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Progressive iteration network for hole filling in virtual view rendering

Liu Jiaxi, Zhou Yang', Lin Kun, Yin Haibing, Tang Xianghong
School of Communication Engineering , Hangzhou Dianzi University, Hangzhou 310018, China

Abstract: Objective Depth image-based rendering (DIBR) makes full use of the depth information in a reference image
and can combine color image and depth information organically, which is faster and less complex than the general render-
ing method. Therefore, DIBR is selected by ISO as the primary virtual view rendering technology in 3D multimedia video.
The principal challenge associated with virtual view rendering technology is the 3D warping of the reference view, which
leads to exposure of the background that was previously obstructed by the foreground. As a result, certain areas appear as
holes in the virtual view due to the absence of pixel values. The search for an effective solution to address missing regions
in the rendered view image is a critical challenge in virtual view rendering technology. The traditional algorithms mainly fill

the holes based on the space-domain consistency and time-domain consistency methods. Filtering can effectively remove
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the cracks and some of the holes but cannot handle the large-area holes. The patch-based method can fill large-area holes,
but the process is tedious, the amount of data is too large, and the accuracy of searching for the best matching patch is not
high, which may lead to the texture belonging to the foreground being incorrectly filled to the hole area belonging to the
background. Based on the time-domain consistency method, a model is developed to reconstruct the vacant part of the
background using various models, and the foreground part is repositioned to the virtual viewpoint location to reduce the
computational complexity and increase the adaptability to the scene. However, the moving camera scene contains both sta-
tionary and moving objects, which easily causes some parts of the foreground to be modeled as the background, resulting in
the mixing of foreground and background pixels. Therefore, a deep learning model is applied to the field of hole filling in
virtual view rendering, and a progressive iterative network for hole filling in virtual view rendering is proposed to address
the problem of traditional algorithms leading to pixel blending and blurring in large hole regions. Method In this study, a
progressive iterative network based on convolutional neural network is built. The network model mainly consists of a knowl-
edge consistent attention module, a contextual feature propagation loss module, and a weighted merging module. First,
partial convolutions are used in the initial stage of the network for progressive repair of large area holes. The partial convolu-
tions are operated using only the valid pixels in the hole region, and the updated masks are retained throughout the itera-
tions until they are reduced and updated in the next iteration, which is beneficial to the extraction of shallow valid features.
Then, the U-Net network is used as the backbone to codify and decode the empty regions and cascade the shallow and deep
information by introducing skip connections to tackle the problem of missing information. To select effective features in the
network, we embed a knowledge consistent attention module. One benefit of this attention module is that it measures the
attention score by weighing the current score with the score obtained from the previous iteration, which establishes the cor-
relation between the front and back frame patches and effectively avoids the problem of foreground and background pixel
blending in the traditional algorithm. The contextual feature propagation loss module is also used in a progressive iterative
network with an attention module. This module plays a complementary role to the knowledge consistent attention module,
reducing the difference between the reconstructed images in the encoder and decoder and enhancing the robustness of the
network matching process. In addition, it allows for the creation of semantically consistent patches to fill in background
holes by utilizing auxiliary images as guidance. Furthermore, we employ a pre-trained Visual Geometry Group (VGG-16)
feature extractor to facilitate the joint guidance of our model using L.1 loss, perceptual loss, style loss, and smoothing loss,
ultimately enhancing the resemblance between reference and target views. Lastly, the feature maps produced in each suc-
cessive iteration are integrated via a weighted merging approach. This process involves the development of an adaptive map
through the learning process. Specifically, through the concatenation of soft weight maps and the output feature maps of
adaptive merging, the method provides an adaptive map that preserves original feature information with soft weight map
assistance and protects early features from corruption, thus preventing gradient erosion. Result The experiments were quan-
titatively and qualitatively evaluated on multi-view 3D video sequences provided by Microsoft Labs and four 3D high effi-
ciency video coding (3D-HEVC) sequences. Peak signal-to-noise ratio (PSNR) and structural similarity (SSIM) metrics
were used to measure the algorithm’ s performance, and a set of hole masks suitable for virtual view rendering were col-
lected for training. Our experimental results demonstrate that our model yields the most reasonable images in terms of sub-
jective perceptual quality. Furthermore, compared with the model with the second-highest performance, our model outper-
forms in terms of PSNR and SSIM, improving 1.302 dB, 1.728 dB, 0.068 dB, and 0.766 dB, and 0.007, 0.002,
0.002, 0.002, and 0.033 on the Ballet, Breakdancers, Lovebirdl, and Poznan_Street datasets, respectively. Mean-
while, compared with the deep learning model, the PSNR and SSIM increased by 0. 418 dB and 0. 793 dB, and 0. 011 and
0. 007, respectively, in the Newspaper and Kendo datasets. In addition, we conducted a series of ablation experiments to
verify the effectiveness of each module in our model, including the knowledge consistent attention module, the contextual
feature propagation loss module, the weighted merging module, and the number of iterations. Conclusion In this study, we
apply deep learning to the field of hole filling in virtual view rendering. Our proposed progressive iterative network model
was validated through experimental demonstration. We observed that our model performs exceptionally well in terms of
avoiding tedious processes and minimizing foreground texture infiltration, ultimately leading to superior filling outcomes.

However, our model exhibits some limitations. While it can focus on effective texture features, its overall efficiency still
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requires further improvement. Moreover, depth maps associated with 3D video sequences can be utilized as a guide,

enabling the convolutional neural network to comprehend more intricate structural aspects and enhancing the model s over-

all performance. In future research, we may consider merging frame interpolation and inpainting techniques to concentrate

on the motion-related information of objects over time.

Key words: virtual view rendering; hole-filling; attention; feature extraction; multi-view video plus depth
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Fig. 1  Architecture of progressive iteration network

((a) main frame diagram; (b) weighted merge; (c) contextual feature propagation loss)
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o HrP L EC9 600 Wi AT ZR, 1 200 e FH T3
FH T 0 2 0 I 355 1 225 3R] 468 55 R 4 18] RN 2 R
256 X 256 15 % .
2.3 EMXW

AR S 45 P81 1 225 0L ORI R DL A5 o
KFEK A a R WX T Ballet J7 31, LA
Camd {ERZ M AL, 23] Cam3 LA 1Y REAULRLIET
1350 25 A 2 4 BA43, A 3CJ5 55 VSRS (view
synthesis reference software) (Wegner 55, 2013) , Ahn
(Ahn F1Kim,2013) . Luo(Luo %,2020) .RFR (Li 4§,
2020) F1 LGNet (local and global refinement sub-
networks ) (Quan %5, 2022 ) 3t 5 Ff J5 74 78 A il (1) 25 1
R AT X . VSRS J& MPEG (motion picture
expert group)*)rﬁ @%Jﬁ%%ﬁ(ﬁ: o Ahn ﬁ/ff’ﬁxd‘é/ﬁ\
il 1R B A T J A 3, PR TR IR 5 5 T i AT
2SI FE o Luo J7 ¥ P8 1 1 1/ 5 4R M 12 Sl AMEE R
BRI S5 2 ) PR AR 2 BT, 1 ph 48 S8 R B di 7 s
o h B UEA SO B MERE I A BRI 2 i &
P HEAT T L, RFR I LG Net #8256 TR i 2 >
AIRERIE 2R

¥ 4 J& 75 T BAS54 55 89 Il . BR56 & 16 il , LB8S5
£ 93 WUA PS35 45 99 Wit ity L 45 2 , P 5 Jém 1 IR
Ji 25 ] BERITE Newspaper 55 95 WAl Kendo 2 76 fiiifi%)
SEHAE R . VSRS 5 i TR AT i Iy Sk R b s
T A 237 A S SO B 3 AN B HY S e 4
R W 4 Ce) Jra, 23 31 B o DX 12 M K i 57 50



$29% /ET7H /2024 £7 B

XK&E, B, i, BEE, EAE
TH 1) K2 #0222 o) 2= SRR T it SOk I 4%

3 E s R
Fig. 3  The part of hole mask maps
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P& BRANAE R EX T SO AR 2% 4 DX IERAT — e M
AN 1E] 4 Ce) die e 320 1A ¥ 41 LA K 58 B SR TU AR S 2
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MR 4 (h) FIET 5 (e ) RTRL, AR S5 125068 T REAUAN s 22
] B4 DR T AR 225 1] SE TS 3R B T A 53, i i gk
AL 2 5] A KCA BEHURT CFP 41 2% i 5 44
AR Al R BLAT B B, X T a0 AR 2 IX ol B H— 3
P, IR S A

(h) PINet(Z<32)

(e) Luo (f) RFR (g) LGNet
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Fig. 4  Qualitative comparison of traditional methods and deep-learning methods on four sequences

((a) reference view; (b) hole region; (¢) VSRS;(d) Ahn;(e) Luo; (f) RFR;(g) LGNet; (h) ours)

(a) ZHHIE (b) Z5 X35k

(c) RFR

(d) LGNet

(e) PINet(430)

K5 R 22 2] 5 A Newspaper il Kendo 741 I 1 58 P L
Fig. 5 Qualitative comparison of deep-learning methods on Newspaper and Kendo sequences

((a) reference view; (b) hole region;(¢) RFR;(d) LGNet; (e) ours)
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2.4 EEXW

R B P A SCBEAY By 25 T B Fe 45 51, 43 ) ol
JH 1 B 5 M2 L (peak signal-to-noise ratio, PSNR) £/l
2t R A RLPE (structural similarity , SSIM ) VE FPEA 1
e 3R 2 IR ST EAE 6 AN T 91 A B ) BT AT
FI #7501 PSNR 1 SSIM ff . PSNR 2 5 T X v 1%
R 22 . SSIM S AAEH 5 B AR L)% 3 75
T A 1 27 [RIGORT E AR ELRAR U A 36 B8 . PSNR
I SSIM B AE R, BB i ey o i 3 2l 1, AR
ST SR G057 1k AR JE = S B RUAR EE , PSNR Al

SSIM VA 48 b5 7E Ballet J7 51 £ I 43 A& T 1. 2%~
21.2% F1 0. 4%~3. 8%, 1E Breakdancers J7 5] % I
IR TE T 0. 2%~3. 6% F10. 1%~4. 3%, 1 Love-
bird1 FFH4E A HHRTE T 0. 04%~2. 4% F10. 1%~
5.02%, TF Poznan_Street ¥ 5l 8 F 2 W& T+ T
2.9%~5.5% Ml 4.1%~8.5%; £ Newspaper #l
Kendo J7 94 b, AR SC 775 5 M BE A 2 MO A s R
2 5] YA [, PSNR AT SSIM 43 B 2 TF T
1.76%.2.63% F11.38%.0. 79% , (K B T A S5 ¥
AR

®2 AEFIIEEEREFRERIIL

Table 2 Comparison of hole-filling results on different sequence sets

BAS54 BA43 BR56 BR57 LB84
WIRZS
PSNR/AB  SSIM PSNR/AB  SSIM  PSNR/dB  SSIM  PSNR/IB  SSIM  PSNR/B  SSIM
VSRS (Wegner£,2008)  27.331  0.865 27.522  0.862 29.536 0789 27413 0762 20.890  0.676
Ahn (Ahn 1 Kim,2013) 30.819 0872 27.615 0.869 29.617 0790 28.013  0.770  21.037  0.677
Luo (Luo % ,2020) 31.594  0.880 27.996 0.870 29.551 0790  28.1772  0.772  21.280  0.701
RFR (Li % ,2020) 32.126  0.889 28457 0.870 30.065 0.796 28285  0.788 21301  0.703
LGNet (Quan % ,2022) 32731 0.891 29.989  0.872 30.188  0.798 28393  0.793 21338  0.708
PINet (4 30) 33.151 0.898 31291 0.876 30.614 0.799 28457  0.795 21.406  0.710
LB85 PS35 NP46 KD31
J7id
PSNR/AB  SSIM  PSNR/AB  SSIM  PSNR/AB  SSIM  PSNR/B  SSIM
VSRS (Wegner % ,2008) 22512 0.711 25.270 0.768 - - - -
Ahn (Ahn 1 Kim ,2013) 22.606 0.728 25.386 0.771 - - - -
Luo (Luo % ,2020) 22.656 0.729 25.541 0.775 - - - -
RFR (Li % ,2020) 22.889 0.735 25.877 0.793 23.423 0.798 29.416 0.884
LGNet (Quan % ,2022) 22.984 0.740 25.909 0.800 23715 0.800 30.102 0.889
PINet (4<30) 22.994 0.741 26.675 0.833 24.133 0.811 30.895 0.896
T I EAR SRR B R R -7 R & X U
2.5 JHBLSCIE F3 MR—EEENRYUERISSIG
2.5.1 ARR—# R h moAa ok Table 3 Ablation experiments of KCA
RRIE KCA 1A ZbE e T R i EE S ik BAS4JTHILE BRS56 /7514
TSI CA B DL K KCA B 1) [ 2% , 7E BA54 Fil PSNR/B ~ SSIM PSNR/AB ~ SSIM
BR56 J¥ 41 _E#EATS28 i . ansk 3 fras , AR SCE| A KA 32.285 0.893 29.490 0.791
(1) KCA R TR B 2% > S0l i 45 ol 22 LAY CA Bk CA 32239 0.892 29.438 0.790
RS WE ML AR o TR 6 R RN N 7 T ) PR % KCA 33.151 0.898 30.614 0.799

DTSR UN I KCA ML 5 BB i S 2 A A .

T L P SRR 5 8 R A2 2R
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X%, Bi¥E, i, Bk, ERE
AT [0 $ATL mn 24 0 =5 SRR e B i i I R I 4%

\\\}L‘

2

ERRIR EEEN CA KCA
E 6 FIR—EE R i mh s g He E

Fig. 6 Comparison of ablation experiments of KCA

2.5.2  JACE I RIA R

SRR B R SO A AL O A ke 1R T R
INANFERES IR R . i 7 s, st B
it e Ji — N RRAE U St 2R AT 601 S 3k
HEMI RN B A5 . WE TR LU I PG
A 3 A I BARAT SCREANY |, (H R A7 AE SO AR
IR B IS o RIAR S 6 TR W/ 30OR 7 vk 1Y)
HEENR AT LA SR B 4 R R

i S

2P ROl

TR
FL7 A A SR H

Fig. 7 Comparison of ablation experiments of weighted merge

FOE R &5 AL 3

2.5.3 EAREARE

T8 3 SRR I 3R OB R 6 T8 ) A5 I
X3 A 3R R A9 B R LS S . S Ul R TA] 2 ARk
L5 M), AR SCHE 23 T T RS R 1Y) Ballet 737 I
TS0 . RAG I T AT A UEOS I 25 28 .
ER R AR E B BRI MR . X
BE/INFI A I 36 AR U B, R A 3k 3 9 4% 1 de A
TERE
2.5.4 bR SCRMEAGRES IS A 2k

R UEAS SC Y CFP 0 S B 1) A 30k | W] As

F4 HFRKREIEBallet £ LRI
Table 4 The influence of the number of iterations on

Ballet sequence

AL PSNR/dB SSIM
4 32.128 0.887
6 33.151 0.898
8 33.086 0.895

TE O P AR ER R % S i 2 2R

5 KCA BLHGE B AR A A R E R, 38 5 R T 4L
B (baseline) . I KCA B | I CFP 462k
HE B B A5 78 R AR S % A BAS4 I 51 Fi BR56 I3 571
Y LA, Baseline 2 7 AR SC R 25 8 il KCA FEHe Al
CFPHAREE . AILIE 1, B4R CFP ik HE 3|5
i) [ 2 9V T ABAS SO 76 BAS4 741 | PSNR
SSIM 43 Il b B gk fin A KCA 5 B &5 Y 2. 03% Al
0.39%, AT WA SO i g Akt o DAL 8t T i, A%
SO E TRl 5T KCA BEHHT CFP 4 2% ] % 00 47
PRIGE SUF B, B9 H AR FT 225 10 A o —
Ega s
F5 L TRUBEEER A E MK
Table 5 Ablation experiments of CFP loss

i BAS54 7514 BR56 7414
ok PSNR/IB  SSIM  PSNR/dB  SSIM
Baseline 30.517  0.882 28346  0.789
Baseline+KCA 32491 0.894 29515  0.793
Baseline+CFP 32285  0.893  29.490  0.791
A3 33151 0.898  30.614  0.799

TE O IR R 7R 2% 9 B AL 2

ZE DI
I8 1T SURFAE A2 BB (9 il 52 56 X L PR

Fig. 8 Comparison of ablation experiments of CFP loss
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BT R AU 22 ) v 7 A 8 R T R 2 3 ) A
AT T — Pl g sk A 46 SR i 7 22 o el 15 ik
X A2 LR SR T TR JEE 2~ 14 4 s — i A S
g, ) 5 TN B IR 422, o 2o VR SR R A AR 2 A Y
FHR D TR R ZRME . RN 201 =

TIEHOS A R ST OGTE , IF AR TR =R 5|
A EF SURF RS SR AL B, (75 I 246 X R A DT i

BEATLIT . foe e TINAS G 905 8 e TR S A Y
FHIE . BEAN, B0 R PR A 2 ) 2 TREE A 755K, AR
SCH T T AL R 2 ) A A T R . S
LERIRW], 505 LI AR L AR SCIR 28 iU 1T Sy

45

o

RO BEWAFE—E R R FRYE . 1) 7E R 28 15 1Y
BT b Z R TR s A Sl B 23k
& 1 Transformer #2580 | 1 T Transformer 15 % H.A&
BRI AR IE R IR R Ty, AT DS B AR PERE . 2) A
ST AT A 3D A 91 AR DG IR 5 8T, iR 25
TR RS T, 2% RE 2 T 1ty 2 At P45 A AH OC
FE LI IS B ER R L SR . e S TR LATR
JEE a5 F {5 8 sk 2s s B .
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