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Virtual Reality Video Intraframe Prediction Coding Based on Convolutional Neural Network

LIU Yue-hong' ,NIU Shao-hua’* and SHEN Xian-hao'
1 College of Information Science and Engineering,Guilin University of Technology,Guilin, Guangxi 541004 ,China

2. School of Mechanical and Electrical Engineering, Beijing Institute of Technology.Beijing 100081, China

Abstract In order to improve the performance of virtual reality video intraframe prediction coding,convolutional neural network
algorithm is used to select video frame coding unit(CU) to reduce the complexity of video image coding. Firstly,quantization pa-
rameters are set to obtain the virtual reality video frame samples,then the image coding tree is constructed,and the convolutional
neural network (CNN) frame coding unit optimization model is established. The image brightness of frame samples is taken as
the CNN input,combined with the image rate distortion cost threshold,the optimization results of the frame coding unit are ob-
tained through training. Using CNN training optimization, the coding tree(CTU) structure with different depths and an appro-
priate number of CU modules can be obtained according to the intraframe coding requirements of different texture modules of the
image. Experiments show that,by reasonably setting the convolution kernel size and quantization parameters, CNN algorithm can
obtain better image quality and less coding time than common video intraframe prediction coding algorithms.

Keywords Intraframe coding, Virtual reality,Convolutional neural network.Coding unit,Convolution kernel size

HE 0L B0 S 57 A S e RS TAT M 80 R S A0 A
TSR 3 25 M LB S g R AR i TR AR B R AL
A0 T4 AT F DR T 40 175 Ay g 00 0 ST A3 114 ST I % i 1 £ 42
B R STRE R AT WUE 15 9 WA S i B0 F 5 2o B v, TP 26
T 1 M £ 45 25 18] TOAY 25 BRACR A B 8. PRt 3 ot oy Bl
X AH 48 WTAF 5 ) R HE AT I 43 A7 . T LA RCH R N 4
RO, T DRAE 7 $R O A g T A0 B R IS IR R A AR

FH H B .2021-11-17 & & H#.2022-03-15

Y R LA L TN B I A SR A 0 Dy R L R
BT P9 T 24 7 o3 B B A P 7E g RS B T G Al A T A
RURACT AT . A SCHYBF 5 & 3 T 4 T 50 0 1Y 45 1 i
B, ARt T A5 ORE A v B 0 B8 A A 249 385 80 10 22 e 1 4 1
it R[], B 25 R 1 SF 4 0 R RS B A U R S B R A D i
T 5058 (0 W 22 . OB IR T BUHE A 2% 1 TR )2 G % 0RT K 4
T AT Y LR .

FATH . FHE A KRR YIS (6196101005 )7 78 [ 9K B 2% 3£ 4 (2018GXNSFBA050029 . 2020GXNSFAA297255) 5 I 74 Rl £ 5 K & W Ck: Fl

AA19046004)

This work was supported by the National Natural Science Foundation of China(61961010), Science Foundation of Guangxi Province

(2018GXNSFBA050029,2020GXNSFAA297255) and Guangxi Science and Technology Major Special Project(Gui Ke AA19046004).

HAGEVEH M B 5% (yj_sxh@sina. com)



128

Computer Science THEMFL2  Vol. 49,No. 7, July 2022

25, 5 P T 4 4D 4 B B BF 5T 8 £, Zha %L“
ARG T E 2% EG 0 DE WiP e R SR m L JR RS T —
YRR S T YT AT DU EE AR R T M P R Jﬁﬁ%ﬂﬁﬁcﬂ:aﬁ
LT E B T WA G R R0 R G B RA M AR AR 3
HAR . AR SO G 8 B0 0 R0 2k B & f B B 4
2% (CNN) H T 4 1% B2 5T 1 0 1k 18 B, 8 fe 1 I 0 o vk B
2 2k AT B B e RS T A A A 55 AR Y (] R, TR
CNN I ZRA & 46 1 M #0080 92 00 001 I R 1y LTU&&%
& J CU M 3RHL,

1 1hod A Tl 4% A9

T P 50 2t A A A A g A ) — 0% A AR R T IR
25 [B) 04 5] R vt P 24 5 3 B 8 ) 3R 5 2 4 A B8 (CUD Y
idJév\%ﬂi‘ﬁ‘{W%itﬂ<Jﬁ?§[> S P SR P T B T 4 B 1Y
B 3 308 ek %) PR A% M 800 1) 4 3 2 i 0 00 488 2K 1 e 5 L BE
R e W ASCHE 388 A 1808 R AR U AR G B 2R BLRE
&) 1% — i SR 2 B B (CTUD 2k #4723 %1, CTU 45 #
WE 1 AR SRR CTU #E 47 CU # & . 1 CU WAl LU
— U 4 S B & Y A B G, DA B 2 TN BR 0T 1Y
B

i

K1 CTU 45y
Fig.1 CTU structure
Y5 CTU 2549, 7 LR B AR 53 A /) R/ By CU, 3 i
AN AR U A S5 A T R 4Dy 0~3 3k 4 BB LIR 4

# CTU 4
Bt

WA RO R Y ST T EE R o & T’AJ!IDI’%I 2

CU

CU

B 2 CU%H

Fig. 2 CU structure
TEX AR #EAT CU R 430 AR R BER s 8 83l 18 3R 7
W CU R 3Pk MR R E 2 19 X3 CU R -8/ LA
A R 25 2k T B A PR AR A T o e 4 T S R K T R
X G EE 09 CU X4y A5 I E 2, i M AR B &
KX CU B PR ELURS HE R 23 £ 1 7 B8 0K, IR 8 2 2] Bk

PR A i e CU A il 7 i B 2 F B
TESE I CU R4y Z J5 . e 46 A7 A CU /Y 100 S £ 152
FPEHE, WA HOAR 38 CU N 2 115 18 3Rk 2 BT IR 4 B 119

PR F A A €0 B R BE b R FH 00 AR = S B T P L AR
XM ME 3 Fis.

18 1920 2122 2324 25262728 29303132 33 34

17
16
15
14
13
12
11
10

9

0: THEAA
1: DC# K

N W ey a0

T3 Py ) A
Fig. 3 Intraframe prediction mode

P 3, P A5 R DC A X 43 1 A F 0 28 0O 3 B
SURL, HoAl S 4 SR ] 2 — 34 19 77 ) 10 RS L A A vk
B — R I 7 3K, 43 50 3 48 R [l A T B PR SR 2k LR
A (RD-cost) , i i RD-cost 1 1E [n] HE )77 , 2 3 HE 2 5 1 19 750
I e 2K, 3 LI 5 7] BE 4 28 (Most Probable Mode, MPM)
1E 2 BRAR U

2 LR 2% B o PR T 4% Y

M P 50 00 2t i = e i P ) R A A% 3R T it Py )
18 FR R A GBS i T o, 45 AR b 8 I 49 B LA 34, I it
AR SR JH A TR 42 00 4% R0 T it P9 1000 2 5
2.1 HRBEMEEEL

WCARREARE X= (2 s2z 2y
TR L5 ¢ R BRBERAN .

z,J:j(EHI,,I % Ry +b,) (D
o by F by 3 SRR L 2N ARAE § T A Kl B+
KB, fCO N

) om MR R AR P4

o 1
f =17 ()

XN AREA M m A FEAE 2
Size) H h X w, He B () YT,

AT B AL B B R S (Kernel

g(r)= max () 3

4 M= \I/(h><w) A 2 J?ﬁizk X= () a5 s an) B
GRS R A REAR R X

IRIE XX AT e e as 5

= («1‘] 2 X2 9" T ) °

M
=f(Za; (2t x kD +bD)
=1 (4D
sot Za; =1, 0<q;<1

R OB E CNN BT A E %2 &5k
MFEAZE S,

BEHE b AT RIS R SEBRAE SR v, Rl d o 1R 25 T 6,
RRA

S =C(dy —y )y (1— ) 5

BEE (R L1 )2 & LA P A, W5 L

o2 4% Bl



XL A5 o R T 4 AR 22 00 45 14 400 390 S A0 AR T o T 2 AT

129

FEA N iR o,
.
0, =y (1) 2o, W 6)

Hod,n, W M &It B L1 2 M IT R AL
&L

AwﬁW):foﬂAwmm—l%+D&hj <)
Horpr,p g %,

B Aby Go) 1 335 7 Xk

Aby () = 1+wmm(n D+1é, (8
Hir,a AmMEEH LK, M oa=1., HEFHRER.

wy (n+1) =y (n) +Awy (n) 9

WS 1 I R

by (n+1)=b; () +Ab, () a1

A R BiRE E N

| m
=7g¥@—mﬂ an
X E W 2 U B BRI AU Ik AR AR S Y CNIN A,

2.2 MARBERE
HHE CNN F ik CTU 347 CU Rl 43, 1 S B i
JEME R CNN #i A il CNN 28 CTU 3 44
‘ME%EKEJE@ CTU R BE 43 HI3H 5 RD-cost; SR J5 84 2 5 Hil Il
Gitd i CU ;s i g b4 W0 s, LR 2R 4 iR,
[ PR R 9 B AR |

v
[ EGRpIIOR AR
v

[ SLONN#CTUR JE HUll B 2

le——
| & AR LRI

| WU e
v

[ I HCTUR JE 45 % |

[ 5MPMAtib, JfiffRD-cost |

[ #as5mupmncusty |

% 3| EARAEN
o (R fE?

[ #apessmssr |

Pl 4 CNIN ) g pAy 51 00 2 A5 O 7

Fig. 4 Intraframe prediction coding process of CNN
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Table 1 Test sequence
%5 X
1 DrivingInCity
2 AerialCity
3 Balboa
4 Broadway
5 Landing

RT3 [R5 AT it 32 BB, 3% B 1 & b 2 41 (Quanti-
zation Parameter, QP){H 435l A [22,27,32,37] . FZ & &= ¥
#rbrife  PSNR Fl WS-PSNR. J AT S %5 A 1 HM 80k
D B3 1 A R i e 9k 0 6
3.1 AEEMR~THIBT 4 EE

W3 8 43 Bk 4K, 2R AN [E] kernel size 5 CNN 2544
YRR T 5 AN REAR HEAT I I, 36 90E AL A5 2 B BT £ I
SR T )L SRR 2— 3R 4 g,

* 2 HTHERECE R 2X2)

Table 2 Coding performance (convolution kernel 2X2)

BAEE QP PSNR/dB  WS-PSNR/dB AT/%
22 45.67 44,82 34.61
27 42. 34 41.75 38.35
DrivingInCity
33 39. 86 39.16 41. 24
37 35.62 34.98 44.17
22 43.31 42.77 25.44
. 27 40. 96 40.01 28. 39
AerialCity
33 38.24 37.62 32.27
37 35.85 35.03 34.12
22 46.97 46.22 35.13
27 42.80 42.10 38.53
Balboa
33 39.47 39.11 41.67
37 36. 37 35.96 43.27
22 46.52 46. 06 35.91
27 42. 39 42.12 38.66
Broadway
33 39.11 38.75 41. 85
37 35.62 35.01 43.98
22 45.67 45.23 33.87
27 42.23 41. 89 35.94
Landing
33 39.71 39.12 38. 34
37 36.52 36.07 40.12
# 3 gAnMERE (B 3X3)
Table 3 Coding performance (convolution kernel 3X3)
B % QP PSNR/dB WS-PSNR/dB AT/%
22 45.53 44. 80 37.18
27 42.31 41.73 39.12
DrivingInCity
33 39. 80 39.12 43.06
37 35.62 34.93 46. 22
22 43. 30 42.75 27.31
. 27 40. 95 39.97 29.22
AerialCity
33 38.22 37.60 33.58
37 35.83 35.01 35.62
22 46. 96 46.17 35.83
27 42. 80 42.06 39.21
Balboa
33 39.45 39. 10 42.24
37 36. 35 35.93 44.18
22 46. 50 46.03 36. 31
27 42. 36 42.10 39. 24
Broadway
33 39.08 38.72 42.56
37 35.58 34.97 44.32
22 45. 65 45.21 34.69
27 42.20 41. 86 37.11
Landing
33 39.68 39.11 39. 14
37 36. 50 36.03 41. 24
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Table 4 Coding performance (convolution kernel 4X4)

HEE QP  PSNR/dB WS-PSNR/dB  AT/%
22 43.21 43.16 39.43
27 40. 07 39. 25 40. 86
DrivingInCity
33 37.75 37.06 44.21
37 32.62 32.03 46.93
22 40. 83 39.77 29.48
27 37.96 37.01 30.63
AerialCity

33 35.38 34.79 34.77
37 32.22 32.08 37.59
22 43.38 43.12 36. 24
27 39.27 39.06 40.16

Balboa
33 34.62 34.21 43.75
37 31.58 31. 44 45.21
22 41.78 41. 31 37.19
27 38.56 38. 24 40. 26

Broadway

33 35.83 35.12 43.05
37 32.80 32.27 45.11
22 40. 21 39.98 35.27
. 27 37.93 37.85 37.96

Landing
33 34.67 34.53 40.97
37 32.47 32.15 42.15
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Table 5 PSNR and WS-PSNR values of four algorithms

KA g% PSNR/dB  WS-PSNR/dB
BT A 33.95 31.56
[ L A 41. 81 39.62
DrivingInCity .
2 4 42,12 40. 86
CNN 15. 67 44,82
VS i 34,25 32. 44
. R AL AR 39.78 38.67
AerialCity .
% % 39.61 38.61
CNN 43.31 42.77
A 38.56 37.38
R AL R Ak 41. 26 40. 67
Balboa .
R % 43.32 42.19
CNN 46.97 46. 22
R F A 39.51 39.16
[ L A 42.83 42.09
Broadway .
LS 44.01 43.25
CNN 16. 52 46.06
7’ A 37.34 36. 83
i R AL B AR 42.55 41.98
Landing .
R W % 42.82 42.27
CNN 45.67 45.23

F 6 BD A% R G A i (]

Table 6 BD bitrate and coding time

BEE B % BD # % /kbps 4 % il /s

M 49231. 83 2821.03

. ) B AL A 56317.32 3301.17
DrivingInCity .

AW % 55617. 35 3125.78

CNN 56483.76 3209. 24

LS &0 69347. 25 3021.56

o B AL 3R A 85167. 85 3582.32
AerialCity .

2 % 85395. 33 3527.46

CNN 86010. 82 3608.73

ES &0 121413.82 3523.02

B AL IR AR 182311. 34 4172.55
Balboa .

AW % 178356. 98 4280. 21

CNN 183723.56 4322.67

VTl 176624.09 4623.18

i AL Ak 211079.47 5379. 66
Broadway .

AW % 210835. 21 5400. 93

CNN 211214.05 5423. 85

LS &0 89324. 56 4609, 37

. AL Ak 101234, 72 5307. 49
Landing .

2 % 100060. 38 5200. 83

CNN 101190. 92 5221.68
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