e PE

X
A —
\EEY § \ERY A7
g }l:ﬁ E VOL26




F265%487 (2530087 )
2021545 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

Fhefu PEREFEREXESCFHRE
TEEREREER
IERM ARSI BN

*F &K 2

RIBHAR ( TEESREFRZR) HmiE50
BEtt JE=HeEX IR AR 195
BE 4% 100190

BFEfE jig@radi.ac.cn

2] i& 010-58887035

P HE www.cjig.cn

I"ERHBICS IR BF201702185

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 Aerospace Information Research Institute, CAS
China Society of Image and Graphics
Institute of Applied Physics and Computational Mathematics

Editor-in-Chief Wu Yirong
Editor, Publisher Editorial Office 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



YOLOVIBRARBINZ A%
At (550837M)

B FREESNBE
RrEEHT BARIRER(550883W)

AJZ12Alpha Shapesig
B ELIDARS=ZFWI
ER(509107R)

2021545 28265 HF4H8 (25530087 )

PEBRERFR 5 )%

Zhongguo Tuxiang Tuxing Xuebao

gk

MNEGENES: BEIRRERSHEE

B SHMBAS, SKAT, TETELR crrererrererreresere s 0727
CTGMET D ERRHRE

BEIE, BEE, EBAEZR coeoeevescsersmiii s 0751
BG4 IEFN SRS

RFERNIIEERECIINENEGESTE

TS, TREEER, IKTFHE, SUTELL cweeeverereserssmrssisinssisiss i b s 0766
ZRRRBARESTEMENRIEEGESEZE

(A5, TRAEES, AR, BT, XUTHIR oo 0776
RANREEG DB TR EEGIEER

ZfE, MBS, TG, RFER o 0787
Elfg o thFNiR5!

BRI S 2B R TRANE IR

FIE, BAFHT, KL, EJRERR oot 0796
ERESTHFHIR!

TR, BRTAD, FINBTSE oervereerrereeremreters e 0815
EETEERSEGIEENAKRESHIE

SR, ¥PEELE, RS, XUBEREL, FRERER, BEE e 0828
YOLOV3ERAE BRI Z AL

IR, TIR, ZBELE, R, A ceereeerereerereerene e 0837
YOLOV3FIW M IF LR & B EE B 9 38

EFE, BER, 885, XUBEW, EEY, LAZER - 0847
RESESHERENEIER

FRES, KIENE, TEEEHG, JEIl, woeeeererrerrersereerermeenensie et 0857
BEEREMAENIE TRIRGB-DIRE M

?m, T‘ﬁfﬂﬂ, 7UI¢ .................................................................................................................. 0872
RN AR E S BB IE N B B ARIRER

FEE, ZSHPF), BEYL, ZSF cwrereereererrerrermete et 0883
AEERERYSKARERMENEN RO

FRZE K, BRAE DS «oeereeeseteee e 0898

EREREFITENMRRE

AJE#{2Apha ShapesiZEMHELIDARR =N ER

(BPA, FATWE, BHZEES, FEES coerererrrrerrer ot 0910
SDEHRES | SHYCHEIBIREIREL

258, IKIBZR, KIS, SBZ[E, FINGL woveererrerereresese 0924

ITEERZ
=S e =R S S RN S S
HEATURL, BKEEES, JTYL, ToERTE vrerverrerrerrsreermssesstisti sttt sttt 0939

ERKE RIS
L BPHHES SRR SARE B HIA I EE T
BEE, FIMEE, SUTFIE, BEEDES oottt 0952



Volume 26, Number 4
Published April 16, 2021

CONTENTS

JOURNAL OF IMAGE AND GRAPHICS

Research on multiperson pose
estimation combined with YOLOV3
pruning model(P0837)

Adaptive update object tracking
algorithm incorporating timing
and speed information(P0883)

Extraction of building contours
from airborne LiDAR point cloud
using variable radius Alpha

Shapes method(P0910)

Review

From image to language: image captioning and description

Tan Yunlan, Tang Pengjie, Zhang Li, LUO YUPAN «::seeeeseressmnmnisiies 0727
Research progress of lung nodule segmentation based on CT images

Dong Ting, Wei Long, Nie Shengaong «« s« 0751

Image Processing and Coding

Learning global attention-gated multi-scale memory residual networks for single-image super-reso-
lution

Wang Jing, Song Huihui, Zhang Kaihua, Liu Qingshan =« 0766
Single image super-resolution reconstruction based on multi-level perceptual residual convolutional
network

He Lei, Cheng Jiahao, Zhan Zhiyu, Yang Wenbo, Liu Peiran «: e, 0776
Underwater color image enhancement based on two-scale image decomposition
Li Jian, Zhang Xiandou, Li Shangfei, WU Zizhao -+« 0787

Image Analysis and Recognition
Gait recognition using pose features and 2D Fourier transform

Wang Xinnian, Hu Dandan, Zhang Ta0, Bai GUIXIN «++eeeeeesesssssmsnmmnminiiiiiiiiisns 0796
Hand gesture recognition in complex background

Wang Yin, Chen Yunlong, SUn QUanlai ««::::seeeeeesmsmsmsiiii 0815
Face pose correction based on morphable model and image inpainting

Wu Congzhong, Zheng Rongsheng, Zang Huaijuan, Liu Mingwei, Xu Jiajia, Zhan Shu -« 0828
Research on multiperson pose estimation combined with YOLOv3 pruning model

Cai Zhedong, Ying Na, Guo Chunsheng, GUO Rui, Yang Peng - 0837
Fine-grained classification based on bilinear feature fusion and YOLOv3

Yan Zixu, Hou Zhigiang, Xiong Lei, Liu Xiaoyi, Yu Wangsheng, Ma Sugang «««+«+s+ssesseeseeseees 0847
Fashion style retrieval based on deep multimodal fusion

Su Zhuo, Ke Sibo, Wang RUOMEI, ZNOU Fan ««eseeeesesrestsesmmmiitimiiniiii e 0857
RGB-D video saliency detection via superpixel-level conditional random field

Li Bei, Yang YOu, Litl QUONQ «+:+tsseseesestersssnesttntntiuittttiiit ittt 0872
Adaptive update object tracking algorithm incorporating timing and speed information

Yin Kuan, Li Jun", Hu Kai, | TR T T TR TRYS 0883
Point cloud analysis model combining inverse density function and relation-shape convolution neu-
ral network

Qiu Yunfei, ZNU MENQYING ««weeesereerrsesmmsi 0898

Image Understanding and Computer Vision
Extraction of building contours from airborne LIDAR point cloud using variable radius Alpha Shapes
method

WU Yang, Wang Liyan’ HU ChUnXia, Cheng Liang .................................................................. 0910
Light field depth estimation guided by 3D occlusion model
Wu Di, Zhang Xudong, Zhang Jun, Fan Zhiguo, SUN RU « s+« +seeesessesessesisissisissinsissinnne. 0924

Computer Graphics
Non uniform weighted cubic B-spline based on all positive basis
Ji Peipei, Zhang Guicang, Wang Kai, Meng Jianjun ««««ssseeesesessmme 0939

Remote Sensing Image Processing
Airport runway detection based on LBP feature classification in PoISAR images
Han Ping, Wan Yishuang, Liu Yafang, Han Binbin «--..eoeee, 0952



898

E-mail: jig@radi.ac.cn Ep@%éﬂ%??ﬁ

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

hE RS> E S TP3I1 XHktRiRES: A XEHES: 1006-8961(2021)04-0898-12

X5 AKX Qiu Y F and Zhu M Y.2021. Point cloud analysis model combining inverse density function and relation-shape convolution neural net-
work. Journal of Tmage and Graphics,26(04) :0898-0909 ( iz &, AAF 5. 2021, fill & 3 2 B o KIS G RIB ARG BRI 2 M4 1 i = 0. T E 4
P24 ,26 (04) :0898-0909 ) [ DOT: 10. 11834/jig. 200159 ]

MEPEERBSXERR
SRHMEMNEN R =ZTH

HE RSB

LD T TREARR AN 2R, #r75 1251005 2. PEBFEB I IGATT B MRS HEDIRT, RN 362216

M E: BE 3D xis 5 RUINY R AE MRS R 8 EHGAS TR, AN SO BRI HLJE T , il L dy T4 A0 R /N R Y
25 BA WA S U LIRS L OIAAAE 22 R 0 R E . it 3R 10—t 3D A s AT BRI i X R
FEAR B M 22 2% ( relation-shape convolution neural network , RSCNN) 15180 %% & s EUAH S & , I 7E B BRI 25 38 8 I
BRZ, TR T M TR KRR, Bk AEXRRTERG T2 M 25 525 By B AL bR B0
5 85 PR EZH LI 3D mURI R AR AR I AR LR PR BRI, 45 8 5, B RS i 22 SR BN 45 O 45 2 T | 3088 B PR BSGE
128 FE AL TT (kernel density estimation, KDE) 222> | 100 %5 FE pRELA 5| AT 5 = REER AL S I I TR 4 . R
SEUES TSI RARE R RIE ARG BRI R 0 RS BUZ KRR N F R S 2 RE MR iR kR, &
8 1E ModelNet40 ,ShapeNet ,ScanNet B4 4 - HEA7 732 F8 7 73 HIFNE (3 50 70 HI 520 | B0 e A A B4 73 28 53 H 1k
fE, FEAXZESLE R, 5 PointNet ++ A EL  BERAG BER ) 3. 1% , 7E PointNet ++ 5 ZR WAE Tl ARYREBL R A5 BEAK
SRIETET 1. 9% s AETB o B SL 5 A | 2258 F F ( mean intersection over union, mIoU) H, PointNet + + 7E¥5267E 4
GO 6. 0% 5245 mloU F PointNet ++ 15 1. 4% ; 118 3% 5/ #5256 /b mloU H. PointNet ++ 5= 13.7%
# ScanNet BUHRAE AT [ 2P AG T0300 %5 B iR K%t LU 206, S50 0F BH 306 %% 132 R BCHS 43 BRG B2 4271 0. 8% £,
AT THAIPERE . 4518 RS 0085 B BRI 5C AR IE R AR 28 0 25 T LU R4 U = HUdie vh R R N 4 Jmy
FRAE, X 35 22 RAEA 5] A 0 5 B — e R B (M2 S B EE AR 1) 43 2R A3 BIRUR

KR R RN TR 2 W 25 (RSCNN) 5 3809 B8 bR AR AR I 51 R A s OB TRZ s s 1 43 26 5 43361

Point cloud analysis model combining inverse density

function and relation-shape convolution neural network

Qiu Yunfei', Zhu Mengying'* **
1. College of Software, Liaoning Technical University, Huludao 125100, China;

2. Quanzhou Institute of Equipment Manufacturing Haixi Institutes, Chinese Academy of Sciences, Quanzhou 362216, China

Abstract : Objective 3D point clouds have received widespread attention for their wide range of applications, such as robot-
ics, autonomous driving, and virtual reality applications. However, due to the characteristics of input and output size and
order differences, uneven density, and differences in shape and scaling, point cloud processing is very challenging, and
because of this, various shapes formed by irregular points are often difficult to distinguish. For this problem, sufficient con-

textual semantic information must be captured to thoroughly grasp the elusive shapes. In 2D images, convolutional neural
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networks (CNN) have fundamentally changed the landscape of computer vision by greatly improving the results of almost all
vision tasks. CNN succeeds by using translation invariance, so the same set of convolution filters can be applied to all posi-
tions in the image, thereby reducing the number of parameters and improving the generalization ability. We hope to transfer
these successes to 3D point cloud analysis. However, a 3D point cloud is an unordered set of 3D points, each with or with-
out additional features (such as RGB) , which does not conform to the regular lattice grid in a 2D image. Applying conven-
tional CNNs to such unordered inputs is difficult. Some works convert point clouds into regular voxels or multi-view images.
However, these conversions usually cause a large amount of inherent geometric information to be lost, and the amount of
data in the 3D point cloud is huge, increasing the complexity of the conversion. Another solution is to learn directly from an
irregular point cloud. PointNet learns each point independently, and then applies a symmetric function to accumulate fea-
tures. This direction can realize the invariance of point replacement. Although impressive, it ignores local patterns that
have proven to be important for advanced visual semantics in abstract image CNNs. To correct this, KCNet mines local pat-
terns by creating KNN ( K-nearest neighbor) graphs at each point of PointNet. However, it does not have a pooling layer
that can explicitly increase the semantic level. PointNet ++ hierarchical groups point clouds into local subsets and learn
them through PointNet. This design does work similar to CNN, but the basic operation of PointNet requires high complexity
to achieve sufficient effectiveness, which usually results in huge computational costs. Method To solve this problem, some
works divide the point cloud into several subsets by sampling. Then, a hierarchical structure is constructed to learn the con-
text representation from local to global. However, this greatly depends on effective inductive learning of local subsets,
which is difficult to achieve for point clouds with uneven density and irregular shape. Inspired by inverse density function in
point cloud networks, we propose a relational shape CNN ( RSCNN) fused with inverse density function. The key of the
network is to learn from the relationship, that is, to learn from the geometric topology constraints between the points, which
encode meaningful shape information in the 3D point cloud, and the convolution kernel is regarded as a nonlinear function
of the local coordinates of 3D points composed of 3D points. For a given point, predefined geometric prior convolution
weights are used in advanced relational expressions, and kernel density estimation is used to study inverse density func-
tions. The introduction of the inverse density function is further applied to non-uniformly sampled point clouds. In addition,
for the segmentation task, we propose a deconvolution operator. Relation-shape deconvolution layer ( RSDeconv) consists
of two parts: interpolation and Relation-shape convolution layer ( RSConv) . The feature is propagated from the sampling
point cloud to the original resolution through convolution. The spatial layout of the points can be used to calculate the induc-
tion through convolution, and it can reflect the potential shape formed by irregular points differently, so as to realize the
context shape awareness learning of point cloud analysis. Benefit from the geometric prioris, the invariance to point dis-
placement and the robustness to rigid transformations ( such as translation and rotation) are realized. Result Classification,
partial segmentation, and semantic scene segmentation experiments were conducted on ModelNetd40, ShapeNet, and Scan-
Net datasets to verify the classification and segmentation performance of the model. In the classification experiment of Mode-
INet40, its overall accuracy is improved by 3. 1% compared with PointNet ++. Even when PointNet ++ takes normal as
input, its accuracy is improved by 1. 9% compared with PointNet ++ . In the ShapeNet partially segmented dataset, the
mean intersection-over-union (mloU) is 6. 0% higher than that of PointNet ++ , and the instance mloU is 1.4% higher
than that of PointNet ++. In the ScanNet indoor scene dataset, the mloU is 13. 7% higher than that of PointNet ++. A
comparison experiment is conducted on the ScanNet dataset to compare the unsynchronized length with and without density
function. The experiment proves that the inverse density function improves the segmentation accuracy by about 0. 8% and
effectively improves the model performance. Conclusion The experimental results show that the heterogeneous sampling of
point clouds can be realized by introducing the inverse density function into the relational CNN. In addition, the deconvolu-
tion layer further propagates the feature from the subsampling point cloud back to the original resolution, which improves the
segmentation accuracy. In general, the proposed network model can effectively obtain the global and local characteristics of
point cloud data, achieving better classification and segmentation effect.

Key words: relation-shape convolutional neural network ( RSCNN) ; inverse density function; non-uniform sampling;

deconvolution layer; classification and segmentation of point cloud
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Fig.4  Point non-uniform distribution map
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Fig.5 Schematic diagram of calculating the

inverse density function
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Fig.6 Deconvolution feature propagation diagram
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Fig.7 Classified network architecture
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Fig.8 Segmented network architecture
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£ 1 AEFETE ModelNetd0 HIFEE RIS KIBFHETLL
Table 1 Comparison of classification accuracy on
ModelNet40 dataset among different methods

2 AEIFRTE ShapeNet #iE&E FHHEI L R3TLE
Table 2 Comparison of segmentation results on

ShapeNet dataset among different methods

Trik A REEREORRE %

PointNet( Qi 25,2017 ) FABFR 1024 86.3
PointNet ++ (Qi %5 ,2017)  SAkbR 1024 90. 1
PointCNN ( Li %£,2018) S AR 1024 91.1
DGCNN( Wang 4¢,2019) JARFR 1024 91.8
PCNN( Atzmon %5 2018) JABFR 1 024 91.5
RSCNN( Liu % ,2019) FARAR 1024 92.6
PointNet ++ (Qi %5 ,2017) S ARAR + 48 5 120 91.3

SpiderCNN( Xu %5 ,2018) fiAkh5 + 7528 5120  91.7

K KO

3 o~ TR )
i BAREERED 3ot v 0 29 H%

PointNet FUARPR (2 048) 80. 4 83.7
PCNN FABFR(2 048) 81.8 85. 1
DGCNN MABFR(2 048) 82.3 85. 1
RSCNN RARER (2 048) 84.0 86.2
PointNet ++ AR + 3548 (2048)  81.9 85. 1
AL SR (2 048) 87.9 86.5

AL FARAR 1 024 93.2
I AR R I e 4 R
6.3.1 HuEte

ShapeNet 20HE4E 0052k H 16 2511 50 1%
PR 16 881 AR, AT 45 I AJE S = R i
TEAR A SCHG Z 40 3 ) R A Ry e ol A 26 [ i
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e R 7 ol o 17 W i B 6 5 i N
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1 — SR A 42 B e J5 — MRRIE 2 . 2K T
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TE I AR R % 91 Bl 4
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ooy BIERERY E B LA, SC i P 24 58 5F 1
(mean intersection over union, mloU) /E K ¥ 4l #§
B, oS T A BT A 20 A A S b R S
RURYF- 2523 e, v LAFE Y, AR SCT7 ¥ 926 mloU
S mloU 43514 87.9% 1 86. 5% , LI T #
HEPERE, AN AU 5 T RSCNN 9 56 iF 45 5 | 1iif HL 76
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Bmie T, SC g R AR W] 100 % I eR BRE 8 B L
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Fig.9 Examples of part segmentation on ShapeNet dataset by our method
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B T AT 55 I FH A0 5> 28 S5 30, 8 03—kt s
5 EAE 2 22 0] 4 5 R I I 2k, 4]
ModelNet40 G HATIEAL , AGE—RAERY 1 024 4>
SAERHIA
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NN J7i57E ModelNetd0 a5 [k 264k 5 00 o & 1L
i, ATLAE Y, ARSCOFERIRZE R 0. 14, KRBT
Hfth J79% B+ PointNet ++ (IR 2Z2W/D T 0. 15, 52586
SRR ARSI BB S = U R 22
T LR AR 2E S i 2k Ak 3T, S X o =
(R 2R EA T 00

£ 3 FEFETE ModelNetd0 HiE%E L1
EEMATHREITLE
Table 3 Comparison of normal estimation errors

on ModelNet40 dataset among different methods

i PEISY B2
PointNet 1024 0.47
PointNet ++ 1 024 0.29
PCNN 1 024 0.19
£ 1 024 0.14

E L SRR L4 5

6.5 BUBHRRE

Ry T VAR AR S5 1 A B, 15 DR e S 1 3R
S AMAEE ST, 7E ScanNet BG4 #1718 Lg%
IrEl, ARSRTEL E H A BRI E NIRRT
T, B AR 3D AT AR SO SRR

ScanNet £ 408 £ 1 BB AL & A 1 513 4>
ScanNet $4 A1 100 ASHrM 4= 0 B80T i B, Forp
A T BRI TF S i AAUfd ] 3D A
PREEE A RGB 5 5 . 7SS b a2 14 s (] B
BRFE3 m x 1.5 m x 1.5 m 37 iAok A il 2k
FEAS  JEAERA A AR I 3 0 O AT 1A
{# R34 583 H (mloU ) /Dy 2 LA B AR

# 4 A ) 5 SPLATNet , PointNet + + £l
ScanNet /77 7F ScanNet £084E AT A 255 ToU 1Y)
A (mloU) M2 i A, FTLUE AR SCRIRLY
B SUAYEDRE FE L PointNet ++ J7VEHETF T 13. 7% 4
A H MR I R IREE B4 T SC A SR
AR S5 I e A i S B EL A KA M S ) LS
Y S BRI TE o E] AREE T AL B LS s
PERT R AF 1z A BE ST .

#4 AEFETE ScanNet HIFE LK
BUHEFEIE R
Table 4 Comparison of semantic scene segmentation
results on ScanNet dataset among different methods
/%

i PP
ScanNet 30. 6
PointNet ++ 33.9
SPLATNet 39.3
£ 47.6

TE L P SRR L4 5
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%5 7E ScanNet HiB&E F AL H T E RN LIGE R T
Table 5 Comparison of experimental results with and

without inverse density function on ScanNet dataset

/%
LN #$K  mloU  mloUL  mloU2
S AR 0.5 610  60.2 60.1
FARBR 1.0 59.0  58.2 57.7
SARBR 1.5 582  56.9 57.3
JARAR + RGB 0.5 60.8 589 -
HEiAkFR + RGB 1.0 58.6  56.7 -
FABPE + RGB 1.5 57.5  56.1 -
TE ML 5 0 7R 45 9 e AR 45 21, < - 7 RO R4

mloU1 R T E R, mloU2 7 1 18 S 1 T2 HE 2
L,
6.7 EEMREFHRMENRK

SR B IE R M A Y R K AR SO
5 PointNet I PointNet ++ J7 Bk #4715 = 1 & 15
PEREL, fescsid ferh, BrA BRI % B0
FHI AR 58 (BIIN-F-# s e ) | LR S 7 3
TSR G . AN ARG R R R R A
TR 28 00 245t 190G 3R 2 2 W lie e B - Pk L {H 3D
ARBR AR 46 i AR AR BB ) R VEATI AT — E R
M, X 0E 368 e R SR A B8 AR U — A W AH B A
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H—Ak, X A il LR 7 4 hoe o Ae i
8 3D BR R B A S A SO i LA G &%,
REERANEK 6 frzn . mTLURE Y BT A JriExs T4k
HIEARZERY, fH I, PointNet B 3% - FTiE i 1 5%
A, 1M} PointNet ++ X} i 7% Uk, ML Z &, A SCH
VER X B B B AR, SRR SO LN
V- B8 Bl e % A8 e 2 IR IR AT AR B AT BOR

%6 REBEERR T BRI EOHTRE

Table 6 Comparison of accuracy after point cloud

translation or rotation among different models
/%

Jiik
0.2 -0.2 90° 180°
PointNet 70.8 70. 6 4.5 38.6
PointNet + + 88.2 88.2 47.9 39.7
AL 90.3 90.3 90. 3 90. 3

TE L PR R IR 2 9 B 2 28 et iy y e
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6.8 EFESH

KT REMANNL 024 DEBAT T ES
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x7 AEAEBRESZFERNEZREITE
Table 7 Comparison of complexity of point cloud

classification among different models

/MB
ik 28 TE RO CRFE)

PointNet 3.5 440

PointNet ++ 1.48 1 684

A3 1.42 347
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7 & i

ARG 53505 B RO Sk BRI AR B2
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o0 (065 A 1 R R i S A G SRR M R D T A
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WAL AP TR B RE Sy 3 AT S5 i B
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LA T HA W 2SR AT — R R AT
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