A Low-power Color Mosaic |l mage Compressor Based on Optimal
Combination of 1-D Discrete Wavelet Packet Transform and DPCM for
Wireless Capsule Endoscopy

Kinde A. Fante, Basabi Bhaumik and Shouri Chatterjee
Department of Electrical Engineering, Indian Institute of Technology Delhi, Hauz Khas, New Delhi-110016, India

Keywords:  Wireless Capsule Endoscopy, Discrete Wavelet Packet Transform, Mosaic Image Compressor, Low-power.

Abstract: A novel low-power endoscopic image compressor is designed that occupies small silicon chip area, gives a
high compression rate and maintains acceptable image quality. By utilizing unique properties of human gas-
trointestinal tract images, computationally simple and elegant methods are employed. The employed methods
are lifting scheme based two level 1-D discrete wavelet packet transform, uniform quantization, chrominance
component sub-sampling, differential pulse code modulation and Golomb-Rice entropy encoder. All the mod-
ules are highly optimized from computational complexity, efficiency and memory requirement perspectives.
The proposed algorithm requires neither demosaicking nor de-interleaving operations that require large mem-
ory and consume a significant amount of power. The proposed image compression scheme achieves a com-
pression rate of 81.31 % with peak signal to noise ratio of 39.45 dB. The implementation of the algorithm
in 130 nm standard CMOS process technology occupies a core area of 0.340.8%% mm. It consumes
48.4 uW of power for encoding two color mosaic frames, with a resolution ofsx&812, per second. The
proposed endoscopic image compression scheme gives a power consumption reduction of about two orders
less than the realizations proposed in literature.

1 INTRODUCTION =

RF || Image | Image L
Wireless Capsule Endoscope (WCE) (Idden et al., | transmitte compressgr | Sensor || g
2000) was introduced by Given Imaging Ltd in 2000. 1 ! L S
Since then it has been widely used to diagnose gas- +| - Battery LEDS
trointestinal abnormalities with minimal invasiveness.

Its main electrical components are image sensor, RF

transmitter, button battery and structured light source Figure 1: Block diagram of the wireless capsule endoscopy.
(LEDs) as shown in Figure.1. During the diagnos-

tic procedure, the capsule is swallowed by the patient  In order to reduce the power consumption of the
through the mouth. As it travels through the gastroin- RF transmitter without significant overhead, the im-
testinal(Gl) tract with the aid of peristalsis, it cap- age compressor inside WCE should have small chip
tures high resolution color images of the Gl tract wall area, low power consumption and maintain high im-
which cannot be reached by the wired conventional age quality. Previous works on this topic were pre-
endoscopy. The images are then transmitted by thedominantly based on discrete cosine transform (DCT)
wireless RF transmitter to a receiver worn round the and differential pulse code modulation (DPCM). The
patients waist for an average of eight hours before the works in (Lin et al., 2006; Wahid et al., 2008; Dung
battery runs out (Moglia et al., 2008). The capsule et al., 2008; Lin and Dung, 2011; Chen et al., 2009;
comes out of the digestive system along with the stool Turcza and Duplaga, 2011; Xie et al., 2007; Tur-
and it is discarded. The images are downloaded ontocza and Duplaga, 2013) have used block-based DCT
a workstation (PC) with appropriate image process- in order to encode endoscopic color mosaic images.
ing software to make a video. The diagnosis is done These block-based transforms require huge memory
offline by Gastroentrologist. to buffer data when they work with image sensor
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that sends the pixel values in raster scan fashion.detailed discussion of the proposed algorithm is given
The DPCM based algorithms were proposed for both in section 2. The performance evaluation of the algo-
mosaic and full color image formats. The works rithm is presented in section 3. The hardware imple-
proposed for mosaic image compression (Xie et al., mentation is discussed in the section 4. The conclu-
2006; Cheng et al., 2010) have used JPEG-LS algo-sion is given in the section 5.

rithm which requires to store at least one row of the

previously encoded pixels for prediction. The context

variables also require 1.9KB of memory (Cheng et al.,
2010). The DPCM based algorithms which were pro- 2 ANALYSISOF SUITABLE

posed for full color image compression (Khan and METHODSFOR EFFICIENT

Wahid, 2011b; Khan and Wahid, 2011a) are sim- COMPRESSION OF WCE
ple. However, these algorithms require the imple- IMAGE

mentation of the demosaicing algorithms inside the
image sensor which consumes considerable amoun
of power and need memory. Memory consumes high
power and occupies large silicon area which increases
the overhead of the image compressor. Demosaicing
the mosaic image increases its size by threefold which
reduces the effective compression rate by the same
amount. Despite its success in many applications,
wavelet based image compression algorithm has not
been explored for WCE application to the best of the
authors’ knowledge. In this work we present the study
and design of wavelet based mosaic image compres

sion algorithm which does not require huge memory f )
buffer and is computationally simple. 2.1 Analysisof Color Mosaic Image

tl\/losaic image is captured using color filter arrays
(CFA) (Bayer, 1976) shown in Figure 2 (a). The
spectral bands are interleaved in mosaic image. The
pixel values have high frequency content in its neigh-
borhood. Hence, conventional image compression
methods fails to give high compression efficiency for
mosaic images. In the following sections we will
show how computationally simple methods can be op-
timally combined to achieve high compression effi-
_ciency for WCE mosaic image.

The proposed image compressor combines mul- Using Wavelet
tiple methods which are computationally simple to
achieve high compression efficiency. These meth- Consider a pair of rows of color mosaic image which
ods are: lifting scheme based discrete wavelet packethas six elements per row as shown in table 1, where
transform (DWPT), DPCM, uniform quantization, the spectral band samples are given as R (red), G
sub-sampling and Golomb-Rice encoding. The nov- (green) and B (blue). Let’'s apply 1-D DWPT on this
elty of this work lies in modifying the wavelet fil-  image using 5-3 integer wavelet (Angelopoulou et al.,
ter coefficients to utilize the unique properties of hu- 2007) with lifting scheme (Sweldens, 1995). We use
man Gl tract images. It also combines DWPT with the horizontal filtering operation as shown in Figure
DPCM, uniform quantization and sub-sampling op- 3.
timally to achieve its target. We have experimen-
tally determined the optimal combinations of the sub-
sampling and uniform quantization parameters that
can achieve the desired performance for WCE appli-
cation. The final contribution of this work is optimiza-
tion of Golomb-Rice encoder from memory require-
ment and efficiency perspective. The Golomb-Rice @ ®
encoder parameter, k, is determined dynamically from Figure 2: The Bayer arrangement of color filters on the pixel
local image properties using only four contexts in or- array of an image sensor (a), mosaic WCE image (b) and
der to reduce the memory requirement and still main- typical WCE full color image (c).
tain its adaptability property. The context variables

require only 34 bytes of memory. We get a mem- Table 1: Two rows of color mosaic image.
ory reduction of about 1.866 KB as compared to the G Ro G Ro G Ro
method proposed in (Xie et al., 2006; Cheng et al., Bf’g Gli Bij Gl’z Bi’: Gl‘z

2010). The image compressor can elongate the life-
time of the WCE significantly so that it can cover the

whole Gl tract. If we directly apply the lifting scheme 1-D DWT

on the color mosaic image which is given in table 1,
The rest of the paper is organized as follows. The we will get the following outputs. For the first row, the
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Figure 3: Diagrammatic representation of dyadic decompo-
sition for two decomposition levels using horizontal filter

ing.

high-pass filter iflr) and low-pass filterl(s) outputs
after horizontal filtering are given by:

Gai2j +Gai2j +2

HR[21,2] +1] = Roi2j 11— | 5 @
Lg[2i,2]] = Gaipj+
HRI2i,2j — 1]+ HR[2i, 2] + 1] + 2
LR[IJ | +Hg[2i,2] +1] | @

4

whereiand jare row and column indexes of the image
array. Similarly, for the second row of image given in
table 1, the high-pass filteHg) and low-pass filter
(Lg) outputs after horizontal filtering are given by:

Boit1,2j +Bait1,2j42

Hal2i+1,2j + 1) = Gaiy12j11— | > ]
3)
Le[2i +1,2j] = Baiy12j+
Hol2i +1,2] — 1]+ Hg[2i+1,2j +1] + 2
\_ G[ J ] G[ J ] J (4)

4

Our simulation result on 120 endoscopic images taken

from Gastrolab (Gastrolab, 2014) shows that the

smoothness of the low-pass filter outputs @ndLg)

are worse than the G and B color channels when they

are de-interleaved. For this reason, the low-pass fil-

tering operation of (2) is modified as:
La[2i,2)] = Gai 2 (5)

Similarly, the low-pass filtering operation given in (4)
is modified as:

Lg[2i +1,2j] = Bait1,2] (6)

==Original
-¢- Moditicd

=—Original
-+ Modified

standard deviation

% 2 4 6
DWP decomposition level

Figure 4: Average entropy (left) and standard deviation

(right) of 120 endoscopic images at different wavelet packe

decomposition level.

2 4 6
DWP decomposition level

the level of decomposition is limited to two in order
to save computational resources.

After the second level DWP decomposition, three
quarter of the subbands of the mosaic image are low-
pass signals. Figure 5 shows that the histogram of
detail subbands (HH and HL subbands) of the second
level DWPT is narrow and the values are small, near
zero with high probability.- The LH subband shows
narrower histogram than the LL subband. The sub-
bands which have narrow histogram can be efficiently
encoded using computationally simple image com-
pression techniques such as DPCM.

The 2-D decomposition of color mosaic images
using Mallat wavelet packet was discussed in (Zhang
and Wu, 2004). The authors have shown the simul-
taneous de-correlation of spectral and spatial redun-
dancies of mosaic image using the convolution based
5-3 integer wavelet. The convolution based wavelet
decomposition has higher computational complexity
as compared to the lifting scheme (Sweldens, 1995).
The 2-D decomposition of the mosaic image enables
to de-correlate the image in both the vertical and hor-
izontal direction. Hence, it gives higher compression
efficiency than its 1-D counterpart. However, the 2-D
based operation requires huge memory to buffer data
during computation especially when the image com-
pressor works with image sensor which sends pixel

Figure 4 shows the statistical measurements (entropyvalues in raster-scan fashion. Since memory occupies

and standard deviation) of the decomposed mosaic
image given in Figure 2(b) using 1-D DWPT when
the low-pass filtering operation is done using the orig-
inal equations (2) and (4), and the modified equations
(5) and (6). The modification of the low-pass filtering
operation gives two advantages: It reduces computa-
tional resources and improves the compression effi-
ciency.

We observed from Figure 4 that the average sta-
tistical measurements of the subbands of the decom-
posed color mosaic image do not show significant
change after second level decomposition. Therefore,
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large area and consumes high power we use the 1-
D based decomposition for this area and power con-
strained application. In the subsequent sections we
show that 1-D DWP decomposition of mosaic endo-
scopic image can be optimally combined with DPCM,
uniform quantization and sub-sampling to achieve a
high compression rate.
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will have higher spatial correlation which is important
4000 1,000 . . . .
750 for efficient compression. Note that the uniform quan-
2000 B tization supports the DWP decomposition in reducing
0 & 5 o s the high frequency components of mosaic image. As
(a) Histogram of HH band. (c) Histogram of LH band. shown in table 2, the proper combination of quantizer
4000 800 and sub-sampler gives optimal performance in terms
2000 600 of compression rate and image quality. We have cho-
400 .
200 sen quantizer value of four and the down-sampling
055 a0 o 40 80 050 100 150 200 factor of four as optimal parameters.
(b) Histogram of HL band. (d) Histogram of LL band.
Figure 5: Histogram of the subbands of mosaic image 2-3 Differential Pulse Code Modulation
shown in Figure 2 (b) after second level wavelet packet de- (DPCM)
composition.
. .. After second level DWP decomposition of color mo-
2.2 Uniform Quantization and saic image, two subbands (LL and LH) have large
Sub-sampling values and the other two subbands (HH and HL)

have small values near to zero as shown in Figure

The detail subbands of the first level DWP decompo- 5. The small values can be efficiently encoded us-
sition of color mosaic image, which are given by (1) ing Golomb-Rice entropy encoder. We use DPCM
and (3), represent the chrominance component of ascheme subband-wise to remove spatial redundancy
color image. These subbands are the color differencein the LH and LL subbands. In DPCM scheme, the
images (R-G and G-B) which are low-pass signals current pixel, X, is estimated from previously en-
because of the high correlation between RGB color coded neighborhood pixels and then the estimated
channels. Human Gl tract has a reddish color. There pixel value X p, is subtracted from current pixel value
is a little sharp color transition in human Gl tract. The to get prediction erromiX = X — Xp. If the predic-
absence of sharp color transitions in human Gl tract tion accuracy is high, then the prediction error will
enables to sub-sample chrominance components ofoe small and can be efficiently encoded. In baseline
the Gl tract images without much loss of information. lossless JPEG standard (JPEG, 1998), up to six dif-
After first level discrete wavelet decomposition of ferent prediction modes are recommended. We have
color mosaic image, the high frequency wavelet sub- chosen the simplest and static prediction mode which
bands Hr andHg) are down-sampled to reduce the estimates the current pixel from a previously encoded
size of image. For example, image is down-sampled pixel in the same row and same subband in order to
by two by removing every other column from the im- reduce the computational complexity and to avoid the
age. Sub-sampling is a computationally simple and memory required to buffer one row of previously en-
efficient image compression technique. coded pixels. As shown in Figure 6 the prediction er-

In addition to DWPT, the high frequency content ror of LL and LH subbands have small values which
of the mosaic image can be reduced using a compu-can can be efficiently encoded using computationally
tationally simple way of low-pass filtering operation simple entropy encoding techniques such as Golomb-
(Pattanaik et al., 2006) which uses quantization. The Rice encoder as shown in the next section.
guantization operation can be done using only addi-

4000

tion and shift operation if the quantizer is in the form 2500
of power-of-two. It has very simple hardware realiza- 3000 2000
tion. For a given pixel value P and a quantizer value q, 1500
where q is positive integer, the quantized pixel value 2000 1000
Py is given by: 1000
500
P dl li il lly
Py = |—+0.5] (7 80 =20 0 40 80 %80 <20 o0 40 80
q (@) (b)

From the statistics point of view it is obvious that the Figure 6: Histogram of the DPCM prediction error of LH
standard deviation of the a set of pixel values is re- (&) and LL (b) subbands for the mosaic image shown in Fig-
duced by%4 when the set is uniformly quantized using Y"® 2(b).

guantizer value g. Whereas the maximum error intro-

duced when the values are dequantized is Iimitegj to

If a set of pixels have low standard deviation, then it
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24 Locally Adaptive Optimized 2.5 TheProposed | mage Compression
Golomb-Rice Encoder Algorithm

After second level DWPT decompostion of mosaic The block diagram of the proposed image compres-
image, the detail subbands (HH and HL subbands) sor is depicted in Figure 7. Due to the square shape
have two-sided laplacian distribution around zero as of image sensor and circular shape of the lens inside
shown in Figure 5 (a) and (b). Similarly, the predic- endoscopic capsule, the corner region pixels have no
tion error of the DPCM scheme applied on approx- important information as shown in Figure 2(b). This
imate subbands (LL and LH subbands) have a two- regions can be cropped without any loss of informa-
sided laplacian distribution around zero as shown in tion. The corner pixels are cropped using the algo-
Figure 6. Golomb-Rice (GR) coding (Golomb, 1966; rithm proposed in (Khan and Wahid, 2011a). The
Rice, 1991) is simple and efficient for encoding pos- mosaic image pixel values are quantized to increase
itive integers that form two-sided geometric distri- the spatial correlation in the neighborhood pixels as
bution around zero (Gallager and Voorhi, 1975) and described in section 2.2. The the first level DWPT
has been implemented in baseline JPEG-LS standards applied on the guantized pixel values as described
(JPEG, 1998). In JPEG-LS two modes of encoding in section 2.1. The chrominance (H subband) com-
are employed: regular mode and run-length encoding ponents of the first level wavelet decomposition of
mode. Experiments show that the runs are too shortthe mosaic image is down-sampled to reduce the im-
in endoscopic image except at the corners. Hence, weage size. Then L subband of the first level wavelet
do not use the run-length coding mode to save silicon decompaosition and the down-sampled H subband are
area and power consumption. further decomposed into four subbands (LL, LH, HH

In the regular mode of JPEG-LS encoding, the and HL) by applying second level wavelet decompo-
Golomb-Rice encoder parameter k, is determined sition. DPCM is applied on the LL and LH subbands
from the global image statistics using 365 contexts. of the second level DWPT as given in section 2.3. Fi-
The context variable requires a memory of size nally, locally adaptive Golomb-Rice encoder is used
1.9 KB (Chenetal., 2009) which is potentially expen- as an entropy encoder as described in section 2.4. The
sive for power and area constrained device like WCE. decoding operation is the inverse of the encoding pro-
Non-adaptive parameter k based Golomb-Rice encod-cess.
ing was used in (Khan and Wahid, 2011b). The fixed
parameter based Golomb-Rice encoding gives lower
compression rate than the adaptive one. 3 PERFORMANCE EVALUATION

We have modified the regular mode of JPEG-LS
encoder in order to reduce the memory requirement. e performance of image compression algorithm is

In our case, we have used only a single context 10 gya|yated using compression rate (CR) and given by:
determine the parameter k for each subbands. By us-

ing single context for each subband, the Golomb-Rice CR=(1
parameter, k, can adapt to local statistics of the pixel
values. We use two registers in order to store the ac-
cumulated values and to count the number of contexts
encountered so far for each of the subbands. By us-
ing single context in Golomb-Rice encoder we have
simplified the encoding process and still maintain its
?edaptabmty property. Totally, we have used four con- PSNR=1010g;0( 255 _ ) (9
xts, one for each subband in order to make the pa- MR Sxe1 Zy—a (F(xy) = f(xy))?
rameter adaptation intra-subband. Each subband is

encoded separately because of the difference in theirWhere M and N are width and height of the original

o . . ““image f(x, y) and the noisy imaggx,y), x and y are
\S/itsﬂzfmzlnggodpeedm\?;u;h?o”t]gx'sr?ourrg dnf%T?heg nga:(ren— coordinates of the pixel. All the experiments in this
y encoced v : . P work are done using 120 endoscopic images obtained
eter k estimation is determined using a constdgnt f G lab (G lab. 2014). Th : :
This value is determined experimentally for the opti- rom Gastrolab (Gastrolab, ). The testimages in-
mal hardware cost and compression efficiency and it clude the images of the whole Gl tract, from esopha-
is found to be 8 (64 in JPEG-LS). The context vari- gus to colon. Therefore, we believe that these images

. o are a good representative of the whole human diges-
ables require only 34 bytes of memory which is very _. . . o :
small tive system images. The images are originally avail-

able in RGB full color format. For our experiment, we

eSS 100% (9)
The proposed image compression algorithm is lossy
due to the quantization and sub-sampling operations.
The quality of the decompressed image is evaluated
using peak signal to noise ratio (PSNR)(Korhonen
and Junyong, 2012) which is given by:

194



A Low-Power Color Mosaic Image Compressor Based on Optimal Combination of 1-D Discrete Wavelet Packet Transform
and DPCM for Wireless Capsule Endoscopy

Input | Corner Uniform Level 1 Sub- Level 2 AGR |Output
— clipper [| quantizer ™| 1D ™| sampling [ AP__ [ DPCM 1~ encodel
DWPT DWPT

Figure 7: Block diagram of the proposed endoscopic imagepcessor.

Table 2: The performance of the proposed image compres-position of mosaic image is done modifying the ar-

sion algorithm for different parameters. chitecture proposed in (Angelopoulou et al., 2007).
Parameters In the modified architecture the first level wavelet de-
H subband composition is done according to the equations given
Quantizer| sub-sampling CR (%) PSNR in (5) and (6). The Golomb-Rice encoder generates
factor (dB) a codeword (CW) of length 32 and codeword index
1 n 55.02 P (CWI). The codeword index holds the index to MSB
> N 65.49 | 51.3719 of the generated code in the 32-bit CW. No memory
i N 7357 | 46.6142 buffer is used. in the implementation, only few regis-
g 7835 | 41.0004 ters are employed.
. > 6322 | 46.0585 The proposed endoscopic image compression al-
- i 68.05 | 41.2555 g_orithm ( with quantizer g=4 and sub-sampling the
- 3 71.01 36.75 hlgh _frequency subband Qf first level Wa_lvelet decom-
2 5 7859 | 40.6736 position by 4) has beg_n mplemen_ted in both MAT-
7 7 8131 [ 394471 LAB and_ VHDL for ver_|f|cat|on. The image compres-
7 5 82:95 36:6333 sor was implemented in MATLAB scripts and VHDL.

The image decompressor is implemented only in

have converted the full color images into color mosaic MATLAB. After the functionality of the algorithm
images using matlab. For visual comparison (subjec- i Verified using 120 endoscopic images, the VHDL
tive image quality assessment) both original mosaic code is synthesized and mapped to UMC 130 nm
images and the decompressed images are converteffaraday high speed (HS) library using Synopsys De-
to full color images using a demosaicing algorithm sign Compiler. After post-synthesis functional verifi-
(Getreuer, 2011). The performance of the proposed cation of the algorithm is done using QuestaSim and
image compression algorithm is shown in table 2.  MATLAB, the layout is generated using Cadence Soc
As shown in Table 2, the lossless mode of the Encounter place and route tool. The layout view of
proposed image compressor gives a compression ratéhe core of the chip is shown in Figure.9. The pro-
of 55.02 %. The nearly-lossless and lossy versions Posed image compression algorithm has core size of
of the algorithm give up to 82.95 % compression 0-342 mm x 0.342 mm. The power consumption of
rate. This implies that the proposed image compres-the synthesized design is estimated using Synopsys
sor (quantizer=4 and H subband down-sampling by 4) _PrlmeTlme PX. The_ mean power consumption of the
reduces the size of image by an average factor of 5.5.image compressor is 4§14/ when operating at two
It has an average peak signal to noise ratio (PSNR) frames per second (fps) for encoding 512x512 color
of 39.45 dB which is greater than minimum PSNR Mosaic image. The operating voltage is 1.2V.
(35dB)(Istepanian et al., 2008; Cosman et al., 1994)  The performance comparison of the proposed al-

required for accurate diagnosis of medical images. ~ gorithm with other existing works is given in table
3. We compare our proposed image compressor with
one algorithm which is based on JPEG-LS (Xie et al.,
2006) and two algorithms which are based on DCT

4 HARDWARE REALIZATION (Lin and Dung, 2011; Turcza and Duplaga, 2013).

All the competing algorithms included in the table
The block diagram of the proposed image compressor

is givenin Figure 8. The image compressor takes 8-bit TT%’ 32

pixel value from image sensor at every rising edge of From Image CW ToRF
clock (or CLK) signal. The image sensor also sends image  HSYNC | compressor transmitter
row (HSYNC) and frame synchronisation (VSYNC) %¢™°" ysvRc™ ém»

to indicate the end of a row and frame respectively. =i

The image compressor requires computationally sim-

ple methods such as adders, shift registers, countergigure 8: Block diagram of the proposed image compressor
etc. The lifting scheme based 1-D wavelet decom- implementation.
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Figure 9: Layout view of the core of the proposed image
compressor implementation.

Table 3: The comparison results with previous works.

(i) 39.38 dB (i) 39.04dB (jii) 38.16 dB

(Xie (Lin (Turcza This _ o )
etal, etal, etal, work Figure 10: Three endoscopic images out of 120 testimages
2006) 2011) 2013) that we have employed in the experimentation. The original
Methods JPEG-LS| DCT DCT DWPT (top) and reconstructed images (bottom) with PSNR value.
Compression
Rate (%) 72.7 82.0 91.2 81.31
Overall

PSNR (dB) LR - 5 CONCLUSION

ASIC ASIC FPGA ASIC

Technology ) .

< 0.18um | 0.18um | 65nm | 0.13um In this paper, we have presented.a low-power im-
siggeu np | 90Kgates| 31K - 117K age compression algorithm for WCE application.
Memory The algorithm uses optimal combination of meth-
(byte) 9381K | YES | 105K 0 ods which are computationally simple. Utilizing

Power 155 017 ; 0.048 the combination of computationally simple methods
consumption ((') 28 1ps) (2' t0s) | (7fps) (2' ps) we have achieved a compression rate of 81.3 %.
(mw) ' The compressed image has a high image quality
Supply 18 1.8 1.2 1.2 (39.5 dB) which is greater than the minimum PSNR
Voltage(V) (35 dB)(Istepanian et al., 2008; Cosman et al., 1994)

required for accurate medical image diagnosis. The
proposed image compression algorithm has relatively
high compression rate, small chip area, low power
consumption and high image quality which makes it
a good candidate for WCE application.

The future work includes the design of the whole
capsule system and testing its performance in real-
world. The impact of the distortion introduced due to
the image compressor on automatic disease detection
algorithms will be studied.

were tested with similar images of 512 x 512 reso-
lution. The proposed image compression algorithm
doesn’t require memory and consumes about two or-
ders of less power than other algorithms as shown in
table 3. Our algorithm has also the lowest chip area
as compared to other works. The proposed algorithm
outperforms work in (Xie et al., 2006) in terms of
compression rate. It gives a comparable compression
rate with a work in (Lin and Dung, 2011) but has also
higher image quality. It achieves lower compression
rate than the work in (Turcza and Duplaga, 2013).
However, the work in (Turcza and Duplaga, 2013)
needs about 10.5 KB of memory which consumes REFERENCES
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