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A denoised method by fusing recursive auto-encoder decorder for
Monte Carlo rendering image reconstruction

LU Juan, CHEN Chunyi
(School of Computer Science and Technology, Changchun University of Science and Technology, Changchun 130022, China)

Abstract: Aiming at the problem of artifacts and blurring in the noise reduction results of generative adversarial model,
a noise reduction method for Monte Carlo rendering image based on generative adversarial recurrent auto-encoder is
proposed in this paper. On the model, the multi-scale convolutional coding structure is designed, and the multi-scale re-
sidual auto-encoder model is used as the generator. The feature extraction at different levels is realized by combination
connection, fusing the feature information of different receptive fields. The designed recursive residual network model is
used as the discriminator to judge the authenticity of the Monte Carlo rendering picture and improve the network per-
formance in the confrontation. In an end-to-end way, the auxiliary information features, the noise-containing Monte
Carlo pictures and the pictures with the sampling rate of 8 192 are input into the recursive auto-encoder decoder for noise
reduction. Experiments show that the average peak signal-to-noise ratio of this method is 32.44 dB in the test scenario,
which is 4.80% and 3.13% higher than the generative adversarial network method and the residual network method, re-
spectively. The average structural similarity is 0.92, which is 2.54 % and 1.01 % higher than the existing two algorithms,

respectively.
Keywords: recursive residual network; multi-scale convolution; generative adversarial networks; Monte Carlo render-

ing screen; image processing; image denoising; deep learning; auto-encoder network

s B 2021-12—-06. 4% H kR B #5: 2023-03-24. /vy . N
EETE AR R R R H (20190302113GX). VT PRI 2R PR A 1 e, 2R B 4
SEAS1EE : PRk, B-mail: 2306915844@qq.com. ARG E LA Bt | glim g 52 AR | BB

O (HBERGL 7 ) SR IR A


https://doi.org/10.11992/tis.202112011
mailto:2306915844@qq.com

518 % B OB A

NN
N

% it - 460 -

IR IATN R RSNy I DO s o e 1
T G 11 TR MR RS P R R VAR 2 R 5B 1 Rl o
BRI R SRR P A AT IR L, b5 4y
B SOH R, 10 Lehtinen 25" $ A FH P45 46
& () Metropolis Y4k BR i 34 1%, 38 o B %1 K
G BEME, SKf# Poisson Jy FERk & EIMG . 5 2 Fh
J7 % R SRR R T Y ) AR AT AL R
Rousselle 257! #2 H JL F9F 7 %58 JE % (non-loc-
al means, NLM) 1) & M50k, % 05 4 R 1 L SE &
15 MR 7S TR R R I R B A G, 2R AT B N
UETE -

HET IR R WGP R 2 S Vg vk 28
o3 R BT I 8 U S E O B T vk L BT AL T
] £y o W 1y 30k TR 5 145 3R 000 1 oo ey 9
Kalantari 25 F1] 98 0 % (14 450 T 1 5% - 1 2 ] i
MRS 2 [A] Y OC 2R, BT A — B 3 T U8 I A% 1Y) ) 4%
B, 2 B 3L T 2 2 BRATHLEL AL (multi-layer
perceptron, MLP) J5 ¥ X} ) [ #F 47 B M, 4 1)1l ZR 52
RG2S AR O AT 1 3 5 B I S B0k X HoAth 3 ek
ATREME S 32 kA [ U8 0 S A R i o Ak B
{Edn 4k 7R T A5 8 B 2% R R BR A . Meng 45"
K FH S EAG T  28 R figf DR B A% R B 1 T 75 Ny 5 [
R, 207 AL HE R A RV A B B, B BOR
MO A MLP 925, 1] FH 4 B 4R i S0 A 24 (5145
2 1) S PR DR A ) A SR

Chaitanya %[5] PE RGN B g i 5 18 R M
B, 48 S5 1 SR R RRATE P A G R I 2% S5 44, [
B R Bk BR 45 b i 2 i is 2, H 2 MR 2
TR ABLRR AR, 12 O 45 A Y o B oA A X 5 Sy A8 Y
Yy s w17, [F) ) ) FEREL A B R AE 2R AT R R 5 H %
J7 ¥ B X B[R] 3 1) S I 2 v 1) Pl o2k MR it
SRR WS RS T R 1 G I 4 e 0
125, 12 ) 285 A58 B et PO Ak ik B 32 4 1 1 e A A A
R A AR A R A BRI £ AR Sy ) i) A5 Y
R Ak FRAMC R A T Vi 4 A e B e, (R B
XFiZ SIHOMI 5e . Vogels 25" # H B FAZ T 11
B R 28 A AY 27 1 R FH U 4 R 45 ARTRR A 2 R
25 () i B A B AT T Ak 3L, 3% Ty 2 A FH R R A
G i 25 B IR SRR AE, DL K Ao FH 25 T) T R AR
PRI % 1 5 SRR . Wong 261 B TRk 2%
W) 6% 2 6% 52 IS 1 T P R R R 2 ik A A TR )
LR BE Yy AN 52 R T AT REME, AT RE s Rk
SUIE ORI = QTTTTRONE A o= S i L R A T
3 A0 R 25 DR M 458 ) . Xu 267 488 R A
JSURT BT 0 26 A5 AU SR A7 M, 2 VR 5 A MR S Y
RGB B4 53 25 R 55 1 2 59 B 14 (diffuse ) Al =y S &

& (specular) , [F] B4 A B A5 EAE R P28 I 2509
O, Y g 5 25 0 AT UL B, A AR O A )
XK £ 5% G B 1) 6% 1) 2 50 A T W B I R 3R A S EE A
J W W S R, 320 T OB 43 1Y) B TR AN
SRR R A T B A P

EFXF U-Net H 2 fith ] 25 45 54 4b 38 RGB Fl
Bl A5 BB 2 S B Ok 52 R 2k ASRA B 42 5 ) i o 391) o
SEF R U BIGAREE 23 Bt 25 I 28 R B 1 A8 Ak 2
AL, TR EURRAE B BE S 2 B . A SO —
b SE T XA G UH S A 25 19 S5 I i % 1 AT
By o B S W i I v w2 D AU DS I RA 91
PR 7E R RE ) B 5 T U-Net #5141

EVEEr T e T

1.1 EXFEE

LS > WM 7 1 2 A MR 7 I T 1 2
2 1) [ A ) P00 246 v 2 57, TG A5 30 05k A 1 4 A
AT M, R R e R Y

1 N
¢ =argmin— » (", g(X",0)
e NZ; g

A 0 JE BRI R A, (X)), X% ),
XY, PR N MINGREAR, R85 W ; 8
o 5 TR T A5 B g(X7,0), €C)FRIR IR pREL . P2
B rp fift B B 4 B A B R B TR |k ) i R R
RAF AR SC W) 45 4B Ay e M G B D 6% 3o 0T 1)
LRI [ Gt B X 46 SR P G % R K50 i B bR 5 B
S5 14 5 345 30490 iy 1 o Tt o 1, R R 5 R T R T
] AN B AR BN 2R M AR . aniEl 1 TR, Bid
FEZRSE 1 %8 43 R ] U-Net [ 2%, HEZRHS 2 37 %
FRUR BE 186 V5 G I 3 B 22 I 4% K 5 A MR 7 ) T
Y ji] 17 AN B A SR S B A A A, ) FH 4 R pR 5K
PE IR 2 FRAE, A 05 pR EICKS RRAE B B 5 2
2, 15 B A L K RS SRR’ R
HEATRG, B I A 3] 38 I 2 HK A R i 28 1) 4% A
Y HEAT IS, BT U-Net S fif i 455 80 v 42 7E
IR

D) MU FEAN RS 55 B AR E
B, A5 TR0 TG 3 AR i AR A A5 L AT I T A S, I G
IR %,

2) TEHEAT IR 2 R F 3R BUR REERS, 25 5
o0 i) G 55 B RRE, SRR RS S BUE B
PRGN, AU B

3) FEMRE A LSRR IR R T, 7538 R
I TET P 2 0 BT 1 i, 255 30 T ) T TR A
BES, S B0 i BUASOR A% ),



- 461 »

FRR, A R I ST T A 0 58 I TR A R R 5 U

4) IR ZE M b SR 2 2 S B S N

M, [ It 25 B MR It B 3~ 9 46 ) A

Ak b g ey,
AR £ R Y % R R
WA RER
sz ik /4
000 -
% ¥ Inception i it
S AW

JSEIES

4

22 RUBE 1 U A1 1 A

&1

o~

8192SPP

5% 7 B RS R E 52

Fig. 1 Frame of fusion recursive auto-encoder model

A SCER R AR )84T 2 RO R, FRRE
{5 BHEAT AlA, B2 7 i {5 S 0T & 0 Ak o
o B A A R T A, SR R A B K AR 2
(maxpool) 177t £k (avgpool) B T %, #4725 [H]
AEFE RS, PR S22 )25 2 i A = 17
ez, 38 T R R TR TR AR 2SR
BB FoRFE, WD BGIE S 0y 405 &k,
[Fi] BN 398 10 skip Bk BR324 1) 5 =Xk O B I TE 2405
P TR B2 Bk 2 ) 25 A AR A Sy 3 1 3 2 A R 42 - I
ZhRIKHETT o
1.2 BAMLEHEER

TEVR L % 2 W 2 s U2 ehr 73 44 5% 1 IR 1
2 VR B 1 T Yk i R o W [ L, 3% 1k I 44 S BRI
I 2 3 35 fig J) ME LA, B 5| A 0 2544 7T LAAR
B O AR R3S TR R AR SO R B B 2 I 245, 2l
HEIE 38 A S5 M B4 & Z B U2 A LReLU ¥
1% PRER, 38 VA A R AR B0l T, A0
— N3 A B R KR S WS BREL Gf(0), B IRBN S
1 RS IH RN

Froi=Gy(F)

Ao F, 3ROSR ¢ Wi A GB VA 4548 1 RRAE &, B
2T R I I S50 T, ff 22 A I 4% )2 AL
1B, BEf% 3R 19 B 4T (%) ) 28 FR K HE I, [m] B ik, 21> 90
SRR

R It 2B H G A, BB
A0, B — A3 H 5 B 4 BT (recursive CNN unit,

RCU), WA 2(a) Uiz, TE9IE G R 245 W 45 2 (1]
RAE B i A B RRAE B, BB R 4 B 28 Y 4%
BT RRIE . BB RUZ M BB KRN
3x3, 7E RS CNN s, &3)2 0% s 1B 50Ch 64,
W 2% fdfi ] LeakyReLU J0 36 pR&L, JEAT 3 26 %
o BT 2E B AE R NI 2(b) FTzs . 38 A A
WS R, Zead TR VA ERAE, XS A M s
) 00 7 A T AR M A B, oy AR R T ) 0 T

N
w5
ZREE ZREE % C%;?iw
éﬁﬁjﬁﬂj\ffiﬂé GaU 5" S = R -
Concat

N
’@
7
4

LReLU
Concat
_»@_\ = = =

(a) L35I LS R A B R 2 I 46 T
YIS

EH
(2x2)

EM

LT (3%3 B+ B
BRCYD S on Log 53)
Y45 LReLU LReLU P LRel. Yk

/{.\Concat Concat
TR

B (2x2)

B
(2x2)
(b) B IHFE 2= 2h g

2 BFM S

Fig.2 Recursive network structure




LERCE i

o>
Ny
N

\\:ka\r
=

I <462 -

13 Hh4mEMDER

Sy ¥ 5 U-Net [ 4 b5 W 25 85 7037 fL R ), #%
U-Net B 5123y 4B J2 | 5% 25 B )2 A i )21
I 45 ELAT 10 R0 o 2« T 4% 5 A BB VAN [R) 1) 52 4

% T TR A M, X SR R B T G R A iR
R
1) 4it% )2 Encoder

DU 3(a) Fiw, 551 2w h 2 AR
REBRZE, 1 b2 b2 14 ReLU
WG R 5 1 2B BUZ N 3x3x32, 5 2 246
FUZ R 1x1x64, RHZ RESREE, A T2
A B BUERMGOAR TR R SE B 15 B, KRB
ST RLA, ATARAS S AF A FRAE o Ak 2 R A K
At AL AT X Ak 1 O 2, EAT 28 R 4 R R A
IR A ERZ 2 ML 278 42, k)2
K/NHK 2x2 FEFZ 2x2%64, stride BEEH 1,
2R AT —1k, f HE0E 25k H ReLU #R%k
b7 1186 BE T 2%, FJm i Concat |2 #EAT 4%, 4
S A B ) 5 — 2 W Bk 64,

G] B AL+ B
* (33)

gk

/
~. Concat/
Sy /

P

o RN
!
///, \\ II
2 LA /
BN+ /
WG
ReLU

R+ G
(2x2) (1x1)

(a) Z B HGLL5

_____________ BRBRIES: (Skip)

B (3x3)+ i

g'-ifglll 1 BN+ i M

% ReLU _— Y (2x2) Yk

Concat Concat
— }.
‘ TENIfE BN+
B % ReLU
B 2x2)

(b) Z R BRI 251
B3 #EPAKERER

Fig. 3 Recursive residual block structure
Q% 2~4 JZ i 2 XA 2 DA R E K%
BUZ 1A AB)E 1 A H— 162 1 ReLU B
JZ o 52 A gL B A BUZ 23 Bl O 3x3x64
Ix1x128, 285 55 2 A G i B Al E K0 128 5
3G YA BUZ 55 O 3x3x128 il 1x1x256,
53 JR A B SOBE R 256, A 4 )2 TGk

R 3x3x256 Fl 1x1x512, SiEEECH 512, #iik)z
MR/ Jy 33, W RIEH 1,

2) 5% 2 25 4 (resblock )

i 3(b) Fros, 75 H g i 5 o 3G 0 5% 25 Pk
ITALE L Rk 22 Bl 2 DB RUZE Ol 3x3x
512, IEWIEAT ReLU SUE R AL, A5k 22 Bk
A IERCH 512, Wb K E N 1. BZE
AV —A4k, {8 3800 J2 2% FH ReLU p& EIC BT 1 B
FEWH K, )5 B Concat E TR .

3) fi# % )2 Decoder

(D fife 1 25 o) im0 17 A7 30 JRL, A skip 1977 2K
HATRHE G BB . S 2 AR IR BT
J7 A6 25 o) 4 B R 1738 5L, SR H skip Bk BRI #2119
T AT R A7 B =, BT I 4% 41 5 [ B 1 g
J1, BRUZEE N 2x2x512, W K& E N 2, il
TEHCH 512, A SE B3 — AL H ReLU B R4
LR A S AT RRAE AR B Rl TR
M 7% Jo

QFEH 2~4 JZ MR, TR /N5
R 2x2x256, 2x2x128 Fl 2x2x64, fiJ5 fi i Soft-
Max #1750 o BRI FR AR,
b SRR i i 2 B R AT I8 L, s R R
FJF RS

Gt i ) 4% DR i A\ 1 MR P s A S R AR e,
TE 2 WU 75 oy 28 13 J2 AR 5 K1) FH M P 1o T 0 4
Bl (5 5 A 1 [T A 2 R B MR AR e 2% . ZR LT
iR, 7 U-Net H gufth W 880 1, 3650 2 ROEE &R
FIVER A B Rt Ak 0T 349 3 Ak R ORI A B 1Y 58 B
B, T2 I AS R T gk 22 it i S 8L = . TR
B J2 0 FH R A8 R R A, /b MG GA S T 1)
i Lk
1.4 HWEFIEER

TEA I 52 R I AR 8 IR B T e — 4 1 S,
o 2 MAHPL S R B — 4004 . i Jemic %
JEEE 1 RS R AR AR B, Bz fE R
PR-AF 3] JLAT 28 v X (G-buffer), HARAERI5 B M AH
IR M A AR B (k) i RO 3 TR B 4
HE ).

WK 4 firR, AR SCS2%5 SCHR (9] /4 B (5 Bk
P, R RT3 (3 4E), TR (1 4k) FEk 1) &
(3 4E), in b A B B (3 4E) B3k 10 4E R0
AFHE . X TIREAR &, H I3 —16k [0,1], #
ik A P 5 SRUE B A B A S X S A 1 TET 1Y) A K
4, 35 bathroom . classroom. cars. room3 £l stair-

case 1% B {E AT



* 463 - FRR, A R I ST T A 0 58 I TR A R R 5 U 55 34

(a) B fn

(b) AR (o) TRE
B4 HWEER TG

Fig. 4 Exemplary diagram of auxiliary information
L5 $RKEL
o0 265 455 70 114 iy H 45 SR FIVRH L 19 2 2% [ 18
ol A% SR A it 25 8 % o™, R
B R AR PR Lan'
rrgn mngGAN(G,D)
ki BE 23K % D IS BUH, 1 Loan B
K, SRIGTEE DR G A5 Lo BB e/, HA
iﬁ:ﬂﬂ[zu
G" =arg me mngGAN(G,D)
Kot G R A LA PR IR A B8
M DK, &8 G BA S B R R 28
Laan(G.D) 15 0
Loan(G,D) = Ex_p, [InDX)]+ E,_p, [In(1 = D(G(1)))]
Z_EE: q:‘ : EX—PX%‘%E—_\‘%%%IE{%#ZIKE/‘J/EEQ’ Er—P,;J:[ElﬁﬁEm

EURFEA B IR EE . SR PR Lo N
Ly = 41 Ly + L, + A3 Lgan

Fo, Ly RRFRAE R FEIRZERUR, L, WRRBUK,
A Ay R A3 A S A Sl Rk ek R fi
A>T 25 IR AT, B T i R R Y B

2 EBRERG AN

A3 HITE 8 DB A LTI AN
M, B e o 22 0T Byt -+ Je 5 DL PBRT 6
21 HIEEREWIMG

I RE R A2 e Bl 46, [ T 8 35
5t, 43 %]J& bathroom, car, classroom, house . dining-
room, bedroom , spaceship Fll staircase, & 5
7N, BRI B A 1 482 TiF £ 1B 1 A PETE Y
P, W 1080 TET ) 93 B R 4 R 1280%720, Horp & A7
W 7 ) 4% 1 TAT 19 45 3 SRR K20 ) O 256, 512,
1024 F1 4096, Z7% il I 15 2 RAFECH 8192,

B 5 HiE&
Fig. 5 Datasets

AR LG H car. classroom, staircase . dining .
bedroom Fll spaceship 3t 6 ~37 5 AE Ry Uil 25 5 B
£, S P CRFEECN 8192, e & 02
45 45 P B9 bathroom ., house Fl1 PBRT V& 4437 5
Y classroom, room3 Fll car2., H T &4~k 37
SR R RAEBOA R, A SCOR XA FHER R T iy
bathroom . houseCKFE%L A 512) Fil PBRT & 4L 1) 3%
S AT T, SRR AN 1 TR

F1 ZHRHE

Table1 Experimental environment

SLH IR S5

BT Think Station P920

BERS Ubuntu 18.064<
CPULLBHEES  Intel Xeon Gold 5120T CPU 2.2 GHz x56

GPU NVIDA Quadro P5000
Ui|R2=BSE 7S Pytorch
CUDAJfiAS V10.0
WERER Python, C++

22 FMEERERSHIZE

2R SCFH 6 {E {5 M2 FE (peak signal to noise ratio,
PSNR ) ) 145 kg 4 81 i ( structural similarity,
SSIM ) 4 Sy 52 % 7 12 e A R 445 R 1) % LAY
HALTE AR . PSNR XM 75 BURK, B2 T 5 iR
ZEWHEMWIRZSE . — B, 2 PSNR KT
28 i, I A J5 A 2 i AN 2 KB W, AR 35~40 1, A
RILTF BB 25 . SSIM LI MEEN
HRL /N B SRy B R AT X HE, SSIM B HU(E Y [l
910,11, SSIM {H i =5 2% 7~ e Mt i 17 T o 0 55
PSNR 5 X H™

2" —1)?
RPSNzlolg(( M ) )



518 % B OB A

S 1 .« 464 -

K n by 8, M Ry B EUG AR W IS G 35 7 1%
%, SSIM i X K™

Quapy +C1) 2oy +Cr)
(,uf(+,u§+C1)(a'§+O'y2.+C2>

s, M op, Fom BUR IR P MEH, 0, TR
2 & BRI B 7 225 0, il 0, 7R R R UE 22,
C,=6.502 5, C,=58.522 5,

S R 45 B AR RE ST, (4% B Y
ERETE, A SCR F 1 e B2 4 R B T e Bl AR
F7 LRI S o AR SC ) 45 50 R0 15 % J3E 3 2 1Y)
2 PR TR A o X 4% A R A AL SE R . PSNR AT
SSIM 3 AN J5 T dE A7 %) b o AN 52 56 48 1 %) 1t Ak 3
(batch) K/NHy 5, B YN ZRE0R B 100, 2 >)
Py 107", YN 29K 6 h, 7E Y Zhad 72 vh & %t
PR PRECR U AR 2250, e SURCEE 2500k 1.0,
2.3 HEhIIE

ARSCRE AN B i IF S5 44 1) H Gt 2% I 28 3517 78
RS2 I A0 BT, R P MR I S % i i A B A R
AF) G 45 bl gk, e T RS G 1 3 B
I} i & bathroom, MLAEALR AN 6 T, AN 3 5
SRR PR L 2 L O 245 o W SO RARR 7 A 3 U 45 A 1Y
H 2t ) 4%

Rgs =

@ ikt

®MC (©DAE AL (©Z%
TE G FEiAY
(b) TH IS (bathroom)

@ st

O TLES
() I AL (bathroom)
Ee6 HEIIWHER

Fig. 6 Results of ablation experiments

© A

el Sl S N U R R LSS R
26 b PR R, BRI AR E AR, N ik IA
SEAE N2 356 9 25 74 ) PSNR 4391 4y 24.553 9 dB #il
27.913 2 dB, SSIM {H 4352k 0.796 6 F1 0.861 5. 4k
TPEROCRIT &, i 5 Y M 45 455 R0 i a) & 2%
=
2.4 Wrsgk

TR JBE 2 2] o) W 7 1) T S 17 R W B, 5 5 R
I LR JE A AE R AU B A S5 R R, TR
25 1 2% RE A% B 4 b S N X — [l 8, &1 7 45 T ik
ISR ) £ 455 A0 3R A T I 25 s ) PSNR B a6 AR IR B8 b
HHZE, FfiZ5 epoch LAY I N, I 2R 22 RN UE P2 22
I s, 2k 3] 100 BF, PSNR U84k 29.5 dB
2o AT, UL RN gt A,

/m
3
24
Z
%)
A
26}/ — I
j -~ R
25 . . . . .
0 20 40 60 80 100
Epochs
B 7 s gk

Fig. 7 Diagram of convergence curves

2.5 MERFMITMIEIR

Ry 50 75 W 1, 53 B A SRS AU S L At 4SS 7Y Y
R Mg SR | AR S BIORT Ll 9 B3 Dk 35 B 25 I 4%
R FIIE F U-Net SRy LAk (1) /0 28 R 43531 SRy SC
ik [8] A SCHK [9], 1% H 3% 5t M classroom, room3 .
house ., Fl car2, [ M 5 (140 5 25058 R KT 8 BT/ o
SCHR [8] FF E A BT, AL R bR AR R S 1 R
REFEE B EAL, 80w = A th 52, i SCk
[9] X i [ #4742 R A5 B DR 87, 28 T Jm 4
T, ATy ¥ 3 R ) [ A ek 2D A R
P IO W 7 i TRTE AT S AL, FEAN T OR AR Lk
% LE SCHIR [8] AN STk [91 AR 48, 7] Bl Jim 8 P 2 i
S, 19 3 = AR

AR 3L B 0 37 5 43 5] o e 2 B A
PBRT Vi Q¢ p T . b, 36 2 R Jm 5k R %
Ve Y% 1] [] 1Y PSNR MEL, 3% 3 MREME S SRV E
YLy SSIM {H , #R 452 2 14 3 /) PSNR 1 SSIM
HEFT 23 B4, B IG 18 T 7% PSNR 1 SSIM {ELAH
X SCHR [8] A1 SCHR [9] 152 —E 3 F, BhBAA S
R MR A VR AOR L T SR [8] A SRR [9] 1Y 5 i o



* 465 FAIR, A5 RS TR I G A A B 52 IS T T R R vk

@ 5t classroom (b)) ZE R (©) SCHR[8] (@) SCHR[9]

(a) classroom

(OESS

(b) room3

(c) house

@%F 2 ©® FFERE © XS] @ XwkP] @ AX
(d) car2

@ Bifthouse  ® FRmk © XS] @ o ©@AFx  OB%
® 2%

B8 BEEEHIHR

Fig. 8 Visual effect after performing deniosing

xR 2 AEFEMIFHRE T PSNRIEMNIEIR

Table 2 Average PSNR evaluation index value under dif-
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