multi-resolution learning
technique based on domain adaption and deep convolutional network is
developed for semantic image segmentation on the crack detection for

the surface of the concrete structure of target facilities. The domain



adaption approach is utilized in the design of the model for semantic
image segmentation to overcome the imbalanced pixel sets or less
samples problems. Moreover, a semantic image segmentation technique
based on domain adaptation and conditional generative adversarial
networks is devised in the project, which can be exploited in recognize
cracks to resist on the interface of shadows on the surface of the concrete
structure of target facilities. Therefore, these image-segmentation models
mentioned above can be applied in the detection of abnormal image
contents for the portfolio database. Finally, the project builds the web
site followed by Responsive Web Design (RWD) protocol, which offers
the operations for detecting the abnormal UAV images by these two
models proposed in the project. This realizes so-called the user-

experience playing.

Keywords : Soil and Water facilities, UAV Cruise Images, Image
Analysis, Image Segmentation, Semantic Image Segmentation,
Deep Learning, Convolutional Neural Networks, Generative
Adversarial Network, Surface Defects, Transfer Learning, Domain
Adaptation, Image Resolution Learning with Multiple scales,
Cracks with Shadows Inspection, Imbalance data
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h H
fov, = 2tan™? (—) =2tan 1(=—>) ;

2f 2WD
ov.
H=2WD tan(fz") ;
fov, = 2tan™?! (K> =2 tan‘l(L) ;
h— 2f) 2WD’ "’

ov
W =2WD tan(fzh);

d D
=2 -1 (—) = Y G
fov, tan 2F 2tan (ZWD)

TR 25N L BERE

H: Real world height. (mm)

W Real world width. (mm)

D: Real world diagonal. (mm)

WD : Work distance, the vertical distance from the lens to the
shooting surface. (mm)

y: Real world crack width(mm)

f: Focal length. (mm)

h: Image height. (mm)

w: Image width. (mm)

d: Image diagonal. (mm)
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wy,: Pixel width of the image

h,: Pixel height of the image

fov,: Vertical angular field of view. (degree)
fov,: Horizontal angular field of view. (degree)
fov,: Diagonal angular field of view. (degree)
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HED (Xie & Tu, 2015) ~ DeepCrack (Liu et al., 2019):#- % & ﬁ%l ad

Fffem BISE 7R SRR]D AL A BT Y G F R 1 E
¥ % ¢ B k- RCF(Liuetal, 2017)% ¥ HED > @& k- ¢ BT
2 B AR B R E 2R R AT R - FPN (Linetal,, 2017):F
# ¢ high level /& low level i& {7 ¥ #zg & - FPHBN (Yang et al.,
2019) ~ DeepCrack (Zou et al., 2018):< % HED - % & #f iz FPN =
FRE SR REM T RPN EFL A R o GCN(Pengetal,

2017)3% 147 /3 % #% 23 40 7 2 £ 5 (effective receptive field)®

P iR4F -5 4522 - DANet (Fuetal, 2019)51 » g1 & 4 #
Fo REANRAEY I 2B TR B g LB

DeepLabv3+(Chen et al., 2018) ¢ * ASPP (Atrous Spatial Pyramid
Pooling) & % % = R 4> ASPP £:E % IF ik 5 chz F £ 4 (Yu
& Koltun, 2015; Yu & Koltun, 2017)5 % % = & 3 #< - DenseASPP
(Yang et al., 2018):% & ## % i 4% (densely connect) # e *9& & ey
¥ % # = 2 ASPP - DMA-Net (Sunetal., 2022):c 2 DeepLabv3+ -

& 3 attentionmask - ¥ * >t2- 5 low-level 12 2 high-level # iz
# & o PCANet(Sang et al., 2020) 4 21 % & ASPP v self-
attention(Vaswani et al., 2017) =5 Vortex Atrous Attention #i-%e > &

i et T2 BB 2 dp ¥t B 2L - MFPA-Net (Jiang
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T L
*  Precision
precision(y,y) = 2i Y1
’ Nivivi + X1 —=y)y;
e Recall
Xiyidi
recall(y,y) = — —
iyviyi + 2iyi(1—9;)
e Fl1-score

2 - precision - recall

F1- y,y) = isi
score(9,y) precision + recall

* mloU (mean Intersection over Union)

Xiyidi
NiYi+ 2V — 2iyidi
N 2i(l—y)(A =) >
Nil—-yi+2%i1-9,— 20— y)A-3)

1
mloU(9,y) = > (

e Accuracy:

Accuracy(y,y)
_ Xiyiyi + 21— y)(A—-3;)
Xiyiyi + 22— y)A-9)+ X yi(A—=9) + X1 —y)y;

e DICE:
Dice(y,§) = 2% yidi _ 2ly n |
’ Xivit Xy lyl+ 19l
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— "UAVHBER G 3 BRI ERHAETR LAY
AAREP RGP & UAV BB 4L BB hdr chip #EiEat

(Work distance, WD) » % UAV & WD g ] 32 (7 45 3% > 103
VORRAp N e BF oL AR R AYE & dpikiEgLen
Bk oo Bote » Py de B ER R W T AR (pixel) ) T EE
FHBTA (mm) -

(—) pFEB G 2 TR %

..... : L L

- - = s

Imygpi=12,.. .k

With same resolution : wy, X hy

6 _______ Input the image into the 1
Lo L 51 crack detection model.
V=~ U
—I_ Img, Img,, 1l Img,, Img, i 4 -E
Ld
success | " | success fail fail -I_ -I_
Img,, and a crack with
widih y mm wDy WD, § WDy, WDy, SUCCCSS SUCCCSS
Calculate the number of Find the Imgpy,_, before the T T
pixel of the crack on the first failed fmg,,, which is .
Vo success fail
Image. which is np,. ordered by WD;.
Check detection success or fail

Bl 2-1 B9 MRS oD ok o e

APEWD T B Wow S & H hpes figir ol

-

Ao AR E RS T HERT AW R H
STI0EAL A G~ B S-dknp, (Number of pixels) » np, % § % % A 3
Y(Z £ mm)sB 2 & 55 thE (number of pixels) s 43 4 3

(B %3P A R it (730 w]) (R B onp, cnE = 3 pixel
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4o ¢ k2 & A& (length of pixel) ~y ~f 12 2 npyir%? TR LGB

MWD o TR B2 R RInp, 0 Y E] 2-1 5P R B AR o

v @ RIHA M ek K (np,) w2

Input: Img; ~f~h~w~h, ~w, ~y

Output: np,

Stepl:&7 IF WD T 4p &7 2 A -(WD, < WD, < --- <WDy)>
4| 2-1(1) -

Step 2: 2 7 7 FEEM A R e~ | > 4B 2-1(2) -

Step 3: 8415 5 4P I ffd » 4ol 2-1(3)F 4 -

Step 4: 7| i i 32 (7 1] > o) 2-1(4) -

Step 5:If np,, = 0>3H % - %P fdmg,,_, €np, < np, _ -
Else m «<m+ 1 > until m>k > 4B 2-1(5) -

Step 6:#-WD; ip # 2 ¥ i Img; i& » 3] ¢ 3+ & Hnpy;i=

1,2, ...,k » 4§ 2-1(6)

FBnp, 50 A1) 8 B GA BT AR AY (mm) > 2Kis > 41
PEART Ry P E BRI RY bl BT £ 1Y ST L
fro38:8(1-2) 7 E WD X & i Enp, ¥ 134957 I &5

HEFERB-E D e SR TR 2 1 ITEEAE
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m 7. Focal length. (mm)

= hy,: Pixel height of the image

= w,: Pixel width of the image

m  h: Sensor size height (mm)
m  w: Sensor size width (mm)

TSR AR R
= np,: Pixel of crack width on image

TG A R AR R S
m  y: Crack width(mm)

v

PR N (SN A = i

m  Ay: Crack width on image. 2> §® 2| 4 &

s  WD: Work distance, the vertical distance from the lens to the
shooting surface (mm)

h w
np, X h_p =np, X W—p = Ay (1-1)
14
X—=WD 1-2
fxa (1-2)
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ARAWHT SR> % 4k FEE(D TR WD)
AW B %R 2-285P plEL 8 HAMPIEE o B 2-35P 3k
% WD BB 2 F ki A7 o RAL(— )R T2 R A R R
Al W EEAEIIAE > @ 32 L Bk E labelme k
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BoF L ERE FEA

PIF-BRROS - ZAWERAROBRE D - 52 ik F Lnp, e
Lz Ilmm-3mm-5mm & f ¥ o g e A | 2 300cm
600cm ~ 700cm » Hnp, #E 3+ B 4o

Imm(% ¥ %)** 300cm(WD)

1.91050 + 2.90689

np; = > ~ 2.408

3mm(%] i &)>* 600cm(WD)

2.50200 + 3.10161

np; = > ~ 2.802

5mm(%] i &)> 700cm(WD)

2.81603 + 2.74591

nps = > ~ 2.781

TR T BN AR T 2 ) R EKE S AL RER B S
Hmp; € 5 415 UAV Z: a7 % dmp, = 72 F % < B 4L 5
S0 HABLEE @R Bk o] 55.22 X 3.92mm(w X h) » Btk ihE
= 4608 X 3456(wy, X hy,) >+ EFE5 4mm(f) > 53¢ (1-1), (1-2)

LEVENA AR ETARNE WD 2%dod 2-1o

Ay = 2.802 X 1608~ 0.003174
WD, =4 X 0003174~ 1260.24(mm)
WD; =4 % 0003174 "~ 3780.72(mm)
WDg = 4 X 0003174 6301.20(mm)
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o 2-1:F {845 50 5 Pl BB 1 (TEEGE
. + ¥ 4 ER Jp FE B R FEHRE
= 2 gl M
#REA R (4%EF & §E 4mm)

1Imm 1260.24mm
3mm 3780.72mm
5mm 6301.20mm

v UAV % 6] HEF @R Bt o] % 6.17 X 4.55mm(w X
h) > ¥t i§k 5 4000 X 3000(wy, X hy) » EEEL 4.64mm(f) > &

ALY (1P EFTENT R ABER T WD 4ok 2-2

# 2-2: UAV &L5f 5P| i 1 (TR

‘ UAV %3 3p R JEARE
2 v F W
RRHBT R (45 & §E 4.6m)
1mm 925.48mm
3mm 2776.44mm
5mm 4627.40mm

Bl 1 = UAV icdp @7 2 A K 5 A 2 1mm 2 2tk H 3p e
4L WD 4= F1JF /1 ++[300 mm, 925 mm] » 4z i 925mm -3 5% F-
P By i > UAV PR A v3rdo ] p e 5

300mm > vz RS B Y o

Bl 2: % UAV icdp &7 2 A K 5 A 5 5mm 2§tk H 3p e
& WD j= /8 4 >7[300 mm, 4620mm] > 4z i 4620mm -3 5%

B ARSI g

RIS W BN LSRRG U ST AR b JEAE
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Kvil,

b E PR R R R ARl 0 8 B R

ROLAR 0 M SHRRARP R RFBREREE L o

(=) BRAEE & B dpiied
FAERIE(C )P TR T2 T BRI AT E B E Bnp, =
2.802 405 B R ®Beh o % 13.3 x 8.88mm(w X h) > B % %

5472 X 3648(wy, X hy) » EEEE == 10.7 mm(f) » 56 5* (1-1)

133
FERGAR T RAY(MM) R JI*F FEHARR Ry FER
o L L x’;ﬂJZ—y CHERE R gE e fo 2B N (1-2)

P WDe H 5 o058 ™ > AR EF AT 5 60mm 2
100mm 2. WD - (¥ & B~#np, &7 12357 | & EF D & JE R P~ (7

e 4L Ep 2.1 (FREARE)

13.3
2.802 X

c177 > 0.00681

60
Dgo = 10.7 X ———— ~ 94273.1
WD = 10.7 X 5o =~ 94273.1(mm)

100
Dioo = 10.7 X ——— =~ 157121.
WDy = 10.7 0.00681 57 9(mm)
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B 2-4:% % & #rE R A (= 8])0.06m(60mm); (< B1)0.10m(100mm)
2.

Bl 24 S SR 2 1 (RERE(WDgo) o 2 1 (CRERLISS B 5
04273.1MM(E #) » % 7 JpHEEEAE S T |+ 94.2731m(2 )T
VAT 60mm(E K )2 Al R A L B dp e
BB S 18M(2 € )0 H o3 9427M(2 € ) 0 FE R ARAL(S )i

R T
ARASH TS EE T AL P T RS 2m 3 18m 5T Y

i HAp 4 60mm A sLangs s BRI B E AT

(W) FEERARRTRLFAY

Bds W R () R 3E 5 ¢ € X538 resize o 18 T resize

Bl') > SR FER A BB R B R4S B R
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Ei2EE M EIEH I AR T R TS TR AT
resize § 2 2P RW, X W, 8 R F 2 f#2 45 R wy, X hy2 & 7
b i (L-3) AW, ~ AR B S R G T
0Aw, ~ Ahy, (Aw', ~ AR, ~ Aw, ~ Ah, B 2-5 27 ) B F £
12N (1-4) B dinpy, o Bt 0 1 SN (1) E D Ay(mm)E 5 58 (L-
5)Fr+ HFF E AL R Ry(mm) o 313+ 5 AR G2 p i

(WD)2- B 2 5 R FE2HEP 40T o

/ Aw'y,
N " \\_IZ \
Resize 5 Ew', X h'p Resize $ 4% T
54 (1-3)
/7 4/
NI
A% w, X hy, TR AL R TR
B 2-5:Resize §2 ()£ B B2 %) 2 * IR %
! WP !
AWp=AWp'W—,,Ah _Ahp h, (1-3)
p p
np, = wag + AhZ (1-4)
WD X Ay
y=—r— (1-5)

f
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A F AR G2 (WD) B A TR R 2
Input: WD ~ w,, ~ h, ~w', ~ h',, ~ Aw', ~ AR, ~ f
Output:F 2 A 4. & R y(mm)
Step 18R] iplenl’ » G 3t resize A M B e X $hy $ht
AR AW G AW, E AR, -
Step 2:4| * [ 2 I'cf245 B &2 resize A M % cPAw', % AR, i¢ *
FA3NFERBGHE T X fhy fhihs [ Aw, % Ah,
Step 3:7¢ * ;X (1-4)¥ 123+ 8 M A Hehifk Bnp, -
Step 4:5 s 1% F (-1 B Ay fet WD 2 f g * ;4(1-5)F+
i

SR RARTRY -

=
P

TR G REP IR AR Rk
bl 1 Ee @i A L 24pixels o ® dpdE BEEdE A 4

3000mm > B Z A M % 5 59 1lmm o

bl 2: F e B A L 2.8pixels o ® dpdE iR A 4

7000mm - B)F A M 5 5 5 5mm o
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(Z) "EARB R ERARLTR

EAERRRS O R ANT IR ER -
WA R L AR R e B BE o (R R A -
Ko GPS T g Frrkp A2 KhZ > AIFfPRA
T By B aF R TR EROER -
BAEAZEIL: A0 UAV G RIw EER# i > dp P

}% E\!:\Lﬁ;‘ zﬁ/j: °

——me IS TP AN | G raatianes) cawt e L g s )
0.06 m Sy d

g 1
B o :

— e ——— —nra—

B e T o S

B 2-7: % 1 &AW 2@\ (%= @Q)GOmm ERE Ry (scfsﬁ{)lOOmm
R 8
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$of 1RESEESR
AR R 2 AR e EIER (WD) B R R AR R
L JLARE
Input: WD ~ x; ~x; ~y; ~ya ~Wp, ~h'y ~wy, ~h, ~ f
Output: g 2 A 4 & & y(mm)
Step 1:2~ 4} 5 #7435 d1ehresize 2 ik > #8521 resize ¥ ik
HAHE(RE) 23 kg ih(xg, y1) 2 (2, ¥2) °
Step 2: 41 * R B> 1§ f2 47 Rwy, X h, % resize 1§ f247 R wy X h,
fe & resize §2 5 A R AW, 2 AR i * 3N (1-6)3 &
HED R GHAR T BB, )2 (12, ¥2) -

Step 3:i¢ * M (1-7)7 3t B N H K HifE Tnp, o

Step 4:3 15 1% X(1-1)3 KAy o et WD 2 f @& * 5% (1-5)%

T ENFEHAET Y
., Wp. o Wp
X; = X] xw—}g,yi—yi XW_;S (1-6)
npy = \/(X1 —x2)% + (1 — ¥2)? a0

Bl 2-7 7 14 {347/ 5472 X 3648457 4 # » -k % §EHE 18m
SRR Fom M SRR 1247 A 5 912 X 912055 B
o WF Sy HRT e B A B (1), (02, ¥2) 0 £

R AR S B A R (16)E NS Ba A
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BoF L ERE FEA

R G e R (0, 1), (2, y2) 0 5B (L7) B At
e Rt 2 ek Wnp,(pixel) » E 2 HEFR TEER GGG
(pixel):& 758 (1)t b3 B - 3 FAy(Hd g wE 24 R)
£ % 1 (FRESR(WD)E BEE(f)L e F v bl E » RS E N EF

TR -
(1) mF A My =60mm 2. 4 % - H Resize B A
FAAE S (g, y1) = (393.2,324.3), (x5, y5) = (393.1,328.2):

w = 13.3mm; w, = 5472pixel ; h, = 3648pixel ;

wy, = 912pixel ; h,, = 912pixel ;
WD = 18000mm; f = 10.7mm

2 8
912 ~ 2359.2;y; = 324.3 X 912 ~ 1297.2

= 3931 x 2272 53586y, = 3282 x 2008 _ 13128
X2 =999k %910 ¥ 03 Y2 = 980£ X905 7 '

x, =393.2 %

npy = \/(xl — %)+ (Y1 —y2)* = 15.6

c177 0.03791 (mm)

15.6 X

0.03791 x 2000 277
' 107~ o°/amm
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Sl B B A R R S RSB G AR B

Fo0mm A LT SFE G E 2% L 63.77mm e

B(2): 7% 3-8 v A sy =100mm 2 3 4 B Resize B 34

A% (x), 1) = (453.1,328.9), (x4, y3) = (453,335.2):

w = 13.3mm; w, = 5472pixel ; h, = 3648pixel ;

wy, = 912pixel ; h,, = 912pixel ;

WD = 18000mm; f = 10.7mm

= 4531 x 272 _ 571865y = 3289 x 20T _ 13156
X1 =03 X1y T 01 = 380 X gy T '
_ 453 %2272 _ o018y, = 335.2 % o228 _ 13408

X2 = 912 Y2 T 9908 X gy T '

npy = \/(xl — %)%+ (y; —y2)? = 25.2

25.2 X £172

~ 0.06125 (mm)

18000
0.06125 X

107 ~ 103.03mm

Sl B! AR S RSB Y AR R A

6 F % 100mm AW s Sixs 2 FE %% 5 103.03mm -
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AERALEH G E 60mm A fe 100mm B s B Gt A

63.77mm - 103.03mm > F-£ ¥ 5 4mm H A7 B R

S kTR IR AR -
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1 |ori_img_name DateTims lat Ing lat_ori Ing_ori altitude
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WH R S HE o B 2-13 HP B E A dp 10 B R AR T
EERMAE I AR HP - A HEFRY 2R pED
FOXBEE LA AP - AR SE el AR R -

PHETIE  P pERE -

Bl 2-14 3P T4 08 2 XA GPS i Bl > 2 ¢ Hdh s
EROKIEFR FEMLIIFHEFTL GPS > BRME MG
® O E AT IR I GPS b 0 2 EhA T gL BB A

TR A @ AR Riedpi e s A %Y 0V LR

Na
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- edrBh i B WV IESIE L 0 A5.58x107°%~30.1 X
107 % B » 28 B F 3+ 4 & 70~300cm o & kiF = 46 friz
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latitude

le—5+2.39945el

CER N N LT

W 2-13: R B Mk AR R

UAV position (horz_10m_vert_10m_angle_45)

® calibration
start [ ]

® recording p

® recurrentl ®
g4 @ recurrent2 o <

® ]
o
71
=]
L ]
’
L ] L
6 1 .
L
L
[ ]
&
1 3
5 | o'd®
L]
a*".
p ®
=
4
[ ]
®
3 -
[ )
T T T T T T
0.00075 0.00080 0.00085 0.00090 0.00095 0.00100
longtiude +1.21034e2

Bl 2-14: i GPS # F ()L & \(2) % - <R

f:l‘ ﬁ)—bﬁ:ﬁ’(l‘}) ﬁ;’, - =% ’/@- Iﬁ.nifé {,? ﬁﬁ;ﬁ
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S P RREHAYRET N RBUAVE R ET 25 A K2 &

o

(—) % = AR A BHIR

p/o
regression
head

p/o

Cross
Attention

segmentation

——>
backbone head

—| discrimination

Bl 2-15 B on &2 B2 HA 4 0 ,"f#;f‘gé N A A A
BRFaFED BB e 20 3 QB f#347R > gt 2480 17
TR P ML plo R - ¥ HEe 3 = B4 L 1 plo regression
head ~ segmentation head ¥? domain discrimination head » 8 kL 4§
d backbone # B~4F Hc > £ & % i » plo regression head -~
segmentation head ¥* domain discrimination head 4 %|3g iB] p/o & -

o tjm BFERIE domain 2 NIFER] « B P Logg & B H ik
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3% S0#c~ Ly, 5 plo 5 regression 4F £ Sifc~ Ly 5 4R P i &
44 Sfic o fpt = & backbone ~ p/oregression head ~ segmentation

head ¥z domain discrimination head %~ %] = Ecpe~Dyp /o *Dseg ¥ Dyis©

()& & plo &

(b) M ~ plo %] (€) £+ @ - plo % =
B 2-16 1 7 ¢ p/o —_-?-L;?ng\% Bl

p/o 5 &_pixel per object =g - Hog xd - kP ik i

Bk () 55 et ik i o W) 2-16 B 7 4 I plo & 2 s
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B 2-16 () 5 f#47 & 5 384 x 2562 #: 1§~ B 2-16 (b) 5 %@ 2-16
(@)% T 347 & 192 X 1282 §: i~ B 2-16 (c) » #-B 2-16 (a)3
2 5384 X 256/ 47 B2 F e d 2 5|7 @R plo & ¥R
T2fRT R o oA A ()RR R ad Voo A AR NS
EEY P ploF B BB 5 R AT TR AN
2 B B AR
(2 % Sl Loy ~ Ly,08 Lyjs
MRALZAF L S0 E 8 B Loy B Ly 0 B Loy h B

Bijr a2 4F 4 Sodic > gt RAL Y @+ focal Tversky loss > H #_

E L

- ( TP )V
€9~ \TP + aFP + BFN
TP = z Yi¥i (3-1)
i
FP = Z(l — YV

l
EN = zyl'(l - )
7

~

# ¢ y % ground truth segmentation label ~ y &_3g P

—

segmentation mask ~ i ¥ A= L L2EEKE Fa=070=

0.3,y = 0.75 -
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s ~ Uniform(0.5,2)

'
X

Resize(x, s) —’M—" E

p/o p/o
log$ backbone regression
shared L head
M : Weights ¢ o
, x Et
Resize(x,t) —>T— Ep/o -

t ~ Uniform(0.5,2)

B 2-17 : plo & w §F 37 P18 )

PR RA(L) T At » B2 plo iU 47 £ & fy i 4 2 AR
Pk ol s ARm RO RT R o plo F 2 R AT S % T IR
o H A RALS B R - BRG] KGR plo F chip i
o Bl 2-17 3P B gindz o #9 x 59 B o st o B

Aol tsen e s xl,x AN A X BEsB R A ] 12

S

oo F

"8 plo F W fFaEA SR BE, o 7F R 1 Fllog$£1logt - A ¢
E,/;o? backbone £ p/oregressionhead s & @ = o B s > fI%* 5
t~logs&rlogts- ¥ plo & wFdE & S Ly, > B ¥ Ly, T ke

£ (3-2) -

112
Ly = la—a]

d =logs —logt
d = log$ —logt

(3-2)

PAT A S B § 4 RIS R plo T ST L 1 B

Y oploF2 Bicks T2 2 78 A214E3xploF o 50 RE
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1Tk

PUGRCE L g2 R T AL A 1B A §E(domain gap) ¢ A RAL R * 4
PR A R E 0 B wmE P 4 R (Ganin et al., 2015;
Ganin et al.,2016) - £ XA FH E L2 P R FTHE L B 5 D =
(X, Y)& D, =X, B9 X Vo2 X, 6 5 iR g & - ki

BB L p BB E L AR R ST R AT

_ —logd jifd =1
Lais(2) = {— log(1—d),ifd =0 (3-3)
d= {0, ifx € X
1, ifxeX;

d= D ;s (genc (x))

g{

H ¥ derd s u L AE s 4R 2x (domain label) 12 2 47 3 38
(domain prediction) - di% i #- backbone #% P~ cd% pici= i domain
discrimination head g p| H #1485 o pL*h » Fd = 0pF & 7 1k
xk p KiRAEE (sourcedomain)s s d = 1F & 7 82 haxk p P 147

£ (targetdomain) e T ** ¥ AF 8 p i hd 2 14 P RS BT R

4T

max min L ;g (3-4)
Eenc Dais

7 (3-4)F F Dyygie 9 T Fa 2| BIAR B HRZLA Egneie 598 ¥ TR

PLR % D ge P R T o
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+ it #r4; 2 e backbone i * SegFormer (Xie et al., 2021)+#7

N MIT-B3» a8 23 £ % 30 f7

Enkn

1§~ & 2. transformer
encoder - Segmentation head 12 2 p/o regression head B| & 133k
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|
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Bl 218 : plo & w iF 22 3E L4 BIHCH 2 W
7 p/oregression head # R shdr cf, 518 Cross Squeeze and
Excitation (C-SE)#i-ie 7 £ & segmentationhead » # ¥ 3% & 4 13f

BIE A D] plo FoendE e T e

1 1
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1 1
P !
1 1
’ : —>———+ MLP —»=——— Sigmoid !
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1 1
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CoxHy X W, | |
1
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Bl 2-19 3P C-SE -2 i2:zp SENet (Huetal., 2018): SE
e o i Bf) B R B Y B oo BT RE 0 B R0
i global average pooling (GAP)## 4 = #jics £ o £ % » il
MLP #-8 if 8 3 2 2 f 0~ R o B fd 0 54F sigmoid $f;,,
2 LEREARLA PBA BB D [y WA T freg W~ B HtD
p/loFi > EmEd iR ARGFEL AL o

(4)" sk B &
RRATUF B 22 T RACT o5 A 129538 (3-2-4) 0 311 7
TR B iE Dy o 45 F 0 12-17 (7308 % 2 37T Lygis o £
% > 18-23 (7315 plo S endf X SilkL, , ~ 24-27 (A3 EE R A B
R A B Ly 0 B 0 3B R A Sl T { AT, Dpjo B

Dyeq iE £ ° AlGOrithm 3-1 2 7 3 R Eenc, Dpjo ¥ Dseg 77 42 °
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Algorithm 3-1. The training algorithm
Input: source domain D, target domain D,;
Output: model {Eune , Dy /o» Dseg » Dais }:

1. Initialize weights of E...,Dy /0, Dseg » Dais »

2. Fori=1,..,Ny, do Il Ny, is the number of iterations
3. /l The domain adaptation part: train D,

4. For j=1,..,Ny do Il Ny, is the total steps for updating Dy
S. (xS' ys) ~ Ds;

6. x; ~ Dy;

7. as « Ddis (genc (xs));

8. at = Ddis (genc (xt));

9. Compute L, according to (3-2-3);

10. Update weights of Dy, by minimizing Ly ;
11. end

12.  // The domain adaptation part: train &,

13. (xSl ys) ~ Ds;

14. x, ~ Dy;

15. 625 < Ddis (genc (xs));

16. dt < Ddis (genc (xt));

17.  Compute Ly, according to (3-2-3);

18.  // The p/o ratio part

19, x~X,UX

20. s,t ~ Uniform(0.5, 2);

21. x,x « resize(x,s),resize(x,t);

22. 10g§,10gf < Dp/o (genc (x,)):Dp/o (8enc (x”));
23.  Compute L,,, according to (3-2-2);

24. [/ The segmentation part

25. (xSl ys) ~ Ds;

26. 5’\5 < Dseg (genc (ys));

27.  Compute L, according to (3-2-1);

28. /I Compute total loss and update the weights

29. L« Lseg + Lp/o — Lyis

30.  Update weights of &,,.,Dy/,,Dseg by minimizing L;
31. end

() R SRR G
ARATR Y YRTRL F RRTRR A D RFRE

# @ kBT 2 Bp (khanhha, 2020) #7532 ch B L 3E & A 2 7
FE S PR ER A LR T & (ARDSWC, 2015) 1 4 1

Bt ® H B LA B B 0 IR IR T B B kR F
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RER T B
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T A A=t g 6m (22 &) 0.636 0.425 0.504 0.645 0.994
€3 P e A2 2.3 10m (43 %) 0.559 0.229 0.313 0.591 0.995
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A F G i R T AT EOE SRR AT 0 b
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L4tk precision recall F1-score mloU accuracy
RIFTH R
kT A 2~3m (115 5R) 0.559 04 0.382 0.62 0.975
kTR BE BEA 'E BE Tm (48 &) 0.671 0.298 0.409 0.627 0.994
TFALGp A=TEELE 6m (22 %) 0.638 0.361 0.453 0.644 0.988
€8 £ 42 2L3 10m (43 %) 0.497 0.203 0.271 0.579 0.994
26T A& 2 AR W GRIR TR & b ot 78
#E4pth precision recall F1-score mloU accuracy
iR
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(B)HE # % = B HFsat v
% 279 > =i Models #g7 H & 5 = RHECR| e EfE - &t

G- FE A XY 2P X e {PRF}AFFEESRE P AT
precision ~ R % 7= recall ~ F % 7+ fl-score ~ Y € {2,7,6,10}%*
RIEFTHE 247 T-RT A 2-3m, ~7 47 TkTPpe jE
AzPEEETM, 6 A7 T osAdp ActiEE® 6my 210 27 T

ERFE AR EE3 10m, o

30270 B8 5 R RECAZ kR

Models p-2 R-2 F-2 p-7 R-7 F-7 P-6 R-6 F-6 P-10 R-10 F-10

deeplabv3 0.655 0.334 042 | 0485 0342 0372 | 062 0322 0415|0206 0.163 0.166
hrnet32 0.684 0302 041 03 0183 0.202 | 0.395 0.144 0.201 | 0.05 0.086 0.059
segformer 0.587 0.362 0.416 | 0.445 0.334 0.367 | 0.547 0.296 0.368 | 0.409 0.261 0.302

proposed 0.692 0.487 0534 | 0.714 0339 0455 | 0.636 0425 0504 | 0559 0.229 0.313

&

% 2-79¢ > Zif Models 37w # & 5 = RHEA n L4 - &t
G-l R XY 29 XefP, R F} G R P £ 57
precision ~ R % 7+ recall ~ F # 5= fl-score ~ Ye{2, 7, 6, 10} % - i8]

BEME 2427 TkT Y 2-3m, ~T7 &5 T/kTRe jede
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iT% VQVAE mﬁg?] o T RRIEFTREY - BMLP R 5k

K i3 3¢ o mask # 3¢ 5 — 5% RGB <7 mask (maskiage) i ¥ mask
Y. ﬁi%l » 3| VQVAE: j255 d k cnfl iffl 58 ¥ — BMLP -1 %2
% ¢ RGB # i 5 mask B 2-30 5 # ¥ MLP,fcMLP 12
FH o Mg s P (X kaggle) s mask - M i% i MLE, #& 5
maskiage(Y;) o £ % » &Y. %J »3Q, 18 D HeF, > F, & B 2% engd
HAR R T) %0 75 % (codebook) 42 3 & ) o 4p iy endd i o BN F 1Y
CEIE=F: I :Jé:uﬁsﬁg?l » 31Qq % FIFE R Nk > KEMLP 1
6P R B M o B EIE 4 S N (4-1) kB R
MLP,4vMLP -1 -
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¥
MiB, \

MS
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Bl 2-31 5 i mask #cH B2 e X, 5 B B o

Fi B g et BB i — B MLP * & 57 iR R G ot I
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¥
-
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Da EME o X Ae Xy » 2 Ffep @ 2RRIE 3 fe
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min Ep,[—log L] (4-2)

BF [ el 7 % cpatch AT ™ fe S ah 5 48 o Ap 11 e
pe SRR I I i L :xzkfsgrftgﬁ] ~F Qu P FE RN
maskiage(mask =7 RGB 8% ff » il if #icle 27 W 8B ) o B 15 » VIl
ﬁs?l > I DFE 4w A HAREE % I(real)fr O(fake) 12 3+ & 54 (4-3) -
FHiEEF I N4-3)F L RF ~pfeDenfg £ o T 7] Algorithm 4-

143050 i = BRANF -~ pfeD) i Az -

rgrrlgl max Ex, [logD(?S)] + Ex, [log (1 — D(?t))] (4-3)

Algorithm 4-1. The training algorithm of the crack detection model
Input: Source image dataset D, and target image dataset D,;
Output: The weights of learned networks, 8, 84 and 6p;

1. Initialize network weights 8z, 84 and 6yp;

2. For iteration<1to Ny, do//N;, ismaximal iteration
3 (x5, M{)~Dy; x.~Dy; I~ means sampling.

4. Iy « F(x); I « F(xp);

5‘ Fs < Qe (H(Ms)),

6 I, —Codebook(l;); I, <Codebook(l,);

7 Y, « Qu(1):Y, « Qu(1p);

8 Compute the cross entropy loss;

9. Compute the adversarial loss;

10.  Update 85, 6, and 65 viaadversarial loss & cross entropy loss
11. end

(2) R EH b
kAR Y F AR S kaggle R R 3 A e

EdmCrack600(Mei et al., 2020) 3 #+ & ° 4-® 2-32 (a)f=(b)#77 -
B 2-32 ()3 B e s H 23 a B 2-32 (b)#ed 2 B ifd %
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BEE oW 234 P RS HEY T REA BTG L
mask o § 5] R o s Bg B2 R 0 T OB I RIS R ¢
LR AR (B 5 R 0 4o 2-34 (3) ~ (b)fe(d) s % 45
g4 oo ApgRz. T o Bl 2-34(C)F AR T L F vk A E
Y fok B B P M -

B 2-35 2 UAV R BB s tid% -d B 2-35 %
TREAIALIMBN AL P RFHECRT TSP R
] o B 2-35(@)fr(b) 5 TEE N A Bl % 0 S % BT T
g BB T AR AGE) S Ao B 2-35(C)fr(d) & fuk enA R i
AR BB A E TR R G A Bk R
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Bl 2-35:7 dp R et Al 2% % o ()KL A 2~3m; (b) kT £
BE_A='E BETm; (C)£E £ 8 428§ 10m; (d) ™ 2FAldp_A="% F 6m -

(Z)KHI 5’{;; A ﬁL
A3RALE * loU 4r Dice 5 #F 8 Holocii gk 0 A w4y

T A g it vt & CNN ~ (Tsai et al., 2018) ~ Ours (w/o D)fr

Ours(w D) » % 2-8 Zfo ~ HE V8% - LB 4 28 VH R >

E:0y

AL ERT o Ad4EHR D e E (ours w & w/o D)Fe(Tsai
etal, 2018)shE t F % £ 7 5 ¥t B CNN 7 { 4F cdyg o

b R enT FeainT > B CNN g 2L £ > ek
B3R B e ic A 4 > DS o) s fjf‘uﬁﬂ ¥ 5 > F4giE (Tsai et

al., 2018) friZ } 4 » Devviiy o d P EET Faoo FRG § A

Feehs A5 2 g de 0 F 4o » De FF G OOTE fRAR AL

% 2-8 Bw AEELESE

w/o shadow w shadow
loU Dice loU Dice
CNN 0.73 0.72 0.46 0.42
[Tsai et al., 0.78 0.75 0.58 0.55
2018]
Ours (w/o D) 0.77 0.74 0.62 0.6
Ours (w D) 0.78 0.75 0.69 0.65
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