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Abstract

This paper presents a simple, fast coding technique for lossless compression of mosaic video data. The design of a video codec

needs to strike a balance between the compression performance and the codec throughput. Aiming to make the encoding throughput

high enough for real-time lossless video compression, we propose a hybrid scheme of inter and intraframe coding. Interframe

predictive coding is invoked only when the motion between adjacent frames is modest and a simple motion compensation operation

can significantly improve the compression performance. Otherwise, still frame compression is performed to keep the complexity low.

Experimental results show that the proposed scheme achieves higher lossless video compression ratio than existing methods such as

JPEG-LS and JPEG-2000.

r 2005 Elsevier Ltd. All rights reserved.
1. Introduction

Digital video has become a prevalent and rich
information source in all walks of life. But unlike film
cameras, which can capture the red, green and blue color
channels simultaneously, most digital video cameras
record color signals by sub-sampling color bands in
particular mosaic patterns, such as the popular Bayer
color filter array (see Fig. 1) [1]. At each pixel, only one
of the three primary colors is captured, and the other
two missing components are interpolated via color
demosaicking to reconstruct the full color image
[2–15]. In the current design of digital video cameras,
color demosaicking is carried out first. The demosaicked
video is then subjected to lossy compression before
being stored or transmitted [4,9].
In this research we question the merits of the above

workflow: color demosaicking followed by lossy com-
pression, in overall system performance and ultimate
e front matter r 2005 Elsevier Ltd. All rights reserved.
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video quality. In the current design, constrained by low
cost, throughput bottleneck and power conservation,
the color demosaicking process is done inexpensively
but also sub-optimally on camera. Unfortunately, the
‘‘demosaicking-first and lossy-compression-later’’ pro-
cess is irreversible, and once done it will deny the
opportunity to improve video quality by running state-
of-the-art, albeit computationally more expensive, de-
mosaicking algorithms on the original sensor data when
ample computation resources are available and new
demosaicking technology is developed in the future.
Compression of demosaicked video rather than of

raw mosaic video directly can also be counterproduc-
tive. Color demosaicking triples the amount of raw data
by interpolating red, green and blue channels. Ironically,
a key task of color video compression is to decorrelate
the interpolated color bands. This essentially attempts to
reverse the demosaicking process. In other words, the
current scheme of ‘‘demosaicking first and compression
later’’ increases the algorithm complexity, reduces the
compression ratio, and burdens the on-camera I/O
bandwidth.
With these considerations we argue that raw mosaic

color video data should be first compressed on camera
without any loss or under a very tight bound on

www.elsevier.com/locate/rti
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Fig. 1. (a) Bayer pattern; (b) an original mosaic image; and (c) the

demosaicked color image.
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compression errors (near-lossless coding). Color video
demosaicking should be performed later, most likely off
camera. This new workflow permits the raw mosaic
video to be decoded without any loss, and then post-
processed by the most suitable sophisticated joint
spatiotemporal color demosaicking techniques to ex-
tract full color video of the best possible quality
[11,13,14]. For high-end applications where the visual
quality has paramount importance, this is particularly
important. It is necessary to compress the raw mosaic
video losslessly and store it on camera.
Some lossy and near-lossless compression methods

for digital cameras with a color filter array have been
proposed [16–20]. These schemes use techniques such as
discrete cosine transform [20], subband coding by
symmetric short kernel filter [19], format transformation
followed by JPEG [17,18] and structural transformation
followed by JPEG-LS [16] to achieve the data reduction.
However, few literatures have been reported on the
lossless compression of mosaic video sequences.
In this paper we propose a simple, fast hybrid scheme

of inter and intraframe lossless compression for mosaic
video data. The main goal is to make the encoder
throughput high enough for real-time video coding,
while maintaining the compression ratio at a competi-
tive level. For each input frame to be encoded, we
compute the intraframe difference of it and the
interframe distance between it and the previous frame,
which serve as the measurements in the adaptive
switching between the two coding modes. If the
interframe distance value is smaller than the intraframe
difference value, the previous frame can give a better
prediction of the current frame and thus a fast
interframe coding technique is used. Otherwise, the
interframe prediction accuracy is considered to be lower
than the intraframe prediction and then the current
frame is encoded by using an intraframe coding method.
This hybrid strategy judiciously spends computation
resources when simple temporal prediction can remove a
bulk of data redundancy in time.
The paper is organized as follows. Section 2 presents

an intraframe lossless compression scheme of mosaic
images, while Section 3 presents the switch mechanism
between the intra and interframe coding together with a
fast interframe lossless coding method. Experimental
results are reported in Section 4, and finally conclusion
is drawn in Section 5.
2. Intraframe lossless coding method

The pixels in the current frame Fj are sampled with
the Bayer pattern, as shown in Fig. 1(a). Most existing
lossless image compression schemes developed for
continuous-tone images are not suitable for mosaic
images, since they assume a degree of smoothness of the
image signal, which is not true for mosaic images. To
avoid this problem we separate the raw red, green and
blue interlaced data into three parts. For instance, the
mosaic image

(2.1)

is divided into red and blue sub-images

(2.2)

and green sub-image G that contains the remained green
samples.
The green sub-image G should be first coded because

the green channel has twice as many samples as the red/
blue channel and hence it has higher spatial correlation.
Once G is coded, it will be used as a reference in
predictive coding of the red and blue channels through
spectral correlation. However, the samples in G form a
diamond grid, while all existing lossless image compres-
sion standards operate on square sample grid. To
circumvent this problem, one can transform the green
quincunx lattice into the rectangular lattice before
compression. Many transforms are possible, such as
separation, rotation, merge and reversible de-interlacer
[17]. For simplicity, we split G into two rectangular
parts:

(2.3)

where Ge consists of the green pixels Geven,even and Go

consists of the pixels Godd,odd.
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The resulting sub-image Ge can be coded using any of
the existing lossless image codecs, such as JPEG-LS [21]
and JPEG 2000 lossless mode [22]. Of course, one can
also compress sub-image Go independently of Ge. This
is, though, clearly suboptimal for that the correlation
between Go and Ge is totally ignored. Instead, we
propose a predictive coding scheme of Go based on Ge.
Referring to Fig. 2, we compute a prediction of each
sample Godd,odd in Go, denoted by Ĝodd;odd , using its
neighbors in Ge. The residual signal eodd ;odd ¼ Godd ;odd �

Ĝodd;odd is losslessly coded so that Go can be perfectly
reconstructed from Ge. Many interpolation methods can
be used to predict Go from Ge, such as bi-linear
interpolation, bi-cubic interpolation and the more
sophisticated linear minimum mean square-error esti-
mation (LMMSE) based interpolator [23]. In order for
simplicity and fast implementation, we use the bi-linear
interpolator so that Ĝodd;odd is computed as the average
of its four nearest neighbors.
After the green sub-image G is compressed, the red

sub-image R and blue sub-image B are to be compressed
by exploiting the spectral correlation between the color
channels. In particular, we compress the color difference
signals G� R and G� B rather than the red signal R
and blue signal B themselves. This is because the
difference signal is much smoother than the individual
color component signal. Interestingly, many of color
demosaicking algorithms also assume the smoothness of
G2n,2m

G2n+2,2mt

G2n,2m+2

Ĝ2n+1,2m+1

G2n+2,2m+2

Fig. 2. Godd ;odd is estimated from its available neighbors.

Fig. 3. (a) The red and (b) blue channels of a test image. (c) The gr
the color difference signals in the color interpolation
process [3–5,8,10,15]. In Figs. 3(a) and (c), the red and
blue channels of a test image are shown, and they are
compared with the green/red and green/blue color
difference images placed in Figs. 3(b) and (d) respec-
tively. It is evident that color difference signals have
much lower energy than the individual color channels
themselves.
In order to code the color difference signals G� R

and G� B, we need to estimate the missing green values
from the existing green samples at the pixels Reven;odd and
Bodd;even. Denote these estimates as Ĝeven;odd and Ĝodd ;even

respectively. Fig. 4 shows the case that Ĝeven;odd is to be
interpolated by its neighbors. The case to interpolate
Ĝodd ;even is symmetrical. Being similar to computing
Ĝodd ;odd , computing the estimates Ĝeven;odd and Ĝodd ;even

can be implemented by using bi-linear or bi-cubic
convolution but in horizontal and vertical directions, if
encoder speed is of main concern, or by using more
advanced methods such as [23] for higher estimation
accuracy and hence better compression, if there is
computation power to spare.
Denote by ĜR and ĜB the estimated green sub-images

that consist of Ĝeven;odd and Ĝodd ;even respectively. The
color difference images are now formed as

DR ¼ ĜR � R; DB ¼ ĜB � B (2.4)

DR and DB are then compressed by JPEG-LS as gray
scale images. They are far more compressible than R

and B due to spectral de-correlation between the color
channels. Finally, the decoder can get the original
mosaic samples R and B back from DR and DB and ĜR

and ĜB.
3. Interframe lossless coding scheme

In the presence of relative motions between adjacent
frames, video compression technique of choice is
interframe predictive coding, facilitated by motion
estimation and compensation. Accurate motion estima-
tion is, however, computationally intensive, and its real
een/red and (d) green/blue difference signals of the test image.
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Fig. 4. Geven;odd is estimated from its available neighbors.

Fig. 5. A row and a column of mosaic data that intersect at a red

sampling position.
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time implementation is difficult and costly. This is why
motion-based video coding standard MPEG was
primarily developed for stored video applications, where
the encoding process is typically carried out off-line on
powerful computers [24]. The MPEG design is asymme-
trical in terms of complexity, with the encoder being
much slower than the decoder, because only the decoder
needs to play back the compressed video in real time.
For lossless coding of mosaic data on video cameras, the
system requirement is exactly opposite: high encoder
throughput is needed. For this reason we develop in this
section an interframe coding scheme that requires only a
small fraction of the cost of full-search motion estima-
tion. In addition, we switch from interframe coding
mode to intraframe coding mode if the former does not
offer a significant coding gain.

3.1. Switch of coding mode

The selection between intraframe and interframe
coding modes depends on the degree and complexity
of the motion. To assess the motion, we first need to
interpolate the missing green samples in frame Fj�1. This
can be efficiently done with a linear directional filtering
method, for example, the second order Laplacian
correction filter proposed by Hamilton and Adams [5].
Let us examine the case depicted by Fig. 5: a column

and a row of alternating green and red samples intersect
at a red sampling position, where the missing green
value needs to be estimated. The symmetric case of
estimating the missing green values at the blue sampling
positions of the Bayer pattern can be handled in the
same way. Denote the red sample at the center of the
window by R0. Its interlaced red and green neighbors in
horizontal direction are labeled as Rh

i , i 2 �2; 2f g, and
Gh

i , i 2 �1; 1f g respectively; similarly, the red and green
neighbors of R0 in vertical direction are Rv

j , j 2 �2; 2f g,
and Gv

j , j 2 �1; 1f g.
Let D0 ¼ G0 � R0 be the unknown difference between

green and red channels at the sample position of R0. We
first obtain an estimate of D0, denoted by D̂0, and then
recover the missing green sample by Ĝ0 � R0 þ D̂0. The
reason for estimating the color difference signal D ¼

G � R rather than the green signal G directly is that D is
much smoother than G. Referring to Fig. 5, the
horizontal and vertical differences between the green
and red channels at R0 can be estimated as

Dh
0 ¼

1

2
Gh

�1 þ Gh
1

� �
�
1

4
2R0 þ Rh

�2 þ Rh
2

� �
(3.1)

Dv
0 ¼

1

2
Gv

�1 þ Gv
1

� �
�
1

4
2R0 þ Rv

�2 þ Rv
2

� �
(3.2)

Note that all the filter coefficients are of form 2�n,
n 2 Z, which makes the hardware implementation very
fast. In [5], the second order gradient of red samples and
the first order gradient of green samples are calculated
respectively in horizontal and vertical directions. If the
horizontal gradient is smaller than that of vertical, then
D̂0 ¼ Dh

0; otherwise D̂0 ¼ Dv
0. This decision is to avoid

the interpolation across image edges, which will affect
the visual quality. For speed considerations we may
omit these operations and simply let D̂0 ¼ ðDh

0 þ Dv
0Þ=2.

Our experiments show that this has almost no effect on
compress performance.
Denote the interpolated green channel of frame Fj�1 as

(3.3)

Gj�1 consists of half the original green samples and half
the interpolated samples. Denote the green channel of
frame Fj as

(3.4)

Let (dx, dy) be the motion vector between the two
framesGj�1 andGj. In video compression, the estimation
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Fig. 6. Illustration of the encoding procedure.
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accuracy of (dx, dy) is one of the most important factors
that affect the final compression performance. However,
the heavy computation load of accurate motion estima-
tion makes it impractical for our purposes. In this paper,
we restrict dx; dy 2 �1; 0; 1f g. To further streamline
computations we determine dx and dy separately in x

and y search windows:

dx ¼ arg min
d2 �1;0;1f g

PP
nþm¼even

Gj
n;m � G

j-1
n;mþd

���
���

dy ¼ arg min
d2 �1;0;1f g

PP
nþm¼even

Gj
n;m � G

j-1
nþd ;m

���
���

8>><
>>:

(3.5)

After dx; dy

� �
is computed, a distance between Gj and

Gj�1

D1 ¼
XX
nþm¼even

Gj
n;m � G

j-1
nþdy;mþdx

���
��� (3.6)

is computed to quickly evaluate the merit of interframe
coding. A large D1 value indicates that big relative
motions or abrupt scene changes may occur in these
frames. Consequently, interframe coding may be ineffi-
cient compared with intraframe coding. Therefore, an
intraframe coding performance measure D0 is needed,
which will be compared against D1 in the switch between
intraframe and interframe coding modes. The measure
D0 is to predict, with minimum computation, the
compressibility of the current green frame Gj by
exploiting the intraframe redundancies only.
Referring to (3.6), for each pixel Gj

n;m satisfying
n þ m ¼ even, we predict it by only its two nearest
neighbors within frame Fj:

Ĝ
j

n;m ¼ ðG
j
n�1;m�1 þ G

j
n�1;mþ1Þ=2 (3.7)

The intraframe coding performance is then measured by

D0 ¼
XX
nþm¼even

Gj
n;m � Ĝ

j

n;m

���
��� (3.8)

which reflects the prediction error. A small D0 value
implies that the intraframe correlation is high, and thus
simple intraframe coding should suffice to compress Gj.
Finally, we have the following simple coding mode
selection criterion:

If D1XD0

go to intraframe coding described in Section 2;

Else
go to interframe coding described in Section 3.2;
End.

3.2. Interframe coding

Fig. 6 illustrates the whole encoding procedure of the
proposed scheme. When D1XD0, the intraframe algo-
rithm described in Section 2 is used. If D1oD0, Gj is to
be compressed by using interframe coding with the help
of Gj�1. We define the difference image between Gj and
Gj�1 as

(3.9)

where

~Gn;m ¼ Gj
n;m � G

j�1
nþdy;mþdx

(3.10)

and dx and dy are computed in (3.5).
Now the lossless compression of Gj becomes the

problem of entropy coding of ~G. The residual terms in ~G
are coded in raster scan order from left to right and top
to bottom. After the interframe prediction, the samples
of difference image ~G remain somewhat correlated.
Large values of ~Gn;m tend to register with edges, and the
neighbors of ~Gn;m with significant magnitude are also
likely to have high magnitude, as shown by Fig. 7(a).
This form of correlation can be exploited by applying
context-based coding to ~G [25]. Specifically, the coding
of ~Gn;m is conditioned on the energy level in its
neighborhood. Define the neighborhood energy of
~Gn;m as

Pn;m ¼ ~Gn�1;m�1

�� ��þ ~Gn�1;mþ1

�� ��þ ~Gn�2;m

�� ��þ ~Gn�2;m

�� ��� �

2

(3.11)

We quantize Pn,m into some conditioning contexts in
which ~Gn;m will be coded. Fig. 7(a) shows a difference
image ~G computed from a video sequence and Fig. 7(b)
plots the distribution of Pn,m for this difference image.
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Fig. 7. (a) A difference image ~G for the test sequence shown in Fig. 8(a); (b) The distribution of Pn;m for the difference image. The horizontal axis

represents the value of Pn,m and the vertical axis is the probability density.
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We quantize ~Gn;m into K contexts Yk, k ¼ 1; 2; :::;K , by
partitioning the range of Pn,m. The optimal partition can
be obtained via dynamic programming. Empirically we
find that the simple dyadic partition of Pn,m works well
in practice. Let

~Gn;m 2 YK Pn;mX2K�1

~Gn;m 2 Yk 2k�1pPn;mo2k;k ¼ 2; 3; :::;K � 1

~Gn;m 2 Y1 0pPn;mo2

8><
>:

(3.12)

After the green channel Gj of frame Fj is coded, we
proceed to code the red and blue channels of Fj, Rj and
Bj:

(3.13)

The definition of Rj�1 and Bj�1 for frame Fj�1 is the
same as (3.13). Since the compression of the blue
channel is symmetrical to that of the red channel, it
suffices to only discuss the coding of Rj.
Notice that if (dx, dy), the displacement between frame

Fj and Fj�1, is equal to (0,0), then the pixel Rj
n;m in Rj can

be matched to an original red pixel Rj�1
n;m in frame Fj�1.

Otherwise, a reference sample of Rj
n;m, denoted by

R̂
j�1

nþdy;mþdx
, has to be interpolated in frame Fj�1.

However, because the sampling frequency of red
channel is only half of that of green channel, the
interpolation accuracy of missing red samples is much
lower than that of missing green samples. Therefore,
though Ĝ

j�1

nþdy;mþdx
may be a good prediction of Gj

n;m,
R̂

j�1

nþdy;mþdx
may not predict Rj

n;m well. With this
consideration, we apply interframe coding to Rj only
when (dx, dy) ¼ (0,0). Denote by

(3.14)

the difference red image, where ~Rn;m ¼ Rj
n;m � Rj�1

n;m . The
encoding procedure for Rj and Bj is simply as follows:

If (dx, dy) ¼ (0, 0)
Entropy coding of ~R and ~B as that of ~G;
Else
Intraframe coding of Rj and Bj as described in
Section 2;
End
4. Experimental results

We first analyze the complexity of the proposed
scheme. Suppose the size of an input mosaic frame is
N
M. For the intraframe algorithm proposed in
Section 2, the input image is divided into four N/
2
M/2 sub-images: Ge, Go, R and B. The employed
interpolation technique is bi-linear convolution. Among
the four sub-images, Ge is directly encoded by using the
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Fig. 8. The scenes in the (a) the first test clip (512
 768); (b) the second test clip (480
 640); (b) the third test clip (512
 768); (b) the fourth test clip

(1280
 1536).
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JPEG-LS standard [21], which is very easy to implement
in real time. For R and B, we need only 4 additions and
1 division (by 4, which is actually a bit shift operation in
hardware implementation) per pixel to get difference
images DR and DR, which are then encoded with JPEG-
LS. As for Go, 4 additions and 1 division (by 4) per pixel
are needed to compute the residual signal, which is then
clustered by the context modeling as described in
Section 3.2, and this clustering process needs 3
additions, 1 division (by 2) and 1 logical operation per
pixel. The remaining computation in encoding Go is
traditional entropy coding, such as Huffman coding,
arithmetic coding or Golomb coding as used in JPEG-
LS. Overall, the needed computation for the intraframe
algorithm is at the same level as JPEG-LS.
For the interframe algorithm in Section 3, measured

by the whole image, we need 5 additions and 2.5
divisions (by 4 or 2) per pixel to interpolate the green
channel; 5 additions to determine the motion vector (dx,
dy); 1 addition to compute the distance D1; 1.5 additions
and 0.5 division (by 2) to compute the distance D0; 1
addition to compute the residual signal; 3 additions, 1
division (by 2) and 1 logical operation to cluster the
residual signal. Totally, we spend 16.5 additions, 4
divisions and 1 logical operation in the predicting and
clustering process. The remaining computation depends
on the used entropy coder of the clustered residual
signal. In our PC (3GHz CPU, 2GB RAM), a
768
 512 sequence can be compressed in real time, i.e.
the used time for each frame is less than 1/24 s.
The proposed mosaic video lossless coding techniques
are evaluated in comparison with JPEG-LS and
JPEG 2000 lossless mode. Four mosaic video sequences
were used in our experiments. The first video sequence
is originally captured on film at a rate of 24-frames/s
and then digitized by a high-resolution scanner.
The mosaic data are simulated by subsampling the
true color image using the Bayer pattern. Fig. 8(a) shows
the scene of it, whose size is 512
 768. The second to
fourth video sequences are captured by a digital video
camera at a rate of 24-frames/second. The spatial
resolution for the second clip is 480
 640 (Fig. 8(b)),
the third clip is 512
 768 (Fig. 8(c)) and the last clip is
1280
 1536 (Fig. 8(d)). All the videos are stored in 8-
bits depth.
Four lossless compression methods were used to code

the clips: JPEG-LS, JPEG-2000 (in its lossless mode
using 5-3 integer wavelet), the pure intraframe lossless
coding method presented in Section 2 (denoted as IFC-
LS), and the hybrid interframe and intraframe coding
scheme described in Section 3 (denoted as HC-LS). In
the implementation of the hybrid method, the input
mosaic image is divided into blocks (such as 128
 128,
64
 64, etc.) and the HC-LS algorithm is applied to
each block. In our experiments, the block size is set as
64
 64. Table 1 lists the coding rates of the four
methods on the four clips. The reported compression
results are the average of 50 consecutive frames for the
first clip, 100 frames for the second clip, 24 frames for
the third clip and 48 frames for the fourth clip.
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Table 1

Lossless compression results (bpp) for the four video sequences by

JPEG-LS, JPEG-2000, the proposed intraframe coding and the hybrid

intra-interframe coding

Video JPEG-LS JPEG-2000 IFC-LS HC-LS

Clip 1 6.33 5.10 4.78 4.48

Clip 2 5.77 4.99 4.65 4.41

Clip 3 5.86 4.49 4.38 4.30

Clip 4 5.38 4.30 4.09 3.98

L. Zhang et al. / Real-Time Imaging 11 (2005) 370–377 377
From Table 1 we see that the proposed hybrid coding
scheme for lossless compression of mosaic video
achieves the lowest bit rates. The presented intraframe
mosaic coding method also outperforms the JPEG-LS
and JPEG-2000 standards.
5. Conclusion

This paper presents two fast lossless compression
techniques for raw mosaic video sequences: an intra-
frame coding technique that exploits both spatial and
spectral correlations of the mosaic data within a frame,
and a hybrid inter- and intraframe coding technique that
also exploits temporal correlation. The hybrid method
can significantly improve the lossless compression
performance at a slightly higher computational cost
than intraframe coding techniques. This is made
possible by a judicious use of motion estimation and
by greatly simplified motion vectors.
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