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Abstract: The attention mechanism and its variants have been widely applied in the field of image inpainting. They
divide corrupted images into complete and missing regions, and capture long-range contextual information only within the
complete regions to fill in the missing regions. As the area of missing regions increases, the features of complete regions de-
crease, which limits the performance of the attention mechanisms and leads to suboptimal inpainting results. In order to ex-
tend the context range of the attention mechanism, we employ a vector-quantized codebook to learn visual atoms. These vi-
sual atoms, which describe the structural and textural of image patches, constitute external features for image inpainting and
thus compensate for the internal features of the image. On this basis, we propose a dual-stream attention image inpainting
method based on interacting and fusing internal-external features. Based on internal and external information sources, we de-
sign an internal mask attention module and an internal-external cross attention module. These two attention modules form a
dual-stream attention to facilitate interaction within internal features and between internal and external features, thereby gen-
erating internal and external source inpainting features. The internal mask attention shields the interference of missing re-

gion features with a mask. It captures contextual information exclusively within the complete regions, thereby generating in-
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ternal-source inpainting features. The internal-external cross attention interacts with internal and external features by calcu-
lating the similarity relationship between internal features and external features composed of visual atoms, thereby generat-
ing external-source inpainting features. In addition, we design a controllable feature fusion module that generates spatial
weight maps based on the correlation between internal and external source inpainting features. These spatial weight maps
fuse internal and external features by element-wise weighting of internal and external source inpainting features. Extensive
experimental results on Places2, FFHQ and Paris StreetView datasets demonstrate that the proposed method achieves aver-
age improvements of 3.45%, 1.34%, 13.91%, 13.64%, and 16.92% for PSNR, SSIM, L1, LPIPS, and FID metrics respec-
tively, compared with the state-of-the-art methods. Visualization experimental results demonstrate that both internal features
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and external features composed of visual atoms are beneficial for repairing corrupted images.
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BN 8. A TCHEA U I, BEH I R B TR 3. Bk
PR B AL B S A B 2, =5.4,=0.1,24,=250 Fl
2,=0.1""%23 K S A Ubuntu 20.04 £ 48 3 F Py-
Torch 1.12.0 HEZR #1752 46 , A {4 i &k #.5K NVIDIA
RTX 3090 GPU (24 GB). S5 rf By A7 Il 24 A0 ik (5144
P RS Y 40 i %8 256 x 256.
4.1.2 LRWHEEREERFZE

Y N B /NI A B < Places2 N FFHQ[m 1 Paris
StreetView ™ G EHEEHAT VIR ANI . Hi, Place2
B A A 180 J1 sk Il 2k E% , 328 500 7K Ik (&1
1% TS ALY IS ARNE iF SR IR 55 365 A AN [ SR 3
. XEEEUR T R AR kR, BB I B R B TE
S BN R AR RE . FRHQ BUE4E 415 70 000 5K 38 5
AN TR A5 B LA ) 1 AR TR . AR SRS T 69 000 3K 5]
BAE RIS, J5 1000 3K 75 2 3 18 % . Paris
StreetView BG4 IR T L B2 1 B SL i 5, IR N A7 o5
[ 22 A T 014 R SR AR A e 99 45 5008, £ 75 14 900 5K Il
RIS AN 100 5K IR EZ .

AR CE T AR R R ER B E
Pl 1168 2024 g m b R TLY . Horf, CTSDG ™ I MISF! '™
JE R 18 2 UL T CNN Y4815 . AOT-GAN"*' 55
CANet " p5I4R H T 2 REY Ik BB ES RE BR3¢
B, LA AR B 0 R S B HE R
FRF G NS . SA SO 248481, PUT (Patch-based Un-
quantized Transformer ) 2 3, SIA T RmEALE AR
R . AH32% 5 A0 5 Transformer ' Ay 2 [X o
TR SE R F R 5|, 20 T NFRRHIE PR .
4.2 TE=LLH®

7R 3C R FH W (B {5 1 HE (Peak Signal-to-Noise Ratio,
PSNR) . 45 #4 #H 8l ¥ (Structural SIMilarity , SSIM) | F- 14
L1 R 4¢ | E5 B R AR L EE (Learned Perceptual Tmage
Patch Similarity, LPIPS)"™ F1 iy 55 4] 45 2 4f #5 &
(Fréchet Inception Distance, FID)[SSJE/I\TEVHGEE HiT
WrIEMGAE S I PERE . A =3 DSR2 10 U5 HIE 4 B
REAE J2 1A 5340 2 T A e RSB B R R RE . R 1 ROR
T % K516 2 J7 5 1E Places2 .FFHQ F1l Paris StreetView
BARAE L AER RIS R T 1B 5 45

VAT LE A SO R = AN B4 k%
B AR EBUS T L a0 R e . R R X T B S
Paris StreetView B4 , 76 = FPAS[R AL R T AR L7 vk
B LA T8 FRF 4424 29.126 dB .0.894 1.0.017 3.0.123 4
M 38.703, X FAA S A L br Wy W S . 5
CTSDG!*! MISF'™®'  AOT-GAN"®H1 CANet AH },, 4 3¢



%4 M WEOWIE: N AMEEIEZE B S Rl R0 i B BRI 05 ik 1299
%1 7E Places2 FFHQ #0 Paris StreetView #IB & _+ RE /735 1 BE L8
PGS Places2 FFHQ Paris StreetView
i 0%~20% | 209%~40% | 40%~60% | 0%~20% | 209%~40% | 40%~60% | 0%~20% | 20%~40% | 40%~60%

CTSDG™! 32.090 24.909 20.412 36.637 28.355 23.050 34.973 27.699 22738

MISF!®! 32.254 24.927 20.536 35.932 28.139 23.255 34512 27.827 23.084

PSNR | AOT-GAN! 30.761 24.656 20.202 33.675 26.476 21.822 34.552 27.566 23.010

/dB 1 CANet?! 30.583 24.474 20.254 34.527 27.876 23.084 33.566 27.789 23.344

pUT?" 31.546 25.226 20.565 35.087 27.962 23.168 34.521 27.960 23.423

ARSIy 33.406 25.669 20.915 36.824 28.773 23.600 35.382 28.354 23.641

CTSDG™ 0.971 6 0.889 8 0.711 6 0.988 9 0.9509 0.848 2 0.979 4 09119 0.7515

MISF!®! 0.9716 0.8917 0.726 5 0.9879 0.950 0 0.853 1 0.978 3 09138 0.766 1

SSIM | AOT-GAN"™ | 0.966 0 0.888 3 0.719 3 0.982 1 09325 0.813 8 0.977 6 0.910 1 0.764 4

1 CANet™! 0.966 1 0.885 8 0.719 1 0.985 1 0.946 9 0.847 6 0.975 4 0.9150 0.774 3

puT?! 0.970 1 0.888 5 0.728 9 0.986 7 0.951 4 0.861 8 0.977 6 0.9157 0.779 6

ARSI 0.9770 0.905 6 0.743 7 0.989 6 0.955 2 0.861 8 0.981 1 0.9213 0.780 0

CTSDGH 0.006 5 0.021 7 0.048 3 0.003 6 0.013 2 0.040 8 0.004 4 0.015 2 0.0375

MISF!®! 0.006 5 0.021 2 0.046 4 0.004 1 0.0139 0.0326 0.004 8 0.015 7 0.036 2

L1 | AOT-GAN" | 0.008 3 0.0227 0.048 7 0.004 7 0.014 6 0.033 8 0.004 8 0.016 4 0.036 6

} CANet™" 0.007 5 0.0225 0.047 8 0.005 2 0.0169 0.038 6 0.005 3 0.016 0 0.0355

puT?! 0.007 0 0.0223 0.047 9 0.004 1 0.013 6 0.0316 0.004 8 0.015 4 0.0339

ARSIy 0.005 4 0.018 8 0.0435 0.003 4 0.0124 0.0305 0.004 1 0.0143 0.0335

CTSDGM! 0.067 5 0.1826 03160 0.0320 0.100 8 0.202 1 0.046 3 0.1620 02705

MISF!®! 0.043 0 0.129 7 0.2499 0.028 6 0.085 3 0.168 9 0.039 2 0.1152 0.223 6

LPIPS | AOT-GAN" | 0.057 1 0.1429 0.266 0 0.0316 0.093 1 0.1853 0.041 2 0.1200 0.224 4

1 CANet?! 0.053 9 0.132 1 0.246 1 0.0357 0.086 7 0.166 3 0.044 3 0.1217 02222

pUT?" 0.044 3 0.1330 0.2557 0.029 9 0.088 0 0.178 0 0.0419 0.1233 0.2356

ARSIy 0.038 8 0.1212 0.240 9 0.025 3 0.078 2 0.1592 0.036 7 0.1122 0.2213

CTSDG! 2,611 14.907 50.397 4.023 12.871 27.535 15.010 48.153 109.652

MISE!®! 1.126 4.545 13.969 3.667 10.224 19.073 11.007 34.852 71.009

FID | AOT-GAN" 1.779 5.228 15.537 4.026 10.890 19.922 25.657 41.474 73.192

| CANet™! 1.558 4788 15.110 4.654 10.652 19.427 13.294 41.123 72.743

puT?! 1.209 4.904 15.136 3.709 10.329 21.248 12.334 36.544 81.057

ARSI 1.066 4.475 14.438 3.349 9.620 18.447 11.433 33.849 70.826

TE: T IOREUE MR PERBBRL ;| BN, PEREBRL LA R P BB R A

T EAE A BAEAE 40%~60% HERS R T A8 bRtE FARXES A& T WHAERE R SRR AR 3 A5 B,

BEr W4 T 2.98% .2.69% . 10.88% .8.77% F11 14.15%.
XAREE FASCOTERA T N ER AN A5 SR . 1
17 N P Nl A £ [ s Y S S B S 1
L1082 ) Pl ik AR AR R Rh T NSRRI Y
AR H0 R T R LSRR R SCRa e . 50U
T AN B B PUT A L, A SO 36 78 = A5 48
40%~60% HERS N AEAR R JZ 1) =AM F5 5 o3 il$e
T 1.5% .6.94% F14.62% , M 1E 0%~20% HEMS R T, $2 7+
W B A0 3K 3 T 4.45% . 4.54% F118.17%. 3% F WA 3¢
T B B X ek T BT B PR RE XA BT T R
JEAE IS DXk 1 BRSNS PR BE AR TH I Ry 2 L O

REAS AL 5 2 DX IR B A 45 F S H i L
4.3 TEMLLE

P 2 I AR SO i 53U e = A B e
PSSR . R AT EIR O —41, N B & T o SR A
Places2 .FFHQ Fll Paris StreetView 085 4E A& 255 .
P 2T 0l 2R AE R I T I S AR SO B B A R %
IR X I . CTSDG Fl MISF 1945 25 538 A7 e
AR, T E 2 (o) FE 2(d) 5 AT B 45 R R R
%5 [X 38k . AOT-GAN Fl CANet i 1& & 45 A7 72 00, 4
B 2(e) FE 2005 —ATH & 7 555 AT R BE . PUT
M6 53 45 ARSI, I 2 (g ) 55 DU AT v i £ AE i s
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EE 2025 4F

R Z N AR SO i i 16 52 45 R LA T i 114 S 3
AT SRR DI S8 DI (B — B, ST T LS
& . B, A SOk AE 2 i S A oL, T R
B S . AR, P 2 () ThES POA T Y B XA EL 52

N

-]

(a) WEAHIEIR (b) HLEUR (¢) CTSDG (d) MISF

(e) AOT-GAN

S S A TS A SO B R A A & U
TEH 0 22 SHIM . XA 45 T NSNS SGE BT AR
i TR 1 T AR B SRR AE 48 1 ORI 11
FAAE BRI T B DX, TR AN T AR IE AN AL

(/) CANet

€12 7EPlaces2, FFHQ il Paris StreetView BE4E I AR5 068 45 L&

4.4 HELICIE
AR AT AS [R) 71 o 2% 1 %o LG A8 2 Tk e B 2
T R =AY S — R E BRI R T
U0 A 52 R R 5 T 5 55 G A R A T Rl R
A B AR B A TTHR 5 5 =, RS A0 S 1
YIB IR FEXHEE ERE R . 5 TCRRR UL, T A T
B S I8 Y HE Paris StreetView 805 4E 4T .
4.4.1 ETRERB THEFLLE

AR A A AR G B T HEA T T B2, 43 )
B TREN1.2.3.4 58110, 5250245 A0 3 s . H
B 3(a) 2 B 3 (e) 435l %F L T PSNR,SSIM ., L1,
LPIPS Fl FID F. A48 A5, 07 WA 48 bR U, P fe
e, G =S8R BE B /N PR RO . B Rl DL

L TE 0%~20% F1 20%~40% HERS T, T=3 76 1A 5
b F U T SR U RE . BAK ML, 7E 0%~20% HiE it 4%
T, T=3m M KM L LR EFYEET
0.61% .0.1% .2.8% .4.38% H1 3.03% ; 7£ 20%~40% 1 i
RF L, FEHIEE T 039%.021%. 1.85% . 2.86% Fi
5.27%. JHE %5 N 40%~60% I, T=3 78 L1 Fl FID 4§
b BEUS T i it . BEE THIRE R, MEREZ B T 1%
M T=100F, HERE T BRI, 1O RO R (1) 2 850 Bl
THYYE RGN, T=10 S BEAH L T T=1 138 n
T 26.82% , B FE LS I 4 80E . S 80z LRE R
R . ah S 3 U I o A e R K VR B TR K B[
PERESCHETHR FRAG . JEF LR b, A OB B A Bk
PR TN 3.
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TG : A AR ESE A5 Rl 5 R0 7 ) R 52 D7 1k 1301

135435335 35382 t i

352 W
‘ | ‘ F%é“
I opass

28.24
27974
28.04
123.67I

23.64
‘ ‘ ‘ ‘ HT‘_L’_Z[?Z\W

T T
0%-20% 20%-40% 40%-60%
FAZES

(a) PSNR

PSNR/dB

0.0348 4 l " s 024 ‘ .

0.985 4
09811 t i
09804 09783

09210 0.9213

09204
s 09146
7 09154
2

0.7804 0.7800
0.

WW’_I]:S

T T
0%20% 20%-40% 40%-60%
R

(b) SSIM

07754

0.780 4

0.770

02356 ] l%

T 74.514
0.0344 4 023 74 70.826
0221302208 — |
0.0340 4 0.0336 Ml
224 71.541
0.0335 02 79
0.0336 -
TEE 0.1251
@
5001521 £ 012 a 36.226
& 01122 364 34748
0.0148 4 — 33.849
0.0143 o
0.0144 4 ]
11.492 12,731
0.0046 0038 0034 nd nam
0.0040 t T t 0.03 T T T 10 T T
0%-20% 20%-40% 40%-60% 0%-20% 20%-40% 40%-60% 0%20% 20%-40% 40%-60%
R R o
(¢) L1 (d) LPIPS (e) FID

=1 = =3 -4l r=s__]7=10

K13 1 Paris StreetView UG5 b XRTE I BR T 1) 11 il 525645 51

4.4.2 EHHYERLSCIE

T R E AR SCHR B A R AE SRR Y
B RME A SO N R R O N AN X
AR RRAE RS A HR AT T I R S i SE IR A AR
T2 iR, EE RN 4 PR . 22 PGS N REUE
TR FASCT R TREME . 4N EE
AR A A AR LS R AR SO 5 A R H A
SC U E B A5 T 2T o i 2R AE R N [R] SE 5
WE B G S5 R 5 AR SCUE 45 5 25 ORI X3, 54k
HE T Sy XoJ 07 i 46 HE DX 38 1) i R ] . AR SO ik = A
o5 E AT X, B “WIMA” | “W/IECA” Fil “w/IMA&
IECA”. HA“w/IMA” 4 T TIECA F1 CFF BB, IMA A%
Wl A RS R G ELEEAE B B 45 . “WIECA” KR T
IMA F1 CFF 23, IECA i 1 B4 AF R i RS 3% G 19
A WIMAKIECA” 5B T CFF AR (G i — 4~ ] 2% 2]
PR S A PR A6 52 R AIE RN A AS 2 ARRAE

FE2 P AT LB, “WIMA” B FAN 855 1 PE BEFE
0%~20% i R N B AR SR T T 037%.
0.02% . 2.44% . 2.18% F 1.27%. >4 & i 2 1 28 40%~
60% BT, “w/IMA”TE HA 808 L AR SO SR T
1.26% .0.85% . 1.79% .2.94% 1 8.79%. |- R &5 RF 0],
Bifi 5 S AR ARG K, “w/IMA” B PERE T R M i 2 . X
PR R “w/IMA " AR S G P RRAE A8 52 Bl G IX 3. i

G DB AIE R , IMA BT AR Y R SCfF B
Rl , AT P 8018 & 25 AT TER S5 0h5 . W 4(a)
S IUATHEERAE TS, “W/IMA” R BEIE 52 % 1 i) EARGE R,
DL AR P SRR 2 ] = A R R

I 2 55 BB AT, “W/IECA 78 T A 52 56i%
B ERE T RO W . BRI 7 0%~20% %%
B, #E L1 A1 LPIPS 4845 L4 5l N B T 12.2% F123.43%.
£ 40%~60% FERS R T, 3X P45 bt BE I R I 23501
4.78% F18.5%. T FPFEIEI , w/IECA (AR T
AN AL S AR A R 5 BB, P EUERE IR IR Y K. X
SRR AH LT AN ARAE | PR AE 1 A RE A FR AL 5
I XML S5 M S 20 . R, 7B 2 B/ MR ik 2R X
WS, “WIECA” 25 5 r= e fh s B 2255 . aniEl 4(b)
S DUAT M R HE T 7, “WIECA™ & 8 1 K 28 IX W AE e
52, LA SR RS BEFE R A B R B0

“WIMA&KIECA”TE LA bR b LA SCH 43 51 F B
0.63%.0.43%.2.54% 4.07%F16.9%. H5R“w/IMAKIECA”
HAE B AL & PN RSN AR AR, (R ASGE 2 — > 1T 2 )
PR £ JIAS A U5 AR VA8 B2 R AIE i LA 7 g 2K IX 35
5552 ICURAE 22 (0] A 22 5 . e AT, 120h i G AR
Pl A X 3 1 75 A B 25 R 3, AT S 8008 2 45 SRATF AR
PR 5 P 52 45 ) R0 AR 4 (e ) 26 DU AT HE 26 HE T
“W/IMA&IECA ™ £ 15 b K 4 T 19 230 618 2 R 1 €, LA



1302 CER S R 2025 4F:
F2 7 Paris StreetView SR E 3 REBLI BRI R R A%
L7 RS THEH ATk
w/IMA w/IECA w/IMA&IECA

0%~20% 35.250(-0.37) 34.536(—2.39) 35.191(-0.54) 35.382
PSNR 1 209%~40% 28.229(-0.44) 27.916(-1.54) 28.172(-0.64) 28.354
40%~60% 23.342(-1.26) 23.301(-1.44) 23.475(-0.70) 23.641
0%~20% 0.980 9(-0.02) 0.978 1(-0.31) 0.980 4(-0.07) 0.9811
SSIM 1 20%-~40% 0.919 2(-0.23) 0.914 1(-0.78) 0.918 4(-0.31) 0.9213
40%-~60% 0.773 4(-0.85) 0.766 0(~1.79) 0.773 0(-0.90) 0.780 0
0%~20% 0.004 2(-2.44) 0.004 6(~12.20) 0.004 2(-2.44) 0.004 1
Ll 209%~40% 0.014 5(~1.40) 0.015 3(~6.99) 0.014 7(-2.80) 0.0143
40%-~60% 0.034 1(-1.79) 0.035 1(-4.78) 0.034 3(-2.39) 0.033 5
0%~20% 0.037 5(-2.18) 0.045 3(~23.43) 0.038 6(-5.18) 0.036 7
LPIPS | 20%-~40% 0.115 4(-2.85) 0.126 8(~13.01) 0.116 6(-3.92) 0.1122
40%-~60% 0.227 §(~2.94) 0.240 1(-8.50) 0.228 2(-3.12) 0.221 3
0%~20% 11.578(-127) 13.070(-14.32) 11.868(-3.80) 11.433
FID | 20%-~40% 35.454(-4.74) 39.751(~17.44) 36.679(-8.36) 33.849
40%~60% 77.051(-8.79) 81.321(-14.82) 76.875(-8.54) 70.826

i T FORBEOR PRI 5 | R BRI MR RERRATE .

(b) w/IECA
&4 7F Paris StreetView £ FRR LR BB E 45 R L

(¢) wWIMA&IECA
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TG : A AR ESE A5 Rl 5 R0 7 ) R 52 D7 1k 1303

RS HSRBEAFAEROR] . AL Z N, A SCE HH Y CFF AR
Ptk s )AL 1] BE A AR A1 ol 2 DX 388 14y 728 1 X 4% 5
()57 A A T S8R 8, B M
4.4.3 MEFEFHTINSGEFEEHMELE

R FERE I 4 T 28500 S X8 5 PERE A 52
i) , AR SO TN 2R B0 SR EA TR i e g . s h B R
Iy B 2 7 Paris StreetView ™ B4 48 b 3#E 47 Il 25 F i)
W ARSI T A ISR )7 % —417E Paris Street-
View B4 b WO ZR o8 J5 1, 0 PR A0 o8 I 19 o )

PSNR
1.00,

096

2T

(@) 0%~20%

Paris StreetView

(b) 20%~40%

516 G AT 55 76 A0 A 500 4 1 b AT 5 09 — 4l 4y il A
Places2' ™' Fl FFHQMﬁ*E%J:J}fﬁ?ﬁIU”?% AR R
BOE A T 5k 00058 ST 0 8 S PERE R S . Sl T AR
UEZEE 76 BN 25 B B 43 31 A FFHQ F1 Places2 1 fifi
HLIEL 14 900 5K 8115 (55 Paris StreetView Yl 214 K15 %1
R —BO YIRS A2 5 I3 I 7 . LR s SR anfE 5
FiR 5 (a) ~ 5 () 53 5 3 7 FEFERS 22 1 09%~20%
20%~40% 1 40%~60% (& Z M fE . 50 fHa g
X 3843 ) 6 78 AF Paris StreetView FFHQ F1 Places2 EygiH
£ LIRS T .

PSNR

PSNR

(¢) 40%~60%

FFHQ Places?

K5 ONIEEE ST B2l ot 7 i B S P RE X L

NS T DU Y B AR I 2ot s i
B 5 1 18 5 40 R B0 4 10 Rk — 2, P RE AR 8
HBIL 95%. Rl Hh , 7F—LE S5 T B B R A i PR BB R A
SEELT . AN, SRR K R 0%~20% B, 5 Paris
StreetView 504 fE HH Lt , FFHQ 1 Places2 B 5 Wil 45
AL 58 B AE FID 48 b5 L & Z MR 2 o T
0.55% F10.48%. WAL, 1 40%~60% HIHE T R T | 78
FFHQ ZCHE 4 - Wl 25 9 4052 B - 7€ PSNR . SSIM A1 L1
Febr B2 R T T 0.29% .0.31% F10.6%. |- iR S 4%
SRAEHA , A8 BT A0 T 25 5 o e B S Ak , I e AT
B ECE S LT A R TR s R AL X £
FEAL I 5 038 o M S e
4.5 TAIHL4L e

R T HRGE BB AEAE SRR AR S 15 EAE
BTk, A% SO S 8] A B w, AT AT AL L AR S5 X
K D) H B R T T, e BE — e AR R At 0
PERG A v B B8 5 76 (T AR BT ) ) A0 T 4 P
TEMRRAE B, A2 i & TP ANERRRAE | DA R 2 e Py
ANRFIE XS T BB Z 1ER . AR SEEAE Places2 .FFHQ
F Paris StreetView FUIREE b 47 Bl iR B BRI B
H 0% .30% .50% .60% . 70% F1 100% , w_, i AT $i 1k 25
wE 6 R . B 6(a) RS B i B SE %, K 6(b)

ZE 6(g) IAFHIRERAMR TR NAE R w,,. H
H, w ERRAS A5 T B IBUE S R 0 31 1 22 ], 241
A 1(L060) 8L 0CH ) i, B CFF UK A1Jg
B S S PR E A TR AR R

K16(b) M AR PR 0% 4510 T AL 4]
BB AATAT R 15, 5 AR S (1) & Akl 72 10 ik
N 6(b) AT LI H, 58 4 IX B g AL B 44 76 0.5 22 47,
S DXk AR (B U B (2 K 0.5, X R TEIE & ik
DI, AN REAE 2 A B R, 5 N RRIE B A
7o, A AR R, e B S EE . B 6(b)~E 6(g) I
AR 25 S U B A R B AR A3 K w, SE U
X 38k 14 A5 T {1 Foe 40 P R AN AR (FE 0.5 2247, B i i/
0. X R YRR E BN T 50% B, PR A Ak
AR AE X S8 A DX B T RR A o — 2k MR K
T 50% , W) 52 A AH 9 FRRRAE UEAT EE AL . X — 5L IR 45
UL, CFF g% [ & N7 gk 47 55 AF 0 3k , DA 1T 52 2
5 AR AR AR B A . R b, AR K & 60%
i, NE 6(d) 5B 6(e) AT LI Y, w, 58 4 X 38 14 FL
HE B0 0, X 2 B S AN AR AE & A T i
60% i, CFF ¥4 58 2K 4 T R A& 52 R AiF 5544 52 4 IX.
B X T A R e AR 1 50% , T & 4l Ak
TR P Y S T A 38 CRF AU T N 518 5 4
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MR EAG S8 4 DX . b o B R W, 7 R 58 4 DX 3
S, AR A RS B R ) DT R R ECRA [R5 A48 & sk

L
M

AN ‘-‘l

el

: ‘
A\ »
(a) JEEI+HERD

(b) 0% (c) 30%

(d) 50%

I DI, SRR AE A 45 2 AR AT, SR AN T A R AR
HIA A

(e) 60% () 70%

00 01 02 03 04 05 06 07 08 09

€16 1E Places2, FFHQ il Paris StreetView £{## 48 I XA K w,, 97T 111k

5 #Zig

AR S0 o Y G Rkt AR AR 7 ST e I T O B
SR AR R AR PESNTRRAE , 7 o AR A b 78, 3
TR TP AR T SCHE R . e Al b AR SR
H Bl P SRR I 52 B il BB R R B 2 07
VA %0 il N RS T B N AN SS S E EI A
ARG TE BT, S T PR A Rl A A, SCBE T T
FEMERRFAE A A B Sl . RPRAOE B Ab 70, AR AR

B, TERFAE J2 T 2 [R5 i 4t R . A, e S 1Y
2% o) 5 R AR fR T AR AR R A A L 2E ST MK
W5 T 45 09 B0 HE 4 . FE Places2 . FFHQ 11 Paris Street-
View = AT BRGS0 S 80 45 R IIA SO kAL
T H A e ks  FE AR bR B R R T
3.45% .1.34% .13.91% . 13.64% F1 16.92%. & it 11 @l Fn
AT AL S, TE BT PN R AR AR 0 A AR AT 5 U
BRMTRRER G T B SRlE , 8 B,
AFAAE B, e [l 48 52 R A8 RS R AIE
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