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Abstract In this paper, we propose an intra prediction method for depth picture using CNN
and Attention mechanism. The proposed method allows each pixel in a block to predict to select
pixels among reference area. Spatial features in the vertical and horizontal directions for
reference pixels are extracted from the top and left areas adjacent to the block, respectively,
through a CNN layer. The two spatial features are merged into the feature direction and the
spatial direction to predict features for the prediction block and reference pixels, respectively. the
correlation between the prediction block and the reference pixel is predicted through attention
mechanism. The predicted correlations are restored to the pixel domain through CNN layers to
predict the pixels in the block. The average prediction error of intra prediction is reduced by
5.8% when the proposed method is added to VVC intra modes.

Keywords: video coding, intra prediction, depth picture, attention mechanism

* Corresponding Author: skkwon@deu.ac.kr 2024 / accepted April 15, 2024

+ 0] E=EE AR EAHAREAT)Y Agoz AR FAY] 1) S9stn HAFH2ZEY A Ft #1432}
Agagel Afe wol £ ALAERAAAARIA 2 BT AFASTAECTATAE, A2A%
A(IITP-2024-2020-0-01791, 100%)3} F-2FgIA] 2 (A)F 3) A&t AR, A3AH A}
A2k 1e) BB2Iplus A9, 4) Bolsn BHE LTG0l F T, WA A

Manuscript received March 18, 2024 / revised April 14,

_35_



Intra Prediction Method for Depth Picture Using CNN and Attention Mechanism

Attention

R

7
3

o

o
il
W
O go
T

]
o

N X
T

=}
< o
&

M

M

3ol

=
=

£ 3

il =R e AA A

[e)
&

%

]

o

A

el

|

o

el
Nr

N

A, Attention 7]

o
A

—

el

+

B

=
i)

XE
o
o

ojp

o

3
o

el

-
al

el

FAY (Kwon et

&

Ag BEsn

7

7} A =

N oo T
— P 70
.
W
=z i~
ﬂﬂ_ ‘M AT
T
T o N
e T
To O] —
Tz
Gl o
m T
N
Zﬁ A =
- T T
4 T =
R
= MW
Ho
T°
ﬂo
-

al.,, 2017; Ren et al., 2017; Zhao et al., 2017;

Jiang et al.,, 2019; Lee et al., 2019),

gt

3

2013; Li et al, 2016; Oh et al., 2018).

el

)
_ZT-E
-

Ny

P

ojp

N

5 GAdAE

A =24 (SLAM:  Simultaneous

ul
=
Localization and Mapping)®ll

(Aguilar et al., 2017, Sun et al, 2017).

reed

)l

B zlo] gde] A

9]

_?4

il

Ho
o)
oy
Nd

rel

5742 Attention 7]

27

Ho

o
TR

Ho

el

Ho
o}
(]

_ZTI

el
Ar

—_—

=

~

o

-

o
ol
28
it

4

—~

o

oF

i~

4

!
e

—_—

0

= X
ol

o T dr
_Z|~| 1 ox
T A
o Lﬂ Amo
g ™
o xE W
™ =
B T N
]

ganid o

T o °

)

)

T

o
oF
el
_Zrl

A =

= O
=

i s W e

ok

=

o]

—_—

—_—

)
N
o

o)
plo

b

ﬁo

al

=

N

R

it
il

i
i

Bo

ziol 3 W AA)

AlZF ATt

ki3

th

$ A7) Wi

g4 nch v

R

¥ 917}

el

a

i~

]

i)
1o
el
%

N

W

il
)

AR o] A TRl

S

A+t

el

=0

il

o

A

@

3)

%

3422 Attention 7S

B

e
]

™
)

)l

|

ol

il

el

_36_



Journal of Korea Society of Industrial Information Systems Vol.29 No.2, Apr. 2024 :35-45

4},

]
)
.

w

=L Attention 7|

0 vt

>
=

ol

3. CNNz2} Attention=
H

il

kel
pal

RRE

o

i

5

=

o
ot H.264/AVC (Kwon

Il

1

.

=

i ghel A oR vehd,
T

)

=
=

=
=

2005), H.265/HEVC (Sullivan et al,

1

o
H

14 e

)

A s

A A s}
et al,

rel

o]
M

2 o

2012), VVC (Bross et al.,, 2021) 59

B O
‘;Inwﬂ —~

%0
§
<

3

o) 7

2
EEo

o=

W mxm =Z7]9

™
Nro
T
o
W
)l
o}
B

oA CNN A

=

i=]

el

ul
=

K

e

<0

o
_zr.c
_ZT

7ol
mo
o]
il

—

wr
"

Ho

Positional
Attention 71H <&

F 3 Attention 719

o Aol we

e
=

encoding

Q.

N2

|
B

N
No

"
o

e

)A

<

]
&

ol

—_—

0

o=

&t

S

-1 0

o

FAH

)
5

s

=
-

/K(—)] ;d,

L

fu

st&7t 7HA
& ned d87) gk

1

9
pul

14 3

o
R

—_—

0

el
i
_T&

mxt

left block

txm
top block

mxm
predicted block

2 ofl A

2

3

]

[¢)

o

val
4

R
o

=

=

H.264/AVC

L

R

3

[¢)
, Nenci et al.(2014)

Rl

<

s

I

bl 9l

©

e

SHIE 3tAavhs A
al

7ol

& g
g =
+ 2 © o
= "
2B |23 | B| |22
g & g = = ==
$=3 0 O < =P
g & g — g 8
= m £ & £
A 5 5
- >
2 §
= @)
T 3 " "™ P o
= i) B
e w2
o} X
iy o 7o o
o oo L
= = ﬂm
— Mo
o o % A
N o T
el ™
e BoE o owm N
el B R
o ) > -y
Q) 9)
/h ‘UI ig _Tu il
< WS B
- Al o
o o wr
N F iy
3 Yo W
g TG E:T i s
2 T W™ 0T
z A
I 3 ma s
7 2o o 4 e

Fig. 1 Flow of the proposed method

3.1 &=

b ol

. ©

5ol A9 MNAFHA
t}. Lee and Kwon(2022)

=

o5

e

==
o

ar
o

~N

B

B’

_37_



1xmxf

horizontal spatial features

2! Positional Encoding

txm top block

Intra Prediction Method for Depth Picture Using CNN and Attention Mechanism

)
£
3
g
12
w47
=
& ]
o 2
£ %
& =g
=g
g
£
Ry
)
(¥
9
=
[:=1
2
%
Wl Em g
‘m]ﬂ
10
P <
S-S
A
NS
o o
feaell
%o <0
T =
—_
,O|O
o !
W<
R o
ur
B
R
N
on oF

left blocks

transpose
Fig. 3 Spatial feature extraction for top and

'_‘O] 'd 26]'
(1)

=1 A

ol WESY=A

(i (i,5) = B)/ (a = B))

topJeft)

9 wow W

inputpos (z}j)

(pos

)

o}
Br

Bo

e
&

T
B

ace)

o

)\O]_

A7NAM (U, PE

)

%}\—‘7’}‘ Z] é\:%}:, ptopg’]' Dieff
EREE

Fel ol

<

z%%

=

Attention 7|H<

A sk g, inpute,St inputies

°

4

ol
==

3

Fol mxmxf 3

S

o7 Hx

E

o°

°

T

<
il

b H =

Ade T

3x3

bk £ e

pud

R

Gl
X

wr

el

© oy

ﬂo
wr
~
Ho

—

;01_

CNN A

)
r
~

b
m

]
ﬂo
wjr

il

(2)

SUL,5.k) if k< f
Sy(1,i,k) otherwise

ol 2o & UrehlH olfe}
0<i,j<m,0<k<2f)

Flinjoh) = {

=07} 10] HEH

Z2el

CNN A&

Bo

o

N

B!
B

Bo

oA7IA Syet Sy b g

1xmxf

. —

=

= 714 =717k 1x191 CNN

-
R

2

S

Ixmxf Jee F

m<m>x2f FH <
ol

=

o] o
= -

W whA]
Attention 7]HolA]

= ol A

[e]
5
T
=
-1

mx*3 Conv
PReLU

No padding m
vertical direction

txmxf

H.@H

3x3 Conv
PReLU
extraction

txm
B

Fig. 2 Module structure for spatial feature

o

N

Mo do

i~
Ho

o
oF

i

I Syet Spe obefek #Zel

=

=

e,

(e}

‘CH

o]

E1Ncl;

ks

7T

G
X

ﬁo
&+

</

X

o

-

wjr

N

N

e

o
Ton
o

o

Z]

Aol

TK

|

0<i<2m,0<k<f)

_ZT
el
il

—

ifo<i<m

S(1,i,k)

(3)

Sy(1,i—m,k) otherwise

R(1,i,k)

__01_
%)

~

o
jzel
o
Az
o

|

N

]
<+

—_—

X

_38_



Journal of Korea Society of Industrial Information Systems Vol.29 No.2, Apr. 2024 :35-45

Fig. 4+ Attention 7|¥ A &% 93 F31H4
549 y¥3ts Bl

1xmxf mxmxf

a—
S8 =y — | duplicate |[—»
spatial feature map

oftop area

1xmxf mxmxf !.
e I |

mxmx2f

transpose

spatial feature map ! 1x1 Conv
of left area : PReLU
m m
S — —_— b 2
T — T -
ey e - m
-
1x1 Conv
PReLU

r‘ mxmxf
F

Fig. 4 Merging spatial feature maps for
target block and reference pixels

N,
Ko,
[
o
Y
=]

e (¥
N
ek

e r
Bl
-
=
ol
o i,
o
by
2
(i
&
m
_1_4
IM
=2
>

1m
=
lo,
2
o,
=
LY

I

, Positional encoding<

S ok

o
-

\r ol
of o

;

4 2t} Positional encod1 g
I3 52 gk 9Ix5 dudste] o]
ojth. o5 Tl HX]Oﬂ gk 2
FQ glo] A HARE F71E
£l LﬂE-rJf’ﬁﬂH{— obeff A&
Positional encodingS %} -& 3%k},

<) UE

S &2 b
1

o —|—‘
nck

2
2.

[ Pulik) itk < /2
PE(i,j. k) = Py (4,k), otherwise
O0<ij<m,0<k<f)

(4)

Attention 7% (Vaswani et al., 2017)& < ¢
Holg o thFst FFo delH o=z HF3)
54 840 ¢ B 84S Foste 54
AZstE "ed Fxolth. Attention
Query, Key, Valued 357 dolgHE ¢
o} Query$t Value:s= ZHzF 948 dlo]E ol
549 Zx3 o)y 5AS 9u|stal, Key
= Valuedl H$HE Fo2ZH, QueryE: 3
&ute Values #7] fgk Aolth  F,

Attention 71¥H< Query} #FAFe Key7l 71A

S
o o ot &2

= Valueg %+ Aeolth Query, Key, Valuedl
gk 489S A4 Xo Xk, Xo#bal S-S di, o]
52 7 I 7?%55} HolE Wy Wy, Wis
Fzxste] g5 Zo] WEHET
K:XK® W[{
V:XV® WV

o714 & 3E Folu. Attention 7]Hol
A BtEe AR Wy, Wy Wrg Ze Jo=
Aojd 4 k. Q9 KY A== Q9 Kib
TH AEEY WHES B Feir e o
2B o 2ol 9F dXE K o] Y
o2 AME 4

1 ¥ softmax TFE AL BE Q49
gk 3to] 1o H& & FH= HEst & )
&3 7ol Querye Key 7+ FAMEo wE

Value®| 75 &< AlAbg.
Z=softmax(score) @V (®)

I 0% 7 ug Aoz AHoyE FFNN
(Feed—- Forward Neural Network)E 7 X t}.

_39_



Intra Prediction Method for Depth Picture Using CNN and Attention Mechanism

FFENN(Z) = ay,® (0(a; ® Z+b,)) + b, 9

AN a, @, b, bz 7—,% @}% i

01‘3% o= g“*ﬂ

+ PReLU(Parametric

= A g3ttt PReLUE

Ho dia] ¢Fd FF AT s 1vR =
]

o]

h=]

H3lal, 7Y 4% g5 7hed HeE w9
zrol 389t PReLUE 948 xo dis] o3}
2ol 23},

PReLU(z)= {ax,ifl’ =0 (10)

A7NAM a s 7 Wgolth B =i
A= dd9] Attention 71 H8& ATTN(Xp,
Xg, Xp= x7]st)

o= B2 F7HA EAo| Attentions #-&
st sl Fpeol 4 A9y £ Ade H
et prxf FEE WMEIT, O F oS B
I A 3 I 54 AAds 27
A3 Query s Fpp= dhil, Key9t Values R=Z
3lo] Attention 719 S E‘r%ﬂ o] A&t}
A=ATTN(Fpz, R, R) (11)
O % prxf gEHe AS WEsle] 549 =
7NE mxm< Pt HA st 4] (11)9] Attention
7Y 485 8 A5 EF U 4 gihAe Fx
stae] A S5 e $304 5439 A
AP o g2 JhEste] daldo. 5 Z A Es
M= Fx sahe FHH 5Ao] o F EE
 stae] $7HA SAol @Wol whedEt

& gow B
&

=] [}
Ei__

i e
o i

B
o\
o
o
<A
3
3
<k

i

o
st} &A3) k& vhAE CNN layer®
U

A3k Y xl= PReLUol™, wlx]u} layers
sigmoide]t}. Fig. 5 &1H3 EAS 34 3o
2 Wgshe 25 HATh
mxmxf
1x1 Conv
— _
PRelLU
m X X2
L g 1x1Conv |
PReLU
m ¥ x4
L ] 1x1Conv |
PRelLU
mxmxf/8 mxmx1
Hj 1x1 Conv |:|
L» — e e
sigmoid
predicted

block

Fig. 5 Conversion of spatial features to
pixel values

FH EAA wEE sHa ge [0, 119

A9 el ok o2 9 i g WelE W

337 98] ol Ae Hgdh)

y(i.j)= L R(i,j,1)*(a—p) + 8] (12)
A7l L e g @5, 9¥® A5

3.5 Hlo|H M 2t st

Atsles MEYAE gFsty] fs dolH
Ao 2 NYU Depth Dataset (Silberman et al.,
2012)S g3ttt dlg delHAlS 1,446%9]
e s Z9gs o)t Fig. 62 3 ©
ol¥ Aleo] IRE nlth Zhzhel st dis|
(mto)x(mtt) 2719 5552 8sto] dolH
e AAET YE %EL shre A 3k 9
80221 1,157 A FZ=€ °F 151,00070¢] &

_40_



Journal of Korea Society of Industrial Information Systems Vol.29 No.2, Apr. 2024 :35-45

mput blocks
S ehh Il TW
im W°

ground truth H
el |
|

predicted blocks by the proposed network

predicted errors

Fig. 7 Block prediction results through the proposed method

S FF olFoXx, UMEHYA st AFS 2 A7) 128, ol EAE 128, S5 E S 1x10°2
w2 e FEE oF 51,0009 EZS & 2 g, o)& & stoly FEtuHE oy W
3l o] Foxith. gES ste] o] T FHie ATl voE #e
S5 9% &4 g4+ g9 MSE(Mean 2 AA% Aot} Aotd vEYAL vl g
Square Error)E Ab-&-3ht} ZUEYA W EA F re dF E59 27
m, TLE A g dge] Foloh Hk g Y
nom Mol A= 747 16, 16, 4% shu}.

loss = 5 2323065 =y 13 ]Fig. 78 g e cﬁé A%s Wl
o] w Aoty WL JQED o Weka T
=9} fAEE AxE Btk kA QEZ &
o} g Aoty B T4 5o nAy A
Wako] i) oS st AL Helt ol Al
otel Wo] J HEst iTo WP REE

A & AdS5S Bl

At e v El [ m, ¢ o w

2 Agrs ASAS S Blugt
Table 1> 54 7l £ W& MSEE HAH. 7
Fig. 6 Samples of pictures for simulation 7} AASEE o= HAIFEI} ZolRAT} A £
b2 olgd Ae A Astwe Ad F75
A skt oy HAe A 16014 24 W Wl
4 deza o gelehs AL duBTh pl U F 4
YEYa & EFAez Q8 va&42l 3
B mRdA Ads WENZY AR 5 Fo] ootk
Aok e shel sloln wevlE e )



Intra Prediction Method for Depth Picture Using CNN and Attention Mechanism

Table 1 Prediction errors for £

f

8 16

24

MSE

19716 | 192.58

169.61

=
2 Az 5 a9bo 7%3]7} Holx FHA A

W o] 7| =
o] ol

A 7] ol v,

Table 2 Prediction errors for m

16

192.58

Hlwsttl, VVCeY | u o F2
planar &

Z3e3 =

[

=9} WAy X E=(Angular mode)E
670 st W Fos mevE 9t
HE dld VVCe s ul oSl A
JEZ mez Frlste] d#je] std

g olE B3 Fostel vl

sho] 7}

meeting room desk

Fig. 8 Depth videos for comparison simulation

with VVC

gtth. Table 4= VVCY JQE& RE=E3 AgH
sk o] AA gtel disl MSEE =43 2
W2 A 58%¢ MSE 7MAS Hlt, o=
At o] 7]E W U oFS fg JIE
g REg AT 5 dtE 2E 1l

Table 4 Comparison of intra prediction between
VVC and the proposed method

MSE
Video VVC | including | improved
Intra proposed rate
modes method
desk 198.82 186.32 6.3%
kitchen 131.33 124.46 5.2%
meeting 19453 | 18446 5.1%
room
desk 136.32 127.58 6.4%
5 2 &8
2 =wodAE o] e FastelA sid
U d=& 93 EYIE Ay, =32
24 ek BE5O Ad a9 e Fx
StARFEH 7 ey a3 Wi 34 5
AES 9% CNN AFS &8 A=5H1, 5
2 weky 37 weko 2 WEQlth Attention
WS B Fx g4 dF £ Y ska 7
IS dFsta, ol E3l 4 &



Journal of Korea Society of Industrial Information Systems Vol.29 No.2, Apr. 2024 :35-45

CNN AlFS &3
W3E o N o

o
u
H
ot
2
rO
i,
ok
L
rlo
N
g
n ool %
~
2,
4z
fo
ot
B

HN
g
¥
lo,
)

ofo
)
=
[moft

(ol Ho oX
[
=
£
i
1

i o
=
]
=1
S}
=]

-y
L x
= 19‘ ﬁ
N
ol
opy
tlo o
o
= Og L X
2 X4
> = Ay
S
a= 4
R
_04 ols
o
offl £ 2
o2 als i)
>
e
=
% 4o L
oL 1-011
o2 oo 2 Joby 30 ©
e Fon ooy

References

Aguilar, W. G., Rodriguez, G. A., Alvarez, L.,
Sandoval, S., Quisaguano, F. and Limaico,
A. (2017). Visual SLAM with a RGB-D

A Quadrotor UAV Using

On-board Processing, Proceedings of the

Camera on

Advances in Computational Intelligence: 14th
International Work-Conference on Artificial
Neural Networks, June 14-16, Cadiz, Spain.,
pp. 596-606.

Bross, B., Wang, Y., Ye, Y, Liu, S., Chen, ],
Sullivan, G. J. and Ohm, J. (2021).
Overview of The Versatile Video Coding
(VVC) Standard and Its Applications, /EEE
Transactions on Circuits and Systems or
Video Technology, 31(10), 3736 - 3764.

Jiang, M. X, Luo, X. X., Hai, T., Wang, H.
Y., Yang, S. and Abdalla, A. N. (2019).
Visual Object Tracking in RGB-D Data via

Feature Complexity,

Genetic Learning,

4539410.
Kwon, S. K, Kim, H. J. and Lee, D. S.
(2017). Face Recognition Method Based on
Local Binary Pattern using Depth Images,
Journal of Korea Society of Industrial
Information Systems, 22(6), 39 - 45.

Kwon, S. K., Tamhankar, A. and Rao, K. R.
(2006). Overview of H.264/MPEG-4 Part 10,
Journal of Visual Communication and
Image Representation, 17(2), 186 - 216.

Lee, D. S. and Kwon, S. K. (2022). Intra
Prediction Method for Depth Video Coding
by Block Clustering through Deep Learning,
Sensors, 22(24), 9656.

Lee, D. S, Kim, B. G. and Kwon, S. K.
(2021). Efficient Depth Data Coding Method
Based on Plane Modeling for Intra Prediction,
IEEE Access, 9, 29153 - 29164.

Lee, D. S. and Kwon, S. K. (2019). Vehicle
Plate Detection Method by Measuring Plane
Similarity Using Depth Information, Journal
of Korea Society of Industrial Information
Systems, 24(2), 47 - 55.

Li, Y. (2012). Hand Gesture
Using Kinect, Proceedings of the

Recognition

2012
[EEFE International Conference on Computer
Science and Automation Engineering, June
22-24, Beijing, Chian, pp. 196 - 199.

Li, Y., Miao, Q., Tian, K., Fan, Y., Xu, X., Li,
R. and Song, J. (2016). Large-scale Gesture
Recognition with A Fusion of RGB-D Data
Based on The C3D Model, Proceedings of
the 23rd International conféerence on pattern
recognition, Dec. 4-8, Cancun, Mexico, pp.
25 - 30.

Nenci, F., Spinello, L.
(2014). Effective
Data Streams for Remote Robot Operations
Using H.264, Proceedings of the 2014
IEEE/RSJ International Conference on
Intelligent Robots and Systems, Sep. 14-18,
Chicago, 1L, USA, pp. 3794 - 3799.

and Stachniss, C.

Compression of Range

_43_



Intra Prediction Method for Depth Picture Using CNN and Attention Mechanism

Ren, C. Y., Prisacariu, V. A., Kahler, O., Reid,
I. D. and Murray, D. W. (2017). Real-time
Tracking of Single and Multiple Objects
from Depth—colour Imagery Using 3D

Signed Distance Functions, International

Journal of Computer Vision, 124, 80 - 95.

Ren, Z., Yuan, J., Meng, J. and Zhang, Z.

(2013). Robust Part-based Hand Gesture
Recognition Using Kinect Sensor, [EEFE
transactions on multimedia, 15(5), 1110 -

1120.
Oh, K. J., Han, D. H. and Kwon, S. K.
(2018). Character Floating Hologram Using
Detection of User's Height and Motion by
Depth Image, Journal of Korea Society of
Industrial Information Systems, 23(4), 33 -
40.
Silberman, N., Hoiem, D., Kohli, P. and
Fergus, R. (2012). Indoor Segmentation and
from RGBD

Proceedings of the 12th European Conféerence

Support Inference Images,
on Computer Vision, Oct. 7-13, Florence,
Italy, pp. 746 - 760.

Stankiewicz, O., Wegner, K. and Domanski,
M. (2013). Nonlinear Depth Representation
for 3D Video Coding, Proceedings of the
IEEE International Conference on Image
Processing, Sep. 15-18 Melbourne, Australia,
pp. 1752 - 1756.

Sullivan, G. J,, Ohm, J. R, Han, W. J. and
Wiegand, T. (2012). Overview of The High
Efficiency Video Coding (HEVC) Standard,
IEEE  Transactions on  Circuits  and
Systems for Video Technology, 22(12), 1649
- 1668.

Sun, Y., Liu, M. and Meng, M. Q. H. (2017).
Improving RGB-D SLAM in

Environments: A Motion Removal Approach,

Dynamic

Robotics and Autonomous Systems, 89, 110
- 122.

Vaswani, A., Shazeer, N, Parmar, N.,
Uszkoreit, J., Jones, L., Gomez, A. N., L.

Kaiser. and Polosukhin, 1. (2017). Attention
is Al
Neural Information Processing Systems,
Dec. 4-9, Long Beach, CA, USA, pp.
5998-6008.

Zhao, Y. Carraro, M. Munaro, M. and
Menegatti, E. (2017). Robust Multiple Object
Tracking in RGB-D Camera Networks,
Proceedings of the IEEE/RS] International

Robots  and

Systems, Sep. 24-28, Vancouver,

pp. 6625-6632.

You Need, Proceedings of the

Conference on Intelligent

Canada,

_44_



Journal of Korea Society of Industrial Information Systems Vol.29 No.2, Apr. 2024 :35-45

& A & (Jae-hyuk Yoon)

Ho

R

©
- [}
a A
> g
R 3
7 L
gasel
< ° g
T
) 8
oo
I A~ X
Ho <R o
T w P
. N

ZES)

(Byoung-ju Yun)

A9 A7

b7l

3

. @)

B}

i ARFEe)

Tor
Ho

=
2
<
M

_45_



