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camera image captured using a color filter array (CFA-sampled

image) from an RGB color space composed of red, green,
and blue components into a decorrelated color space such as
YDgChbCr or YDgCoCg color space composed of luma, difference

green, and two chroma components. This paper describes three H
types of wavelet-based SST (WSST) obtained by reorganizing all \.
of the existing SSTs covered in this paper. First, we introduce

three types of macropixel SST (MSST) implemented within each Fig. 1: Bayer pattern of a particular area dirrot in Kodak
2 x 2 macropixel. Next, we focus on 2-channel Haar wavelet images [12] (eacl? x 2 pixel square is a macropixel): (left)

transforms, which are simple wavelet transforms, and 3-channel KRB full-color image and (right) simulated CFA-sampled
Haar-like wavelet transforms in each MSST and replace the image with corresponding diagram.

Haar and Haar-like wavelet transforms with Cohen-Daubechies-
Feauveau (CDF) 5/3 and 9/7 wavelet transforms, which are
customized on the basis of the original pixel positions in two-
dimensional (2D) space. Although the test data set is not big, color space (YCoCg-RCT) [7], wherE, Co, and Cg mean

in lossless CFA-sampled image compression based on JPE .
2000, the WSSTs improve the bitrates by about 1.67 to 3.17G|tym|a' (%r;;lngi(eccrgotr;zac,:_?r_ld green Chgomfat\(,:vomp(l)neln':s, resp;ec
% compared with not using a transform and the WSSTs that vely. e 0 _g IS composed o 0 Calculatons o
use 5/3 wavelet transforms improve the bitrates by about 0.31 the mean and difference between each color component. It
to 0.71 % compared with the best existing SST. Moreover, in decorrelates signals to a greater extent than the YCbCr-RCT
lossy CFA-sampled image compression based on JPEG 2000, thejoes, but this inferior-to-superior relationship may be reversed
WSSTs show about 2.25 to 4.40 dB and 26.04 to 49.35 % ingapending on the image. Moreover, some studies [8—11] have

the Bjgntegaard metrics (BD-PSNRs and BD-rates) compared . . .
with not using a transform and the WSSTs that use 9/7 wavelet discussed a family of RCTs different from the YCbCr-RCT

transforms improve the metrics by about 0.13 to 0.40 dB and and YCoCg-RCT. _ _
2.27 to 4.80 % compared with the best existing SST. Raw camera images captured using a color filter array
Index Terms—Color filter array, color transforms, raw cam- (CFA), such as a Bayer pattern (shown in Fig. 1) (CFA-

era image, spectral-spatial transforms, wavelet transforms, sampled images), are usually compressed after they have
YDgChCr, YDgCoCg. been processed with demosaicing, denoising, deblurring, tone-

mapping, and so on. On the other hand, many studies [13—-20]
have chosen to compress CFA-sampled images before process-
. INTRODUCTION ing, because professional photographers and designers tend

OLOR transforms, which change a full-color image frono Prefer to work with them directly. This paper focuses on

an RGB color space composed of refl)( green @), the transforms in [17-20], which are called spectral-spatial
and blue @) components into a decorrelated color spadéansforms (SSTs) in this paperin [17], Zhang and Wu
expressed by one luma and two chroma components, igcussed a lossless CFA-sampled image compression using
commonly used in image (video) preprocessing. Since therévdllat wavelet packets-based SSTs, which are composed
not much correlation between the resulting luma and chrorifhone-dimensional (1D) Cohen-Daubechies-Feauveau (CDF)
components, the color transforms greatly contribute to the dfavelet transforms [21], such as the 5/3 and 9/7 wavelet
fectiveness of image-processing implementations. Traditiodg@nsforms used in JPEG 2000, implemented horizontally and
compression standards, such as JPEG [1], JPEG 2000 mftically. In [18], Malvar and Sullivan proposed a macropixel
and MPEG-2 [3], employ irreversible and reversible colopST (YDgCoCg-MSS?) that is implemented within each
transforms (ICT and RCT) from RGB color space into YChC# % 2 macropixel and changes a CFA-sampled image from
color space (YCbCr-ICT and YCbCr-RCT), where Cb, and RGB color space into YDgCoCg color space for compression;
Cr mean luma, blue-difference chroma, and red-differené€re, Dy is the difference green component. The YDgCoCg-
chroma components, respectively. Newer compression sthhSST is obtained by adding calculations of the mean and
dards, such as JPEG extended range (XR) [4], advandclitierence between the green componenis &ndG.) in each
video coding (AVC) [S], and high efficiency V"?'eo coding 1Although SST refers to all transforms that change a CFA-sampled image
(HEVC) [6] use an RCT from RGB color space into YCoCgrom an RGB color space into a decorrelated color space such as YDgChCr

or YDgCoCg color space, the conventional SSTs in [17-20] are reorganized
T. Suzuki is with the Faculty of Engineering, Information and Sysinto the proposed WSSTs in this paper.

tems, University of Tsukuba, Tsukuba, Ibaraki, 305-8573 Japan (e-mail:2Although it is simply called MSST in [18], in this paper it is called
taizo@cs.tsukuba.ac.jp). YDgCoCg-MSST to distinguish it from other transforms.

Abstract—Spectral-spatial transforms (SSTs) change a raw "‘.'




macropixel to the YCoCg-RCT: i.e., it comprises only three TABLE [: Coefficients of 5/3 and 9/7 wavelet transforms.

calculations of the mean and difference between each color 573 or7
component. In [19], He@ndez-Cabronero et al. presented a Do —1//2 —1.58613434205992
. i ; ali up | 1/4  —0.05298011857295
lossless CFA-sampled image compression plpel!ne to JPEG o 5 0.88991 1075530940
2000. Although the SST is not explicitly stated in [19], by u 0 0.443506852043967

analyzing it carefully, we can see that the YDgCbCr-MSST
described later can potentially be used. In [20], Lee et al.
analyzed the relationship between the HL and LH subbandsitional YCbCr-RCT and YCoCg-RCT, and the existing
generated in [17] and decorrelated them more with simp§STs. Section Ill derives three types of WSST with 2D-
calculations. customized wavelet transforms, i.e., YDgCbCr-, YDgCoCg-,
This paper describes three types of wavelet-based S&id YDgCoCg2-WSSTs. Section IV compares the resulting
(WSST) that change a CFA-sampled image from RGB col9ySSTs with the existing methods in JPEG 2000 for CFA-
space into YDgCbCr or YDgCoCg color space. First, weampled image compression. Section V concludes this paper.
extend the YCbCr-RCT to YDgCbCr-MSST, which changes Notation Boldface letters represent matricek. J, O,
a CFA-sampled image from RGB color space into YDgCbGind superscript " denote a2 x 2 identity matrix, 2 x 2
color space, by adding calculations of the mean and differenesersal matrix, zero matrix, and transpose of a matrix/vector,
between theG; and G components in each macropixelrespectively. In addition, the size and dynamic range of the
in accordance with the YDgCoCg-MSST described in [18jmages in the figures have been adjusted for display.
This YDgCbCr-MSST has potentially been used in [19].
We focus on 2-channel Haar wavelet transforms, which are [I. REVIEW AND DEEINITIONS
simple wavelet transforms, and 3-channel Haar-like wavelgt ;
transforms in the YDgCbCr-MSST. Since other wavelet tran§i Cohen-Daubechies-Feauveau Wavelet Transforms
forms such as the 5/3 and 9/7 wavelet transforms can moré-DF wavelet transforms [21] are common transforms used
accurately predict pixels of interest in the predict steps affgf IMmage processing. In practice, the 2-channel 1D wavelet
decorrelate signals to a greater extent than the Haar wavdigPSformsW(z) often consist of lifting steps with predict
transforms can, we replace the Haar and Haar-like wavefitd update steps as follows [23]:

transforms in the YDgCbCr-MSST with the 5/3 and 9/7 0
. . . 1 Uk(z) 1 0
wavelet transforms, which are customized on the basis of Ws(z) = H 0 1 Pu(z) 1)’ 1)
the original pixel positions in two-dimensional (2D) space k=N-1
(2D-customized wavelet transforms). Second, we extend the update step  predict step

existing YDgCoCg-MSST in [18] with 2D-customized wavelefyhere: is a delay elementy is the number of iterations of the
transforms in accordance with the extension of the YDgCbGiwo lifting steps depending on the type of wavelet transforms,
MSST. Third, we find that the MSST derived from [20] generand P, (z) andUy (=) are polynomials with coefficients;, and
ates components similar to those generated by the YDgCoGg-

MSST. From this finding, we reconfigure the existing SST in .

[20] with 2D-customized wavelet transforms. We call the three ~ Fx(2) = (1+27)pr - and U(2) = (1 + 2)ur,  (2)

WSSTs YDGCbCr-, YDgCoCg-, and YDGCoCY2-WSSTS. Agespectively. Although the original wavelet transforms have
a result, we can consider that all existing SSTs coverggajing coefficients, we will omit them for simplicity in this

in this paper are particular classes of the proposed WSSHgdy. The coefficients, anduy, in the 5/3 wavelet transforms
because the transforms are obtained by constraining part(ng = 1) and 9/7 wavelet transforms\V( = 2) are shown in

the wavelet transforms in the WSSTs to index matrices aRgple |. Because the 5/3 and 9/7 wavelet transforms can more
Haar wavelet transforms. In lossless and lossy CFA-samplggkrately predict pixels of interest in the predict steps than
image compression based on JPEG 2000, the WSSTs ! Haar wavelet transforms can, they decorrelate signals more

use 5/3 and 9/7 wavelet transforms improve the bitrates agd ell. The (2-channel) Haar wavelet transforms have simple
the Bjpntegaard metrics (BD-PSNRs and BD-rates) compargghgict and update steps:

with the existing methods.

A preliminary version of this paper was presented in [22], Ho = {1/2 1/2} = F 1/2] [ 1 O] . (3)
where we discussed only the YDgCoCg-WSSTs for lossless -1 1 0 1]]-11
CFA-sampled image compression. This paper further presents update step predict step

the YDgCbCr-WSSTs and YDgCoCg2-WSSTs and reconﬁq.he above means that the calculation simply consists of

ures the derivations for lossy and lossless CFA-sampled imacga‘?culating the mean and difference between the two input
compression. signals

The remainder of the paper is organized as follows.

Section Il reviews the CDF wavelet transforms, the tra- .
B. Reversible Color Transforms to YCbCr or YCoCg Color

3The “HL subband” means the high-frequency (H) subband in the horizonapace for RGB Full-color Images

direction and the low-frequency (L) subband in the vertical direction after The YCbC | f h full lori f
wavelet transforms have been performed on the image: the “LH subband” ' N€ r color transform changes a tull-color image from

means vice versa. RGB color space into YCbCr color space [2]. Although the
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Fig. 2: Lifting structures of RCTs (white circles represent B & % Co
rounding operators): (top) YCbCr-RCT and (bottom) YCoCg- |- 1
RCT. R Cyg
transforms are classified into irreversible and reversible ver- G >D> >3 Y
sions, this paper uses the reversible version with lifting-based i - %/% F
low-complexity calculations (YCbCr-RCT). The YCbCr-RCT G > > > Dg
T, is expressed as (see the top of Fig. 2) [9] - %/% .
B > > )
[v,cb,cr]" =Ty, [G,B,R] ", 4) % %

where . i . .
Fig. 3: Lifting structures of MSSTs (white circles repre-

1/2 1/4 1/4 1 1/4 141 0 0 sent rounding operators): (top) YDgCbCr-MSST, (middle)
Tpr=|-1 1 0 0 1 0|-1 1 0. YDgCoCg-MSST, and (bottom) YDgCoCg2-MSST.
-1 0 1 0 O 1 1 0 1
)
where
On the other hand, the YCoCg-RCT,,, which changes _
a full-color image from RGB color space into YCoCg color /4 1/4 1/4 1/4
space with low-complexity lifting-based calculations, is ex-77,, = -1 1 0 0
pressed as (see the bottom of Fig. 2) [7] ' 0 0 -1 1
12 1/2 —1/2 -1/2
[Y,Co,Cqg] " =T, [G,B,R] ", (6) 0 0 1 0][1 00 0]t 010
~{jo1 000 1 00101 0 O
where 100 0 1| |1/2 0 1 0o[|0 O 1 0
[1/2  1/4  1/4 1 00 0[O0 00 1J]|0 0 0 1
Toy=1| 0 1 -1 1 12 0 0 1 0 0 0
1 —-1/2 -1/2 01 0 O0f|-11 0 0 ©
O 1 0 1 0 0|1 -1 O 0 0 1 1/2 0 0 1 O
=0 0 1 1/2 1 00 1 O 0 0 0 1 0 0 -1 1
1 00 0 1] 10 0 1 The sets ofG;, G2, B, and R are in macropixels of a CFA-
1 0 O 1 0 0 sampled image, as shown in Fig. 1. Hence, the transform is
0 1 1/2[ |0 1 O (7) obtained by adding calculations of the mean and difference
00 1 0 -1 1

between the7; andG, components to the YCoCg-RCT. It is
implemented as shown at the top of Fig. 7.
Herrandez-Cabronero et al. presented a lossless CFA-
ECltgeixm:tlng Spectral-Spatial Transforms for CFA-Sampled Im Lampled image compression pipeline to JPEG 2000 [19].
However, the Haar wavelet transforms were only used as
Malvar and Sullivan proposed YDgCoCg-MSST, which igreprocessing, and no SST was explicitly mentioned.
implemented within eactx 2 macropixel and changes a CFA-  On the other hand, Zhang and Wu found that Mallat wavelet
sampled image from RGB color space into YDgCoCg colgsackets are suitable for decorrelating CFA-sampled images and
space for CFA-sampled image compression (see the middleugkéd them for lossless CFA-sampled image compression; i.e.,
Fig. 3) [18]: 1D wavelet transforms were directly applied to CFA-images
T T like wavelet transforms are to RGB full-color images [17].
[Y,Dg,Co,Cg] = Toq[G1,G2,B, R| (8) In addition, Lee et al. found a redundancy in the HL and



LH subbands generated in [17] and decorrelated them mdiaar wavelet transform®{, in (3):
by calculating the mean and difference between the compo-
nents [20]. However, the transforms in [17] and [20] were not

_ 1/2 1/4 1/4 1 1/4 1/4][1 0 0

expressed as matrices. Hs= |1 1 ol=1lo 1 0 11 0

-1 0 1 0 O 1 1 0 1

I1l. WAVELET-BASED SPECTRAL-SPATIAL TRANSFORMS update step predict step
FOR CFA-SAMPLED IMAGES (15)

A. Preparation The 3-channel Haar-like wavelet transforf{s in (15) can be

This paper derives three types of WSST: YDgCbCr-WSStTpnsidered to be simpler versions of the 3-channel 1D wavelet
YDgCoCg-WSST, and YDgCoCg2-WSST. To derive them, wigansformsWs(zy, z2) in (12).
prepare 3-channel 1D wavelet transforms, 2 and 3-channel 2Dgjnally, let P, (I = 0,1,--- ,5) be the4 x 4 permutation
customized wavelet transforms including 3-channel Haar-likgatrices,
transforms, and six permutation matrices.

First, letW3(z) be 3-channel 1D wavelet transforms, i.e.,

extended versions of the 2-channel 1D wavelet transforms ? (1) 8 8 (1) 8 (1) 8

Ws(z) in (1): P, = , P =
0 0 1 0 01 0 O
o [l Un2)/2 Ui)/2][ 1 0 0 0 0 0 1] 0 0 0 1]
Wsz)= ] |0 1 0 Pe(z) 1 0 1000 0010
k=N-1|0 0 1 Py(z) 0 1 _ 100 10 |10 0 0

, P2=1g 00 11" {0 0 0 1 (16)

update step predict step(lo) _0 1 0 0_ _0 10 O_
[0 1 0 0] [0 0 1 0]
Next, let Wy (z1,22) and W3 (21, 22) be 2 and 3-channel _|00 10 _|001.00

. .. P4 ) P5
2D wavelet transforms obtained by customizing the 2 and 3- 1000 1 000
channel 1D wavelet transform&/, () in (1) and Wj(z) in 0 0 0 1] 0 0 0 1j

(10) as follows:
0
1 Uk 21,22) 1 0
2(71, 22) H Pi(z1,22) 1 B. Wavelet-based Spectral-Spatial Transforms to YDgCbCr
k=N-1 Color Space
update step predict step
(11) Theorem-1:The YDgCbCr-WSSTsT,, are expressed as
0 1 Un(z1)/2 Ui(z)/2 (see the top of Fig. 4)
Ws(z1,22) = H 0 1 0
k=N-1 |0 0 1

[Y7D97Cb7cr}—r :‘Ib’!‘ I:leGQ»B»R}Ta (17)

update step

L 00 where
Pi(z1) 1 0, (12)
Pi(z) 0 1 1 o Wi o) O
predict step Ty = Py o W3(21 ) Py o I
(18)

where Py (z1, z2) and Ug/(z1, z2) are polynomials,

Py(z1,22) = 1(1 +oart byt 2 e e (13) Note that the delay patterns in (18) are for a Bayer pattern, as
2 shown in Fig. 1, and they depend on the original CFA pattern.
Ur(21,22) = 1(1 + 21 + 22 + 2122) Uk, (14) The YDgCbCr-WSSTSt,, are implemented as shown at the
2 bottom of Fig. 5.

and z; and z, are horizontal and vertical delay elements. In Proof-1: As in the case of YDgCoCg-MSST in [18], we
the proposed transforms described below, the suitable delayl extend the YCbCr-RCT to CFA-sampled images (see the
elements are determined by taking into account the origirtap of Fig. 3),

pixel positions in 2D space. Also, 183 be 3-channel Haar-

like wavelet transforms, which are completely equivalent to the T T
YCbCr-RCT Ty, in (5), obtained by extending the 2-channel [Y,Dg,Cb,Cr] =Ty [G1,G2, B, R] (19)
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Fig. 5: Implementations of YDgCbCr-WSSTs: (top) Haar case and (bottom) 5/3 and 9/7 cases.

Gy Y TABLE II: Number of lifting steps in WSSTs.
Wo(zh, 2
o 217 2) o Haar 53 OI7
2 g YDgCbCr-WSSTs | 6 16 32
YDgCoCg-WSSTs 6 20 40
B Wy(z!22) > Cb YDgCoCg2-WSSTs| 10 44 48
R —Cr

G, and G, components to the YCbCr-RCT. The YDgCbCr-
MSST T, is implemented as shown at the top of Fig. 5.
By using 2-channel Haar wavelet transform& in (3) and
3-channel Haar-like wavelet transformd$; in (15), we can
redefine the YDgCbCr-MSST .. in (20) as (see the top of

Fig. 6)
_ 1 O H, O
TbT - PO |:O 7{3:| PO |:O I:| N (21)
To improve the transform’s performance, we can also use other
G —— Y
W(2) Wi wavelet transforms, such as 5/3 and 9/7 wavelet transforms,
‘. 2(21) Dy which can more accurately predict pixels of interest in the
- ' predict steps, instead of the Haar and Haar-like wavelet
B Co transforms in the YDgCbCr-MSST:
Wg(lz) Wg(zl)
R > Cyg = 1 (0) Wa(z) O

Fig. 4: Lifting structures of WSSTs: (top) YDgCbCr-WSSTs,
(middle) YDgCoCg-WSSTs, and (bottom) YDgCoCg2ioreover, we can obtain the YDgCbCr-WSSEs, in (18)
WSSTs. by replacing the 1D wavelet transformd/’s(z) and W(z)
with 2D wavelet transformaAy (2,1, 22) and Wi (21, 22),
to take into account the original pixel positions in 2D space.

where Remark-1: Because the predict and update steps of the
[1/4  1/4 1/4 1/4 YDgCbCr-WSSTs that use 5/3 and 9/7 wavelet transforms are

-1 1 0 0 implemented with more pixels around the pixels of interest

Tor = -1/2 -1/2 1 0 than those that use Haar and Haar-like wavelet transforms,
-1/2 -1/2 0 1 which are predicted and updated with only an adjacent pixel,

:1 0 1/4 1/4 1 00 0 the compression performance of the YDgCbCr-WSSTs that
01 0 0 ] 0 1 0 0 use 5/3 and 9/7 wavelet transforms is expected to be better than

=lo 0o 1 0 10 1 0 that of the transform that uses Haar wavelet transforms. We can
00 0 1 10 0 1 see that the pipeline system in [19], that uses the Haar wavelet
B 1 1/2 0 0 1 00 0 transfgrms betwees; and G? components before YChCr-

o 1 o0olli1 10 o RCT in JPEG 2000, potentially uses the YDngCr—MSST

0 0 1 0 0 o0 1 ol (20) (YDgCbCr-WSST that uses Haa_r wavelet transforms) in the

0o 0 0 1 0 0 0 1 system. Moreover, compared with other WSSTs introduced

later, the YDgCbCr-WSSTs are composed of fewer lifting
by adding calculations of the mean and difference between tteps, as shown in Table II.



& T Y Moreover, we can obtain the YDgCoCg-WSST,, in
3 % (24) by replacing the 1D wavelet transformd’;(z) with

R e — : L b 2D wavelet transformsWay(z;!, 20), Wa(zt, 25 1), and
B o o Wa(z; '), to take into account the original pixel positions
Lol H in 2D space.
R ! or Remark-2: For the same reason as in the case of
the YDgCbCr-WSSTs, the compression performance of the

VVVVVVVVVVVVVVVVVVVVVVVVVVVVVV YDgCoCg-WSSTs that use 5/3 and 9/7 wavelet transforms is

Gy AR P v expected to be better than that of the transform that uses Haar
L itk j %/é #Ho wavelet transforms. Because the YDgCoCg-WSSTs, in which

Ga Dyg all wavelet transforms in (24) are Haar wavelet transforms,

5 froseesseasenny o are clearly equivalent to the existing YDgCoCg-MSST in [18],
%/; 7‘{2 ] we consider that the existing YDgCoCg-MSST is a particular

R e o class of YDgCoCg-WSST. In addition, the YDgCoCg-WSSTs

have more lifting steps than in the YDgCbCr-WSSTs and
fewer lifting steps than in the YDgCoCg2-WSSTs described
in the next subsection, as shown in Table II.

B T : 3 Co
Lhh

> Cg D. Wavelet-based Spectral-Spatial Transforms to YDgCoCg-

. . . . Like Color Space
Fig. 6: Lifting structures of the redefined MSSTs (white

circles represent rounding operators): (top) YDgCbCr-MSST,
(middle) YDgCoCg-MSST, and (bottom) YDgCoCg2-MSST. Theorem-3The YDgCoCg2-WSSTE,,,, are expressed as
(see the bottom of Fig. 4)

C. Wavelet-based Spectral-Spatial Transforms to YDgCoCg

Color Space . -
Theorem-2:The YDgCoCg-WSSTsT,, are expressed as [Y,Dg,Co,Cg] = Tog2 [G1,G2,B,R| ,  (27)
(see the middle of Fig. 4)
[Y,Dg,CO,Cg]TZ‘IOg [G13G2737R]Ta (23)
where
where
I SR
T . _p Wa(z;t 2e) O p Ws(21) o 1p
Wa(z1 ', 22) o °g2 = =5 (0] I|"* O Wo(z1)| " ®
. (o) w -1 -1 . (24)
25152 7) Wa(=) O g (28)
Note that the delay patterns in (24) are for a Bayer pattern, as (0) Wo(z)| ™ ¥

shown in Fig. 1, and they depend on the original CFA pattern.
The YDgCoCg-WSSTE,,, are implemented as shown at the

bottom of'Fig. 7. _ Note that the delay patterns in (28) are for a Bayer pattern, as
Proof-2: The YDgCoCg-WSSTs are derived from theyy, i Fig. 1, and they depend on the original CFA pattern.

YDgCoCg-MSST in [18]. By using 2-channel Haar Wavele{he YDgCoCg2-WSSTS,» are implemented as shown at
transforms?L, in (3), we can redefine the YDgCoCg-MSST0 botiom of Fig. 8. g

T o In (9) as (see the middle of Fig. 6)
Proof-3: The YDgCoCg2-WSSTs are derived from the SSTs
T e = Py [7(-1)2 (I)] P, [7('52 ;” . (25) in [20]. First, let us consider the MSST derived from [20],

2 in which 2-channel Haar wavelet transforms are used for
To improve the transform’s performance, we can use othsifnplicity.* The MSSTT . is represented as (see the bottom
wavelet transforms, such as 5/3 and 9/7 wavelet transforms,
instead of the Haar wavelet transforms in the YDgCoCg-
MSST:

— W-(z) O W (z () 4In [20], the SSTs are composed of 5/3 and 9/7 wavelet transforms, not
Tog = Po [ (2)( ) I P, é( ) W . (26) Haar wavelet transforms, which adds calculations of the mean and difference
2(2) between the HL and LH subbands.
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Fig. 8: Implementations of YDgCoCg2-WSSTs: (top) Haar case and (bottom) 5/3 and 9/7 cases.
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YDgCoCg2-MSSTT ,42 in (29) as (see the bottom of Fig. 6)

O 7‘(2 O 7“2 O
I}P‘*[O %J P?’{o %Q] Pa.
(31)

Ho

Tog2 = P5 |:0

To improve the transform’s performance, we can use other
wavelet transforms, such as 5/3 and 9/7 wavelet transforms,
instead of the Haar wavelet transforms in the YDgCoCg2-
MSST:

Toz = Ps {Wé(z) (1)} P, {Wé(z) w?(z)] P,
i [W(z)(z) W?(z)] P,. (32)

Moreover, we can obtain the YDgCoCg2-WSSTES,, in
(28) by replacing the 1D wavelet transform®¥s(z) with 2D
wavelet transformsVs,(z2), Wa(z1), and Wa (2!, 22), to
take into account the original pixel positions in 2D space.

It is implemented as shown at the top of Fig. 8. We can see thahemark-Cs:For the same reason as with the other WSSTs
they generate components similar to those generated by '

YDgCoCg-MSSTT 4 in (9) because the relationship betwee

T og and T o42 in the case of MSSTs is expressed by

. 1
Tog2 = dlag{l, 1, —3 —2} Tog-

(30)

{H& compression performance of the YDgCoCg2-WSSTs that
lse 5/3 and 9/7 wavelet transforms is expected to be better
than that of the transform that uses Haar wavelet transforms.
Because the YDgCoCg2-WSSTs, in which the last wavelet
transformsWQ(zfl,zg) in (28) are index matrices or Haar

wavelet transforms, are clearly equivalent to the existing SSTs
in [17] or [20], we consider that the existing SSTs are

We characterize the color space generated7by, as a particular classes of YDgCoCg-WSST. In addition, compared
YDgCoCg-like (YDgCoCg2) color space. By using 2-channetith the other WSSTs, the YDgCoCg2-WSSTs are composed
Haar wavelet transform&{, in (3), we can redefine the of more lifting steps, as shown in Table II.



Fig. 9: Test images: (top and middle) images in [24] and (bottom) images in [25].

TABLE IV: LBRs [bpp]

in lossless CFA-sampled image compression using JPEG 2000 lossless mode.

Direct ReRGB| YDgCbCr-WSSTs| YDgCoCg-WSSTs YDgCoCg2-WSSTs
Test Images Haar [19] 5/3 | Haar [18] 5/3 Haar  5/3&Haar [20] 5/3
In [24], #0250 9.48 9.52 9.41 9.31 9.38 9.30 | 9.38 9.28 9.26
#0500 9.06 8.83 8.94 8.81 8.96 8.85 8.97 8.98 8.90
#0750 10.35 10.64 10.39 10.17 10.39 10.25| 10.39 10.16 10.14
#1000 9.45 9.18 9.21 9.09 9.22 9.11 | 9.22 9.25 9.17
#1250 9.51 9.21 9.10 9.00 9.09 9.00 9.09 9.06 9.01
#1500 10.02 9.87 9.77 9.69 9.77 9.71 9.77 9.81 9.74
#1750 10.03 9.89 9.86 9.75 9.86 9.80 | 9.86 9.90 9.84
#2000 9.79 9.83 9.62 9.48 9.61 9.52 9.61 9.52 9.43
#2250 10.34 10.76 10.36 10.16 10.34 10.21| 10.34 10.17 10.05
#2500 10.17 10.11 10.03 9.95 10.02 9.96 | 10.02 9.99 9.91
#2750 9.44 9.63 9.41 9.28 9.43 9.32 9.43 9.38 9.33
#3000 11.25 10.95 11.10 11.05 11.12 11.00 | 11.13 11.15 11.12
#3250 10.39 10.76 10.44 10.20 10.41 10.27| 1041 10.13 10.05
#3500 9.13 8.69 8.49 8.37 8.48 8.36 | 8.48 8.36 8.34
#3750 9.42 9.25 9.17 9.00 9.20 9.09 | 9.20 9.11 9.03
#4000 11.78 11.67 11.71 11.60 11.74 11.74| 11.74 11.77 11.72
#4250 10.02 10.27 10.02 9.89 10.01 9.97 | 10.01 9.84 9.82
#4500 10.35 10.88 10.60 10.43 10.55 10.50| 10.55 10.33 10.28
#4750 8.77 9.08 8.88 8.77 8.85 8.79 8.85 8.72 8.72
#5000 11.11 11.37 11.13 10.95 11.13 11.06| 11.13 10.91 10.90
In [25], Akademie 11.20 11.10 10.91 10.68 10.94 10.74| 10.94 10.73 10.65
Arri 10.49 10.50 10.23 9.97 10.23 10.02| 10.23 10.01 9.95
Church 9.81 10.10 9.77 9.54 9.76 9.54 9.76 9.58 9.50
Color Test Chart 9.58 8.65 8.94 8.83 8.99 8.89 | 9.00 9.05 8.97
Face 9.15 9.00 8.91 8.79 8.90 8.80 8.90 8.94 8.84
Lake Locked 10.15 10.05 9.88 9.71 9.89 9.72 | 9.89 9.81 9.74
Lake Pan 11.31 11.63 11.29 11.03 11.30 11.06| 11.30 11.04 10.99
Night at Odeonplatz| 10.22 9.68 9.69 9.60 9.69 9.60 9.69 9.72 9.62
Swimming Pool 10.62 10.66 10.40 10.23 10.41 10.27| 10.41 10.29 10.24
Night at Siegestor | 10.05 9.66 9.70 9.59 9.72 959 | 9.72 9.79 9.68
Average LBR 10.08 10.05 9.91 9.76 9.91 9.80 | 9.91 9.83 9.76

TABLE Ill: MSE of Dg components of all images.

Haar 5/3 9/7

Exist. SSTs [18] 292554.87 — —

Exist. SSTs [19] 292554.87 — —

Exist. SSTs [20] 292560.78 149287.56  142492.36
YDgCbCr-WSSTs | same as [19] 89934.13 66916.36
YDgCoCg-WSSTs | same as [18] 89934.13 66916.36
YDgCoCg2-WSSTs| same as [20] 80473.37 70006.71

IV. CFA-SAMPLED IMAGE COMPRESSION

left of Fig. 10, and the existing SST in [£8][19]¢, and
[20]7 in terms of the lossless bitrate (LBR) [bpp] with the
existing codecs designed for non CFA-sampled images, JPEG
2000, by usingimwrite.m  in MATLAB We used 5/3 and
9/7 wavelet transforms for lossless and lossy compression,
respectively, and a commonly used symmetric extension [26]
at the image boundaries. The “wavelet packets” as in [20] were
approximated by combining the SSTs with JPEG 2000, which
uses 5/3 and 9/7 wavelet transforms. As with the test images,
we used RGB full-color images of various sizes (about 3K

5The YDgCoCg-MSST in [18] is equivalent to the YDgCoCg-WSST that

We compared the YDgCbCr-, YDgCoCg-, and YDgCoCg2rses Haar wavelet transforms (Section 111-C).
WSSTs that use Haar, 5/3, and 9/7 wavelet transforms witlfThe pipeline system in [19] potentially used the YDgChCr-WSST that

Direct, which directly compressed a CFA-sampled imag
rearranged RGB (ReRGB), which merely rearranges co

gses Haar wavelet transforms (YDgCbCr-MSST) (Section 1lI-B).
""The SSTs in [20] are equivalent to the YDgCoCg2-WSSTs, in which the
M5t wavelet transformanVa (21 1 2) in (28) are Haar wavelet transforms

ponents from a CFA-sampled image as shown at the tggection 11I-D).



Fig. 10: Subband images Gbolor Test Char{clockwise from the top leftR/Y", G1/Dg, BICrICg, andG>/CblCo components):

(st row) ReRGB and YDgCoCg2-WSSTs that used 5/3&Haar and 9/7&Haar wavelet transforms [20], (2nd row) YDgCbCr-
WSSTs that used Haar [19], 5/3, and 9/7 wavelet transforms, (3rd row) YDgCoCg-WSSTs that used Haar [18], 5/3, and 9/7
wavelet transforms, and (4th row) YDgCoCg2-WSSTs that used Haar, 5/3, and 9/7 wavelet transforms.

to 5K) with a 16-bit dynamic range in each color componentent because the components could be obtained from the same
from [24] and [25], as shown in Fig. 9. To simulate the CFAealculations. In addition, we observed relationships between
sampled images, we subsampled the test images in accorddahee YDgCoCg-WSSTs and YDgCoCg2-WSSTs similar to
with the Bayer pattern in Fig. 1 and reduced their dynamtbose described in Section 1lI-D; they were not completely
range from16 to 14 bits because the actual sensor data ofteguivalent because of the rounding error. Table IV shows the
had only aboutl0 to 14-bit resolution at most. Since theLBRs [bpp] in lossless CFA-sampled image compression using
YDgCbCr and YDgCoCg color spaces have both positive atite lossless mode of JPEG 2000. Fig. 11 and Tables V and
negative values and the JPEG 2000 codec does not allow ingutshow the rate-distortion (R-D) curves with the bitrates
signals with negative values, we transmitted the transformpapp] and the peak signal-to-noise ratios (PSNRs) [dB] and
coefficients, which have5-bit positive values, by adding'4  the Bjgntegaard metrics (BD-PSNRs [dB] and BD-rates [%)])
to them on the encoder side and reconstructed the images afetiveen about 0.0625-2 bpp in comparison with Direct in
subtracting2™* on the decoder side. lossy CFA-sampled image compression using the lossy mode

. . of JPEG 2000. Furthermore, Fig. 12 shows the particular
Figure 10 shows the subband images of@wdor Test Chart eas of reconstructe@; components with aboud.5 bpp.

transformed by the WSSTs. The WSSTs that used the 5 lossless CFA-sampled image compression based on JPEG
and 9/7 wavelet transforms decorrelated each color compon B0 the WSSTs improved the bitrates by about 0.17 to 0.32
more thoroughly than t_he transforms that useq Ha_ar Wavef%p ('1.67 to 3.17 %) compared with not using a transform
transfo_rr_ns (see especially theg components in Fig. 10). nd the WSSTs that used 5/3 wavelet transforms improved the
In addition, Table Il shows the mean square error (MS itrates by about 0.03 to 0.07 bpp (0.31 to 0.71 %) compared
of the Dg components of all the images. Note that g\, e pest existing SST in [20]. Moreover, in lossy CFA-

components in the YDgCbCr-WSSTs and YDgCOCg'WSSE%mpIed image compression based on JPEG 2000, the WSSTs

that used the same wavelet transforms were completely equiva-
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TABLE V: BD-PSNRs [dB] in lossy CFA-sampled image compression using JPEG 2000 lossy mode.

ReRGB | YDgCbCr-WSSTs| YDgCoCg-WSSTs YDgCoCg2-WSSTs
Test Images Haar [19] 9/7 | Haar [18] 9/7 | Haar 9/7&Haar [20]  9/7
In [24], #0250 1.88 2.50 3.78 251 409 | 2.14 3.98 4.24
#0500 3.43 2.86 4.00 2.79 418 | 2.27 3.55 4.01
#0750 -0.30 0.71 2.58 0.51 272 | 0.16 281 3.08
#1000 3.61 2.73 343 2.65 3.56 | 2.10 2.86 3.28
#1250 4.78 5.19 6.27 5.17 6.62 | 4.70 6.19 6.51
#1500 3.86 4.03 4.96 3.96 525 | 343 4.68 5.09
#1750 1.00 0.97 2.19 0.92 240 | 0.39 1.91 2.38
#2000 0.91 1.82 3.20 1.73 3.53 | 153 3.18 3.66
#2250 -0.10 1.68 3.03 1.52 344 | 140 3.14 3.64
#2500 4.55 4.15 4.81 411 5.06 | 3.63 4.52 5.05
#2750 -0.21 1.26 291 1.11 3.23 | 0.82 2.76 3.25
#3000 4.90 4.08 4.90 3.96 5.06 | 3.46 4.54 4.90
#3250 -0.74 0.68 2.72 0.64 3.06 | 0.57 3.13 3.57
#3500 5.00 6.11 7.76 6.03 8.07 | 5.69 7.66 8.01
#3750 3.94 3.87 5.19 3.71 519 | 3.33 4.82 5.26
#4000 1.14 0.39 1.00 0.24 0.63 | -0.24 0.28 0.62
#4250 0.76 1.55 2.93 1.50 3.07 | 1.28 3.07 3.49
#4500 -0.63 0.20 2.20 0.24 232 | 0.18 2.47 2.97
#4750 0.32 0.90 2.42 0.96 2.85 | 0.70 2.75 3.08
#5000 0.92 1.49 3.42 1.37 339 | 1.13 3.49 3.85
In [25], Akademie 3.55 4.14 6.05 3.80 594 | 351 5.60 5.94
Arri 1.25 2.59 5.05 2.46 525 | 2.35 5.05 5.41
Church 0.73 2.61 4.82 2.46 523 | 2.35 4.75 5.07
Color Test Chart 6.43 5.64 6.50 5.48 6.61 | 4.90 5.88 6.34
Face 1.34 1.65 2.95 1.63 321 | 111 2.76 3.20
Lake Locked 3.34 4.06 5.72 3.90 597 | 3.61 5.61 5.99
Lake Pan 0.27 1.94 4.10 1.78 443 | 1.75 4.50 477
Night at Odeonplatz| 5.51 4.98 6.08 4.95 6.34 | 441 5.75 6.33
Swimming Pool 1.12 2.47 4.25 2.25 4.38 | 2.02 4.19 4.53
Night at Siegestor 4.47 3.65 4.61 3.50 472 | 2.94 4.00 4.54
Average BD-PSNR 2.23 2.70 4.13 2.59 433 | 2.25 4.00 4.40

42
40
38

36

=]

=34

[aed

Z 32

wn

=30
28
26
2

. i
0 02 04 06 08 1.0 1.2 14 16 1.8 2.0 0 02 04 06 08 1.0 1.2 14 16 1.8 2.0 0 02 04 06 08 1.0 1.2 14 1.6 1.8 20
Bitrate [bpp] Bitrate [bpp] Bitrate [bpp]

Fig. 11: R-D curves in lossy CFA-sampled image compression using JPEG 2000 lossy mod&0g8fl)(middle) #500Q
and (right)Night at Siegestor

showed about 2.25 to 4.40 dB and 26.04 to 49.35 % in tloe YDgCoCg color space. First, we extended the YCbCr-
Bjgntegaard metrics compared with not using a transform aRCT to YDgCbCr-MSST by adding calculations of the mean
the WSSTs that used 9/7 wavelet transforms improved thad difference between th@; and G, components to the
metrics by about 0.13 to 0.40 dB and 2.27 to 4.80 % comparexiisting YDgCoCg-MSST. We focused on 2-channel Haar
with the best existing SST in [20]. However, the inferior-toand 3-channel Haar-like wavelet transforms in the YDgCbCr-
superior relationship between the SSTs reversed dependingW®ST, and replaced the Haar and Haar-like wavelet transforms
the image. It may be better to apply adaptive selection of the YDgCbCr-MSST with 2D-customized wavelet trans-
several SSTs to each divided local area, as was done in f@kms. Second, we extended the existing YDgCoCg-MSST
to design more effective wavelet transforms in the WSST&th 2D-customized wavelet transforms in the manner of
for CFA-sampled images, and/or to design the transforms bytending the YDgCbCr-MSST. Third, from the finding that

considering the rounding error as in [27] and [28]. other existing SST implemented within a macropixel generate
components similar to those generated by the YDgCoCg-
V. CONCLUSION MSST, we reconfigured the existing SST with 2D-customized

wavelet transforms. As a result, we can consider that all of

This paper described three types of WSST that chang - . ; ;
CFA-sampled image from RGB color space into YDngérh% existing SSTs covered in this paper are particular classes
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TABLE VI: BD-rates [%] in lossy CFA-sampled image compression using JPEG 2000 lossy mode.

ReRGB | YDgCbCr-WSSTs | YDgCoCg-WSSTs YDgCoCg2-WSSTs
Test Images Haar [19] 9/7 Haar [18] 9/7 Haar  9/7&Haar [20] 9/7
In [24], #0250 -31.09 -39.96 -51.05| -39.65 -53.52| -33.28 -52.63 -55.14
#0500 -38.83 -29.16 -40.79| -28.66 -41.96 | -21.09 -31.47 -39.10
#0750 5.56 -11.72 -36.81 -8.59 -38.15| -3.08 -39.47 -42.37
#1000 -47.35 -34.29 -44.31| -33.46 -45.91| -28.22 -37.12 -42.76
#1250 -54.05 -54.19 -63.94| -54.20 -66.31 | -48.73 -62.34 -65.37
#1500 -52.24 -51.42 -59.08| -50.80 -61.62 | -44.05 -55.03 -59.55
#1750 -18.38 -18.05 -36.12| -17.05 -39.04 | -7.96 -30.77 -38.41
#2000 -16.68 -27.05 -44.82| -26.20 -48.15| -22.68 -43.57 -49.54
#2250 281 -25.62 -41.29| -23.20 -45.41| -22.05 -42.06 -47.28
#2500 -41.59 -32.35 -40.86| -34.07 -47.00| -22.93 -35.39 -47.40
#2750 2.53 -19.81 -39.29| -17.66 -42.52| -14.00 -37.85 -42.86
#3000 -58.52 -50.36 -54.69| -50.36 -57.49| -46.06 -50.19 -54.15
#3250 13.98 -9.53 -34.45 -9.28 -37.94| -8.13 -38.70 -42.99
#3500 -52.17 -60.55 -70.51| -60.03 -71.99 | -57.46 -70.11 -71.78
#3750 -47.69 -43.27 -55.39 -42.12 -54.93| -37.50 -50.35 -55.31
#4000 -24.26 -6.69 -22.36 -4.23 -20.30| 2.71 -8.89 -17.43
#4250 -12.09 -23.38 -39.68| -23.02 -40.88| -20.06 -40.99 -45.89
#4500 12.20 -1.42 -24.35 -2.74 -25.38| -1.93 -26.30 -32.96
#4750 -3.22 -11.28 -29.74| -12.29 -34.67| -7.58 -32.97 -36.67
#5000 -12.23 -19.43 -40.61| -18.13 -39.82| -15.03 -41.14 -45.62
In [25], Akademie -37.40 -39.86 -57.79 -37.16 -56.78| -34.85 -54.12 -56.85
Arri -14.93 -27.67 -49.89| -26.97 -51.30| -25.60 -49.72 -52.65
Church -8.91 -32.63 -53.23| -31.50 -56.54 | -31.04 -52.47 -55.24
Color Test Chart -62.89 -53.26 -59.27| -52.04 -59.59| -45.97 -52.28 -56.90
Face -23.55 -27.20 -44.16| -27.31 -46.81 | -17.86 -40.89 -46.41
Lake Locked -37.91 -40.53 -55.38| -39.14 -56.82| -35.57 -53.50 -57.10
Lake Pan -2.26 -24.43 -47.60| -23.47 -50.21| -21.81 -51.23 -53.51
Night at Odeonplatz| -61.59 -57.06 -65.01| -56.89 -66.45 | -50.62 -62.24 -66.21
Swimming Pool -15.15 -32.36 -50.34| -30.31 -51.14| -27.74 -49.61 -52.69
Night at Siegestor | -52.22 -41.34 -51.76| -39.53 -52.83 | -31.00 -43.06 -50.33
Average BD-rate -26.34 -31.53 -46.82| -30.67 -48.72| -26.04 -44.55 -49.35

Fig. 12: Particular areas of reconstructegd components in lossy CFA-sampled image compression using JPEG 2000 lossy
mode with abouf.5 bpp: (top)#025Q (middle)#500Q (bottom)Night at Siegestorand (left-to-right) original image, Direct,
ReRGB, YDgCbCr-WSSTs that used Haar [19] and 9/7 wavelet transforms, YDgCoCg-WSSTs that used Haar [18] and 9/7
wavelet transforms, and YDgCoCg2-WSSTs that used Haar, 9/7&Haar [20], and 9/7 wavelet transforms.

of the WSSTs. In lossless and lossy CFA-sampled imafumber 16K18100, from the Japan Society for the Promotion
compression based on JPEG 2000, the WSSTs that usedd@/S$cience (JSPS).
and 9/7 wavelet transforms improved the bitrates and the

Bjgntegaard metrics compared with the existing methods.
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