A HBE L]
A 4 | 4

JOURNAL OF IMAGE AND GRAPHICS

FHUEREAZER

=HazmnEl P1201




2555687 (25529087 )
2020565 16H

FRESmRTEHHATI
R EERRZIAARTEFEARERT
FREF M O HAT
FR3Z A% O HATY

RIS EA
R ( PEERERZER ) 1215, 1990
BRBEFTIMLER CNKIZFEZH R
EEihR, FRTUEIEXEIRISEFRAR
B, ATIFEE R BRYfE
H, FrERS, REIFE, e
AR5 ER

Copyright
All rights reserved by Journal of

Image and Graphics, Institute
of Remote Sensing and Digital
Earth, CAS. The content
(including but not limited text,
photo, etc) published in this
journal is for non-commercial
use.

SRR Z A

Tl T Rt

BT (19965F6IH))

EEBU PEREFER

EHEfM PERFRERSH IR
TEEREREER
IERM ARSI BN

* & miTk

RIEBHR (TEEREFRSFER) HELRERS
BEtt JE=HeEX IR AR 195

BE 4% 100190

BFEfE jig@radi.ac.cn

2] i& 010-58887035

P HE www.cjig.cn

I"ERHEICS PR 55201702185

B &R 7 ItRRIAITE

T 18 2ESHE

BINRTT PEERERRZERAGRAT
(HBBUEHE: IR0/  HB4w: 100048)

ENRIERLT JEREHEEIRIBIRAS)

Journal of Image and Graphics
Title inscription: Song Jian | Monthly, Started in 1996

Superintended by Chinese Academy of Sciences
Sponsored by Institute of Remote Sensing and Digital Earth, CAS
China Society of Image and Graphics
Institute of Applied Physics and Computational Mathematics

Editor-in-Chief Gu Xingfa
Editor, Publisher Editorial and Publishing Board of Journal of
Image and Graphics

Address No. 19, North 4" Ring Road West, Haidian District,
Beijing, P. R. China

Zip code 100190

E-mail jig@radi.ac.cn

Telephone 010-58887035

Website www.cjig.cn

Distributed by Beijing Bureau for Distribution of Newspapers and Journals
Domestic All Local Post Offices in China
Overseas China International Book Trading Corporation
(P.O.Box 399, Beijing 100048,P.R.China))
Printed by Beijing Kexin Printing Co., Ltd.

CN 11-3758/TB
ISSN 1006-8961
CODEN ZTTXFZ

E5M &S M1406
E RS 82-831
EAREMN 60.007T



REEFRHENEERIENX
DEFRAFRBRE(51069M)

S IEELIR RIS NIRRT
B3 BRIRER(551142M)

TREX B ER R AMERRIE
ARSI IZREML AL (5512451R)

2020568 25256 H6H (=25529088)

PEERERFR 5 )i

Zhongguo Tuxiang Tuxing Xuebao

Rk
RESTHREMEEBIE LD BRI E
%}%7 %EEIEH %@_HEL EQ&% .................................................................................................... 1069

SISl EIE
T BB R T SR/ N 7K ED
HENEY, BT, SUE, LI, TR, TERIPH ceerrrrreremesesesesensessniseisissessnssessesseans 1091

El& oAz

e ESREEREENEE N

BRESE, MHE, BYRIR, SH, FRIIE e 1104
ZREERHEMNETEWREN

KIS, ZTIR)I|, BFEIT, BHEE oottt st 1116
LT EERNSERHIMEEEHRN

B/iﬁ%"}'l” EEﬁ(}Z\g ......................................................................................................................... 1130
TR ERLIR THREMERBT S S B IRRER

Eﬂ, g&u_“ gK&%{% ........................................................................................................... 1142
BiEMN R 53R B RRER

(HETT, 255, BI K, XUEH, RRED, T e 1150
BB SRS TEX N B RRER

BRHEIH, S8/NTRR, BKER, ESLTLR wroveeroerererseremmmssmerstietetst et 1160
A ERERIRG

_’%HX%“‘:’ gKSZT§7 ylﬁél;&\, BXBEESZ ......................................................................................... 1171
FERBRRSRENERGHZ

BIMEE, TRIK, BSZEHG oottt sttt s tsstssstssasissaassetsssssssassass 1180
N P BIRSS  EE X S &

B/if\h}:27 %H$7 ﬁ%%;‘% .............................................................................................................. 1190
RIS ESTMEREBU RN R EIES X5 ENRE

BKITE, (TS, BXITEL, WHE, LN oeerveereerreemrermesemmiemeieiset s 1201

SIS bR
SMEAE ST AN EH AR IR R

BRI, FEEEHD creereereereeree sttt 1209
FERGHER NS RER3E BN
=R 1221

IHEERZ
FRBERE S ARER BB AN

FEL, Z5ME5, SUBEEZ coerererrereermmnieene e 1235
ZRBRE BRI RRE AR E R
BRAE(T, THERTE, fBEIE -oereeeeerermessriie it 1245

EZEGLEE
WK PR R BRI 5 B

FE, FEF, IBEISE, TEEES, SRZR e 1260

ERKE GRS
FEREFINBETHE D BREGZZMALN
FHENE, BT, FRIEABR, BRED reereererereresreseintinti sttt sttt 1271



Volume 25, Number 6
Published June 16, 2020

CONTENTS

JOURNAL OF IMAGE AND GRAPHICS

Deep convolutional neural network
for semantic image segmentation

(P1069)

Object tracking via reverse low-rank
sparse learning with variation

regularization(P1142)

Bas-relief optimization based on
twice-joint sparse representation
and low-rank approximation
(P1245)

Review
Deep convolutional neural network for semantic image segmentation
ang Chen, YU Jing, Xiao Chuangbai’ Duan Juan .................................................................. 1069

Image Processing and Coding
Digital watermarking algorithm in the UDWT domain based on robust local features
Niu Panpan, Yang Siyu, Shen Xin, Yang Hongying, Shi Qiliang, Wang Xiangyang -« 1091

Image Analysis and Recognition
Saliency detection based on the background block reselection method

Chen Xingyu, Ye Feng, Huang Tianqiang, Weng Bin, Lin Wenzhong ««-«-««eseeseeessseseeneeneeeeene 1104
A multi-scale convolutional neural network for salient object detection

Zhang Qing, Zuo Baochuan, Shi Yanjiao, Dai Meng -« 1116
Saliency detection based on multi-level features and spatial attention

Chen Kai, Wang YONGXIONE «++++ssesesssssusssssimiiiiiiiiiiiii e 1130
Obiject tracking via reverse low-rank sparse learning with variation regularization

Tian Dan, Zhang Guoshan, Zhang JUARJin -« 1142
Adaptive scale sudden change object tracking

Ren Junli, Guo Hao, Dong Yafei, Liu Ru, An Jubai, Wang Yan ««-«t-sseeeseneciiinniiiinines 1150
Correlation filter target tracking algorithm based on adaptive multifeature fusion

Zhang Yanlin, Qian Xiaoyan, Zhang Miao, Ge HONGJUAN ««+:+-teseeeeresesmmennimeeninnniiiiinncinnes 1160
New radar emitter identification method

Gao Xinyu, Zhang Wenbo, Ji Hongbing, Quyang Cheng ««+«t«sseeeseersueemnniiinniinnes 1171
High-precision parallax image stitching method using feature points clustering

Xie Conghua, Zhang Bing, GA0 YUNMEI ««+++-+tsesesresetstaniueritimniiiiitiniititticst s 1180
Weakly supervised semantic segmentation based on dynamic mask generation

Chen Chen, Tang Sheng, Ll Jintao ......................................................................................... 1190

Point cloud data classification and segmentation model using graph CNN and different pooling func-
tions
Zhang Xinliang, Fu Pengfei, Zhao Yunji, Xie Heng, Wang Wanru ««:-:.seeeessesesssssnnensnn 1201

Image Understanding and Computer Vision
Dynamic update correlation filter tracking based on appearance representation analysis

Qiang Zhuang’ Shl Fanhuai ................................................................................................... 1209
3D object detection based on domain attention and dilated convolution
Yan Juan, Fang Zhijun, Gao Yongbin ...................................................................................... 1221

Computer Graphics
Fast turbulent smoke synthesis via a dictionary-based neural network

Bai Kai, L| Wei, L|U Xiaopei ..................................................................................................... 1235
Bas-relief optimization based on twice-joint sparse representation and low-rank approximation
Zhang Qiankan, Jl Zhongping, FU Xiaofeng ........................................................................... 1245

Medical Image Processing
Segmentation of optic cup and disc based on two-layer level set describer in retinal fundus images
Wang Ying , Yu Xiaosheng, Chi Jianning, Lei Xiaoliang, Wu Chengdong ««::-««sssssssseeseneeeeeens 1260

Remote Sensing Image Processing

Deep learning and superpixel-based method for high-resolution remote sensing image change de-
tection

Wang Yanheng, Gao Lianru, Chen Zhengchao, Zhang Bing e 1271



E-mail: jig@radi.ac.cn EP%EHZ?;E

Website: www.cjig.cn JOURNAL OF IMAGE AND GRAPHICS
Tel: 010-58887035 OHEERERZFRRINAE

hE %S HES . TP391.9 XERARIRED: A XEHE: 1006-8961(2020)06-1235-10

328 A#&E: Bai K, Li W and Liu X P.2020. Fast turbulent smoke synthesis via a dictionary-based neural network. Journal of Image and Graphics,
25(06) :1235-1244 (CHI1EL, 2=, X ek 2020. 7 b 2 W 28 J7 s Pttt A 555 1. o [ JB 4 TRDIE 2 4k, 25 (06) :1235-1244 ) [ DOL: 10. 11834/
jig. 180681 ]

= R I 4R T R R R R A E A

ll' N y
ML, 2, x| B
L R (RS SR, 1 201210, 2. hEFREB K AT 100049
3. ISR GRS 5 AL RBRIIR, 200050

B E: BE TR U TR AL 2 i TR AR o), TE G AT A/ NES R B R A BRI S, T EER
AT UMY (RORE PEE ) RER AR 7 35 o 0T I I 1R R P32 it A0 A 25 DL 38 1, 7 BCIA XE R BLAR , $12 4 T3 7
SRR 22 107 15, RERB DU B TR 55, (45 5 TR 45 SR AR5 (0 [T I, G4 w8 20 0 A0 25 4 R ) T 24
e JIik B RORE L A RAEL 0T JCOR AR J5 3 AR AT 2 23 HE R IR H A A B0 A 25 5000, 0 i SR 48 1k 2 7 Sy B
SR ) 25 [E) A0 A R TRV RRAE A SR B, O Sl 22 9 4 14 19 45 S, I A 25 o 430 7 S TN 45, 72
GPU (graphic processing unit) FSCBUIFATIE, PR SRR AR M 5 2551 . S8R SRR T 7 ips
PO 28 1477 3% REAS 1E A R 20 W3 B M 55 5080 1 5 A (W) R [R]85 ) 8 2 3 i 00 5 245 3R, RO e Tl i A
GPU -5 b B 07 BT B R 0 BER T AR 55 A 4 2R B T — DRt 2, HAA IR 55 45 505 BUE 0 5O IR B i
DRSS A5 R R HEIT . B ASSCI IR MR T 055 (4 _EORAE IR, RS AR 4 1 20 24 19 08 55 0 L 485
AR T BT T L 22 P 28 A LA SR R A AR 2 ) A 55 S 3 ) Sy v R 4 SR £ IS, DR B 0 B R i U
HEZE A5, DR R L AR 25 A9 2001, S5 BB 05 ROk 0T BRI 1 AR SO ik A

KRR ML M2 4 BT ARG s TS L Sl ey o

Fast turbulent smoke synthesis via a dictionary-based neural network

Bai Kai, Li Wei, Liu Xiaopei
1. School of Information Science and Technology, ShanghaiTech University, Shanghai 201210, China;
2. University of Chinese Academy of Sciences, Beijing 100049, China;
3. Chinese Academy of Sciences, Shanghai Institute of Microsyst and Information Technology, Shanghai 200050, China

Abstract: Objective Physics-based smoke simulation is an important topic in computer graphics. Realistically simulating
turbulent smoke flows is generally computationally expensive due to intrinsic small-scale structures that require sophisticated
nondissipative solvers with a relatively high resolution. To effectively preserve small-scale structures, neural networks have
been recently proposed and applied. However, the common problem in previous models for upsampling fluid flow fields with
added small-scale structures is that the upsampled fluid field may not be sufficiently close to the corresponding high-resolu-
tion simulations. This problem may produce visual artifacts as important features, e. g. , vortex rings that require high-reso-
lution samples to capture can be overlooked. The difficulty behind such upsampling, which considerably differs from image

upsampling, is that the flow structures between high- and low-resolution simulations can substantially differ. This structure
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inconsistency becomes increasingly evident when high and low resolutions differ significantly from local nonlinear vortex
structures to the global shape of turbulent flow distributions. To enable upsampling with close similarity to its high-resolution
simulation counterpart, local and global information should be acquired and encoded. In this study, we propose a novel dic-
tionary-based neural network for synthesizing the high-frequency components of a turbulent smoke flow from a very low-reso-
lution simulation. By learning a local generative scheme from a large set of patches that exist in high-resolution simulations,
our network can faithfully synthesize a high-resolution smoke flow that closely resembles the corresponding high-resolution
simulations, with well-preserved important features and considerably improved computing efficiency. Method First, high-
and low-resolution turbulent smoke data are simulated using a high-precision numerical method. We propose a feature vector
that encodes the local velocity information of each 3D patch, global position, and time. This vector can help accurately pre-
dict local high-frequency components. Then, we construct a novel neural network based on the dictionary learning frame-
work ; this network simultaneously learns the dictionary and the associated coefficients. High-resolution smoke data have
more details than low-resolution smoke data; thus, the former has a more complex spatial structure. Accordingly, we add
gradient loss to maintain the spatial structure, with a regularization term to prevent overfitting. The advantage of our model
is that it jointly optimizes all the layer parameters from end to end. After the training process, our neural network can learn
a complex mapping function to efficiently synthesize high-resolution turbulent smoke patch data. During online synthesis
given a low-resolution simulation, the trained neural network is used to predict overlapping local patches in parallel, with
convolution in overlapping regions to ensure smooth transition. Result On the basis of the experimental results, we propose
a novel dictionary-based neural network as a small-scale structure predictor to address such upsampling problem. The pro-
posed neural network can produce spatially and temporally consistent high-resolution flow fields from very low-resolution
simulations that closely approximate the direct high-resolution simulation results, with considerably improved computational
efficiency. Our method faithfully preserves small-scale structures by comparing low — and high-resolution simulations. With
our learning-based fast smoke simulation method, efficiency is improved by one order of magnitude compared with direct
simulations at a resolution of 200 x400 x 200 with highly similar results. Conclusion In this study, we address the crucial
problem of synthesizing a high-resolution flow field from a very low-resolution simulation to achieve efficient smoke anima-
tion. The synthesized high-resolution flows can closely approximate their simulation counterparts. To produce a high-resolu-
tion flow field, we design a novel neural network that is motivated by dictionary learning and a new feature descriptor that
encodes local and global information. The neural network can be used for efficient synthesis to quickly predict flow details
in high resolutions. Parallel implementations of such mechanisms are realized on a GPU, with comparisons with numerical
simulations to highlight the advantages of our method.

Key words: smoke simulation; neural network; particle system; computer animation; dictionary learning
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Fig.4 The four-layer neural network structure of DBNN
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Fig.5 The fully connected neural network structure
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Fig.6  Comparison between synthesis smoke and simulation smoke results with ball

((a) low resolution smoke; (b) smoke animation frame = 199 (50 x 100 x50) ;

(¢) smoke animation frame = 199 (100 x200 x100); (d) smoke animation frame = 199 (200 x 400 x200) )
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Fig.7 Comparison between synthesis smoke and simulation smoke results ( (a) low resolution smoke (25 x50 x25) ;
(b) smoke animation frame = 135(50 x 100 x50); (c) smoke animation frame = 135 (100 x200 x 100) ;
(d) smoke animation frame = 135 (200 x 400 x200) )
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Fig.8 The high frequency dictionary of smoke
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