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S E. WK PR, TATEH AR PNLS: Pl
PNLS (No. 15) ffki PNLS (No. 16) . ki PNLS
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N =10, BERZ A\ = 0.4, {K# PNLS 1250 &k
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(7 PNLS KB KN s = 0. W FHAMRAK PNLS
K, I8 [20] FIEEW, ATHBE T p=4 M ¢ = 16.
[20] P ESRER R WIAE p B ¢ MBI FEmE PNLS 7
B 207 H TR RE, X 5 B2
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(¢) LO [52] (d) RTV [54]

S

P

(d) RTV [54]

(e) RGF [57] (f) ResNet [59]

i

(g) VDCNN [59] (h) FIP [5]
Bl 7. DIV2K [1] HiE&EHHEIR “02617 @i AR J7iE4E 207 BE&
8

Eb A BATE I B PNLS k5 14 Fhos
1 B8 3 7R AT T g BE [31], WLS [14],
EAW [15], GF [19], L0 [52], RTV [54], TF [2], FGS [33],
RGF [57], fastABF [17], LRNN [27], FIP [5], Pi A
baselines ResNet and VDCNN in [59]. %} T & Fh b4
T, FRATTHR AAH R 2 1R 009 3l T 8 SR AR RS, A8
FH BN SHOR B AT S50 4 TR 2 J77%: LRNN [27),
FIP [5], Al ResNet/VDCNN in [59], BATHIEAATTHI1E
SCEFTIGR 7R, JRAR R EAIERATH NKS %
Ptk ERIPEREXT EATRE S HOHEAT 1RO X EE 50
7£ PSNR, SSIM [42], FSIM [56], FIALHRCH k4T
P

RS, JAE DIV2K ¥4 [1] (1000 4> EAAFH
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(g) VDCNN [59]
[#] 8. Comparison of smoothed images by different methods on the image
“0251” from the EPS dataset [59].

(h) FIP [5]
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I, BRATAREGE R & e MV A TS R R R
fit, [FHS7E PSNR, SSIM [42] and FSIM [56] - & &)
PG T EAI T RE .
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Click on a thumbnail image to select the one you think is best after the original image is smoothed.

Original Image

Method 2

Method 6

Method 1

Method 5

Method 3

Method 7

Method 4 (selected)

Method 8

10. BRMRSHPERNAGED. M F 12 8E,
Bz—. A

200

180 -

160 -

140

Ours ResNet LO VDCNN FIP

RTV TF RGF

B 11, 80 AL B AT IE N B E TR
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11 PNLS PEReBURI S N TR N Xt
AR PNLS foggmd, R 129, FATH PNLS 54
A N FRLSEF AT PSNR/SSIM/FSIM 45 it 47 H
B, fEEMR “S12_T06”. wLLEZ], A PNLS 7&

2500 (3/12)

FEAE— R BRI, 7 G BEIE I A / i A D92 G T 1 o R 28 SRR\ RIS R 77 32513 1
Rtk Mg, RS F— D BT N — et

N = 5,10,15,20 FItEM FHARI R L, UEH 7 3RA]
] PNLS TEAR[REACIRECT &1

VI. [ 4
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T 4 DMEBIEBAES: 15 XX, BB
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Ao EIXHL, FRATIE A 3 1A M T R A D R LA
M. FESEE, FATRAZE AR (6] J7iER PN 8
X3

EMSARTIHE58 5 700 R B R A4y, Rl ot e AR Db s
Az i) RN EE, AT PNLS K



(b) Input Image
27.96/0.5277,/0.7008

(a) Ground Truth

(c) N=5
34.41/0.9286,/0.9224

11

(f) N =20
33.29/0.9408/0.9505

(d) N =10
34.51/0.9511/0.9579

(e) N =15
33.89/0.9469/0.9569

12. ERAIN NKS FE B «S12_Toe” L, AWM PNLS EHSH N DA FE M8 LB B AT PSNR(AB) /SSIM/FSIM 4553,

#* 111
NKS ¥ii% FAAARSHM PNLS 197 PSNR (pB), SSIM i
FSIM. AT —KEH—ANSH, DTG HX PNLS BN <17 R

fuT=y i

Value 11 13 15 17 Margin

R PSNRt | 33.30 33.39 33.45 33.48 0.18
SSIM 1 | 0.9358 | 0.9371 | 0.9378 | 0.9379 | 0.0021
FSIM? | 0.9378 | 0.9392 | 0.9397 | 0.9396 | 0.0019
Value 1 2 3 4 Margin

PSNR?T | 33.68 33.65 33.59 33.45 0.23
3 SSIM 1 | 0.9420 | 0.9415 | 0.9403 | 0.9378 | 0.0042
FSIM 1 | 0.9440 | 0.9436 | 0.9424 | 0.9397 | 0.0043
Value 4 5 6 7 Margin

PSNR?T | 33.45 33.41 33.32 33.27 0.18
" SSIM 1 | 0.9378 | 0.9391 | 0.9388 | 0.9382 | 0.0013
FSIM 1 | 0.9397 | 0.9416 | 0.9413 | 0.9406 | 0.0019
Value 5 10 15 20 Margin

N PSNR?T | 33.31 33.45 33.08 32.68 0.77
SSIM 1 | 0.9206 | 0.9378 | 0.9377 | 0.9355 | 0.0172
FSIM 1 | 0.9166 | 0.9397 | 0.9409 | 0.9387 | 0.0243
Value 0.3 0.4 0.5 0.6 Margin

N PSNR?T | 33.49 33.45 33.31 33.13 0.36
SSIM 1 | 0.9361 | 0.9378 | 0.9378 | 0.9370 | 0.0017
FSIM1 | 0.9365 | 0.9397 | 0.9402 | 0.9396 | 0.0037

SHRREERE CPEIEG MATE (BRISED.
RGBT PEA(E B S BOK 3 i, [FIE REFEAL A
AR o 3 I A TBOKR (R A S I TRl At 2 S SR A 1 i ) ]
B EE 14, AR E R, PNLS 5 1 &
Jr, A [59] M5 BB TR T ©03477 R “04847 . HAT]
MEH], SN EUGAHE, B sRa T i B G R
FEH H AR XRIIRATH PNLS 78 M 415 1 [ 4R
LF R B T N R 4584

ElfgiasigsE. wiE 15 (b) fiw, SMAEE (B 15
(a)) MHLL, EHANEERERIAFURARE M. EIXE, &
AE I F2 38 2 7 57 Canny UZRT IR (4] 70 0iF
15 (a) A (b) HIiAR B G o T e X3

(a) Input Image (b) Input Image

() AT
13, IBEXXIEFEE PNLS JriExik H MSRA-B SOD ##f4E [41] MR
K.

() T

HORE T, RAEX ARG () KRR (o)
TS, B Canny G [4] SRINILZE (e
WRE| (a) PLFFEELE. WE 15 () F D
fiis, FATH) PNLS J7iEw] DL A EZ WL (F
Z# K 15 (b) MBS . Bk, f il
HFF Canny HEATMA [4] Be8 5 HIFEHCE I KA
(Figure 15 (b)) MIEMIERFEE (Figure 15 (d)) AIHT %
W% K (Figure 15 (f))»

Elf&HhER. JATH PNLS ikt al LA AT B R AT
%o A R BRTERE 167 . IELN [43] FraEi i, Al
WIS H PNLS & #0008 [31) KT EG IS, I
Sy HIRBE N EIE (a) AT (b) REXASHR (o) Al
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(f) B35 MR

VII. 45
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(a) Input Image (b) Smoothed (a) by Our PNLS
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