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ABSTRACT

This paper proposes a hexagonal grid image compression framework based on Wavelet thresholding. The
target is to obtain optimal Rate-Distortion (RD) performance by implementing a threshold value prediction
algorithm based on Global thresholding method. The compression scheme is built in two steps: resampling
the hexagonal grid image and compressing it using the Wavelet-Global thresholding. The resampling
process is carried out by alternating row and column suppression methods and an image interpolation
method based on the Gabor Filter. In the Wavelet-Global thresholding, the coefficients of Gabor image are
transformed into the Wavelet Coiflet, and the coefficients are thresholded globally using the Global
thresholding. Furthermore, the quantization method and Arithmetic coding are applied to obtain a
Hexagonal grid image compression scheme. The performance evaluation is performed on the Hard and Soft
thresholding functions. Based on the threshold value generated by the Global thresholding, the Hard and
Soft thresholding functions will limit the value of the Wavelet coefficients and impact the image's
compression ratio and visual quality. The simulation results show that the best RD performance of the
hexagonal grid image compression framework is obtained when applying a 1st order Coiflet filter with the
Soft thresholding function

Keywords: Hexagonal Grid Images, Gabor filter, Coiflet Wavelet filter, Global thresholding, Hard and
Soft thresholding, Arithmetic coding, Rate-Distortion performance

1. INTRODUCTION [4, 5]. DCT and DWT-based image compression

codecs have been used with Arithmetic coding to

Due to the effects of digital image processing and
the internet, multimedia communication services
must be available globally. This service requires
high-quality digital images in various sizes and are
generated in a short time. This situation led to an
increased need for storage space on CDs and a
demand for faster transmission of digital images
over the internet. To avoid excessive use of space
and to transmit images easily, compression methods
are needed [1, 2].

Recent advances in image compression include
transformation methods and entropy coding.
Discrete Cosine Transform (DCT)/Discrete Wavelet
Transform (DWT)-based transformation techniques
and Huffman coding are still dominantly used to
compress image data on JPEG [3] and JPEG 2000

achieve higher compression, including DCT with
Arithmetic  Coding [6], significance-linked
connected component analysis (SLCCA) [7, 8],
Zerotree entropy coding [9, 10], and Set Partitions
in a Tree Hierarchy (SPIHT) [11, 12]. The codec
framework offers a high compression ratio while
using a low number of bits per pixel (bpp).
However, these codec formats are designed to
process images in a rectangular grid.

Although the rectangular grid format is popular,
there are numerous images whose pixels are
arranged in a hexagonal pattern and are known as
hexagonal grid images. In hexagonal grids, the
information at the corners of the square image is
omitted because it is rarely used to represent
objects. This has the advantage of making the
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spatial arrangement of the image more efficient and
offering 13.4% fewer samples than rectangular
grids. Hexagonal grids can also help reduce
geometry distortion and aliasing effects in the
image because the hexagonal shape is closer to a
circle than a square [13—15]. In addition, the typical
hexagonal grid in the structure of biological visual
sensors, such as the compound eyes of insects [16],
inspires computer vision researchers to pursue work
in the field. Recently, hexagonal image processing
has been applied to many areas, including edge
detection [17], image registration [18, 19],
ultrasound image processing [14], and machine
vision and biomedical imaging [20].

In the context of image compression, the low
percentage of pixels to be encoded and the better
representation of various geometric shapes make
image compression in hexagonal grid format has
the potential to produce large compression ratios
without compromising visual quality when
reconstructed. Under these conditions, hexagonal
grid image compression can achieve a balance
between compression rate (smaller file size) and
image quality that is acceptable to the user.

However, in the real world, we mainly use
rectangular grids to make things easier to
understand.  Conventional imaging devices,
including imaging sensors (CCD and CMOS) and
displays, are primarily based on rectangular grids.
Thus, to process the current hexagonal image, it is
first necessary to re-sample from the original square
grid, creating a hexagonal grid data. However, this
resampling process can result in aliasing during the
interpolation process and has an impact on
decreasing the quality of the hexagonal grid image.
A method using Gabor filters is proposed on a
hexagonal grid to save on image reconstruction
quality while providing additional computational
advantages. Analysis was performed using the
Windowing technique for better results [20, 21].

In the context of developing hexagonal grid
image compression, researchers have proposed
several frameworks focusing on (i) developing
image resampling and interpolation methods and
(1) developing efficient image compression
techniques. A Wavelet and DCT-based image
compression framework for compressing Gabor-
filtered hexagonal grid images has been proposed
by Jeevan and Krishnakumar [22, 23]. This
framework’s hexagonal image compression ratio
was not adaptive because it used a uniform
threshold value for all Wavelet orders. Using a
different threshold value for each wavelet sequence
is a solution to get the best compression ratio, due

to the varying intensities and spatial correlations in
hexagonal images. Huaqing [24] has additionally
suggested fractal-based hexagonal image reduction.
This method uses Fractal Image Processing to
generate  improved  fidelity  with  various
compression ratios for all test images using spiral
architecture for the hexagonal structure.

This research developed a Gabor-filtered
hexagonal grid image compression scheme by
applying the Wavelet thresholding method, where
the threshold coefficients were generated using the
Global Thresholding method. The implementation
of Global Wavelet thresholding is needed to modify
the Wavelet coefficient to zero to increase the
compression ratio. Furthermore, a mechanism for
comparing the performance of the Hard and Soft
thresholding functions will be carried out to get the
best hexagonal grid image compression
performance by considering the RD parameters,
namely the compression ratio and the visual quality
of the reconstructed image.

The rest of the paper is organized as follows:
Section 2 provides a detailed description of the
proposed 2D DWT-based hexagonal grid image
compression scheme, followed by results and its
discussion in Section 3. Finally, the conclusions are
described in section 4.

2. MATERIALS AND METHODS

This paper proposes a hexagonal grid image
compression scheme based on 2D DWT. As shown
in Figure 1, a hexagonal grid image is obtained by

resampling the rectangular image and then
interpolating Gabor to improve the image
reconstruction quality [22]. The compression

process begins by transforming the hexagonal
image into coefficients using a 2D DWT filter bank.
2D DWT generates a sequence of Wavelet
coefficients and separates them into low-frequency
and high-frequency subbands. Furthermore, the
Wavelet coefficients were quantized using a hard or
soft threshold to create a stream symbol. Efficient
encoding of stream symbols using Arithmetic-based
entropy encoding produces a bit stream representing
a compressed hexagonal image.

In some cases, the application of a hard threshold
in quantizing the Wavelet coefficients causes
blocky artefacts in hexagonal images. This is due to
the prediction of wavelet coefficients based on
fixed locations and variables. In addition, hexagonal
images have their statistical distribution and differ
in their characteristics depending on their subband.
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Figure 1: The proposed hexagonal grid image compression framework

To get a different threshold value at each Wavelet
decomposition level, a level-dependent thresholding
technique is proposed at this thresholding stage. A
comparative analysis with the global thresholding
technique will also be conducted to thoroughly
assess the effectiveness of the suggested hexagonal
image compression strategy.

2.1 Hexagonal Sampling System

The main limitation of using the hexagonal
image structure is the lack of hardware to capture
and display hexagonal-based images. For this
reason, before to hexagonal-based image
processing, a square image must be converted into a
hexagonal image using the resampling method.

The resampling method used in this study is
alternate suppressing rows and columns of a
rectangular grid [25]. This approach suppresses any
rectangular grid pixels that don't match up with
those in the hexagonal part. It must be pressed to set
this pixel's value to 0. When processing this sub-
sampled image, the suppressed pixels aren't used in
the computation. The sub-sampling procedure is
based on the following rules:

x(2%1,2% j);
x(2%i,2% j+1);

o if iis even
¥, j)= e 1)
if iis odd
Where x(i,j) and y(i,j) are the pixel values in the
row and column positions on the rectangular grid
and the hexagonal grid, respectively.

As shown in Figure 2, during the acquisition of
the image from the rectangular grid to the
hexagonal grid, it was observed that there was a
considerable decrease in image quality. So,
selecting the appropriate interpolation technique is
necessary before processing the image. Image
reconstruction through interpolation is a routine
task in 1image processing for all image

transformations. The transformations include
scaling, rotation, registration, and edge detection.
On a hexagonal lattice, a method utilizing a Gabor
filter is suggested to provide a higher quality of
image reconstruction.

(b)

Figure 2: Image format and visuals, (a) Rectangular grid,
(b) Hexagonal grid using Alternate Pixel Suppressal
Method.

According to Manjunath and Ma [26], the typical
definition of a two-dimensional Gabor function is
utilized in this work. A two-dimensional Gabor
function g(x,y) and its Fourier transform G(u,v) can
be written as:

1 1 x> (2)
,V)= ——| =+ |+ 27 W,
g(x.y) [hqavjexp{ 2[53 Gi] 7 }

In the frequency domain, it is expressed by:

_ 2 2 3
G(u,v)—exp{;|:(u?/)+vzj|} ( )

O o3

u v
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where, 5, = /270, and o, =1/270 - While o4 and

oy are the standard deviations of the elliptical
Gaussian along the x and y axes.

A comprehensive but non-orthogonal basis set is
formed by Gabor functions. An accurate localized
frequency description can be obtained by expanding
a signal on this basis. It is now time to think about a
class of self-similar functions known as Gabor
wavelets. Let g(x,y) be the mother Gabor wavelet;
then, by appropriately dilating and rotating g(x,y)
through the generating function, we can obtain the
following self-similar filter dictionary:

& (x.9)=a"G(x,)),
x=a"(xcosO+ysin6) and

a>1, m,n = integer (4)
V' =a"(—xsin@+ycos0)

niw

where g = and K is the total number of

orientations. The scale factor is meant to ensure that
the energy does not depend on m.

2.2 2D DWT Decomposition

The signal is divided into energy bands sampled
at various rates using the Discrete Wavelet
Transform (DWT). This level is chosen to maintain
the most signal information without reducing each
sub-bands sample rate or resolution. Scaling and
Wavelet functions, which are associated with low
pass and high pass filters, respectively, are two sets
of functions used by DWT. According to Nyquist's
rule, half of the sample can be eliminated after each
filtering stage because the signal's maximum
frequency is m/2 rather than 7. Therefore, the signal
can be subsampled by 2 by eliminating every other
sample. Figure 3 shows the two-dimensional (2-D)
DWT's overall form.

At the decomposition level K, the order of the

low and high-frequency coefficients can be
expressed as follows:
XE )= 3 el Xt (201 ©)
Ny -1
XE[n]= Y A[1]x XK [2n-1-1] (6)
1=0

where NH dan NL is the number of taps of each
high pass filter (h) dan low pass filter (g).

Reconstruction of the 2D DWT decomposition
bank filter is carried out at each level, where the
input signal is first filtered along the row and then
continued in the column direction. Mathematically,
the 2-D DWT decomposition of the input signal

Xi,j[n,m] is expressed as with n columns and m
rows given by:

N1
X5 [row,m] = Zg[l]foL [row,2n—1]
1=0
Nyl
XS“ [row,m] = Z h[l]XXfL [row,2m—1—l]
1=0
N1
XA [n,col] = Z g[l]fo [2n—l,col]
[
Ny-1
X5 meol]= Y M[1]x Xf " [2n—1~1,col] (7
=
N1
Xy [nycol]= Zg[l]XX,f [2n—1,col]
=

Ny-1
XE [ncol] =Y. h[I]x X [2n—1~1,col]
1=0

where, [ = {0, I, ..., L-1}, row = {0, I, ..., N/2K1},
m=1{0,1, ..., N2K'I_1}, col = {0, 1, ..., N/2K*1_]},
n=10,1, .., N2"I-I}, and x°, [n,m]= X, ,[n,m]

L

2.3 Wavelet Filter

To perfectly synthesize the signal from the
approximation and detail coefficients of DWT, this
study used a lowpass and highpass filter from the
mother Wavelet Coiflet [27]. Coiflet and
Daubechies Wavelets are similar to some degree,
but Coiflets are built with vanishing moments for
Wavelet functions and scaling functions. Coiflets,
as shown in Figure 4, are nearly symmetrical. The
Wavelet function has N/3 vanishing moment and a
scaling function, N/3 — 1, where N is the order of
the Wavelet decomposition. The scaling function
and the Wavelet function must be normalized by
/<7 - The Coiflet scaling function has interpolation

features, suggesting that this Wavelet enables an
accurate approximation of the polynomial function
at various resolutions.

2.4 Thresholding of Wavelet Coefficient

The Wavelet coefficients typically have values
equal to or very close to zero in signals. The
Wavelet coefficients can be changed by
thresholding to produce additional zeros. Any
coefficients below the threshold Y are set to zero in
hard thresholding. It makes a lot of zeros and can
have low bit rates when encoded using arithmetic
encoding methods. To analyze the signal and
eliminate Wavelet coefficients whose value is
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Figure 3: 2-D DWT Decomposition bank filter
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Figure 4: Coiflet Wavelet function

below the threshold wvalue, Wavelet and
thresholding are used. As a result, the compression
rate increases as the number of zero Wavelet
coefficients increases. Wavelet thresholding
consists of two fundamental processes, namely.

2.4.1  Thresholding Function Selection

Thresholding functions commonly wused in
conjunction with DWT are Hard and Soft
thresholding. The Wavelet coefficient for the hard
threshold function at the decomposition level K is
carried out as follows:

®)

XX (n,m), \X"(n,m)\ >

s others

X,f(n,m)—{

As for the soft threshold function, the coefficients
are stated as follows:

XK(n,m)‘ > A (9)

X_K(n,m

s

)= {sgn(XK(n,m))[X"'(n,m)ﬂ],

0, others

where is X% (n,m) the Wavelet coefficient, and 4

is the threshold value. Elements with an absolute
value lower than the threshold value will be set to
zero, and the other coefficients will shrink. sgn(*) is
a function:

I n>0

sgn(n) = {1 n<0 00

2.4.2  Choosing the Optimal Threshold Value

The threshold value determines the smoothness
level of the Wavelet thresholding estimator.
Choosing a threshold value that is too large will
result in an estimate that is too smooth since the
coefficients included in the reconstruction are too
few. However, if a threshold value is chosen that is
too small, it will result in an under-smooth
estimation because too many coefficients are
included in the reconstruction. Therefore, it is
necessary to choose the optimal [28].

The Global thresholding technique selects one
threshold parameter A;, to be used globally for all
levels of decomposition j on the Wavelet coefficient
X¥ (n,m). Donoho and Johnstone [29] presented the
universal threshold by analyzing the normal
Gaussian noise model. The formula for the
universal threshold is given by:

A=0,2In(N)

Where o is the mean-variance of the noise and N is
the signal length. o is calculated using the median
estimation method with the formulation:

an

B Median (‘XK (n,m)‘)
7= 0.6745

(12)

Where X¥(n, m) represents all Wavelet coefficients
at the resolution level.
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2.5 Quantization

DWT compression is achieved by quantization
and entropy coding. Based on uniform quantization,
the Wavelet coefficients are divided by a factor Q,
and the results are rounded to the nearest number.
In general, the quantitative index value is obtained
by [30]:

X5 (n,m)—X§y

1, (nm) = 2

_ (XJ\I/\;AX _X}{;IN)
0= L
L=2V

(13)

where, X K are the quantized Wavelet coefficients,

XE v, XX . are the maximum and minimum
values of the subband Wavelet -coefficients,
respectively, and N is the number of bits used in
quantization. Then, the quantization output value is:

Xf(m,n)zXf,m+Iq(m,n)*Q (14)

where
1, (n,m)=1,if I, (n,m)=1L
14("”"){ 0, if 1,(nm)<0

2.6 Entropy coding by Arithmetic coding

(15)

As shown in Figure 5, Arithmetic Coding (AC)
as a lossless compression mechanism assumes the
input model is probabilistic and performs optimal
compression with a given probability estimate [31].
The main idea in AC is to give each symbol a range
or interval [0;1], where each range is divided into
several subranges whose size is proportional to the
probability. In this concept, AC replaces a row of
input symbols with a floating number. The longer
and more complex the encoded message, the more
bits are needed for that purpose. The output of this
arithmetic coding is a number that is less than one
and greater than or equal to zero. To generate
output numbers, each symbol to be encoded is
assigned a set of probability values.

3. EXPERIMENTAL DETAILS
3.1 Experimental Setup

To assess the performance of the hexagonal grid
image compression system, numerical experiments
were carried out on several standard rectangular
images measuring 512%512 with 8 bits per pixel
(bpp). In this paper, only the results related to the
Lena and Baboon images are given as shown in
Figure. 6.

Encoder:

a.  Find the probability of each character in the text being
encoded
Set value:
low_interval(0) = 0; high_interval(0) = 1;

range_interval(0) =1
b.  while not EOF, read the i-th character do
low(i) = low_interval(i —1) + range_interval(i - 1) *
low_range_symbol
high(i) = low_interval(i — 1) + range_interval(i - 1) *
high_range_symbol
low_interval(i) = low(i)
high_interval(i) = high(i)
range_interval(i) = high(i) - low(i)
C. return
Decoder:
a.  output(0) = the compression value
b.  while output(i) '= 0 do
output(i) = ((output(I - 1) - low range symbol))/((high
range symbol - low range symbol))

Figure 5: Arithmetic Coding Algorithm

¥ -

@ (b)
Figure 6: Image Test, (a) Lena, (b) Baboon

The hexagonal grid image obtained by alternate
suppressing of rectangular rows and columns is
interpolated with a Gabor filter to improve image
quality using equation (2). In this study, the location
of the Gabor filter in 2D coordinates, g(x,y) is
rounded from -1 to +1. Furthermore, the modulation
coordinates (jW) for the spatial frequency are set to
11 and the corner frequency is set at 0°, 60°, and
120° to align with the hexagonal plane. Meanwhile,
the values of x and y are each set to one, so the
Fourier transforms G, and o, each have value.

The Gabor-filtered image is then transformed
into a Wavelet using a mother Wavelet Coiflet.
Table 1 shows the characteristics of the Coiflet
filter used in this study. The Coiflet filter has a filter
length of six times its order (6N) with a filter
support width of 6N-1. The application of the
Coiflet Wavelet filter is then analyzed to obtain the
level of contribution of the transformation
technique to the hexagonal image compression
system. The implementation of the Coiflet Wavelet
filter is up to a certain decomposition level (N). In
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Table 1: Wavelet Coliflet filter characteristics

Wavelet Family Coiflet

Abbreviation Coif

Orde, N 1,2,....,5

Supporting Width 6N-1

Filter Length 6N

Filter Coefficient (transform)

- LPF -0.0156557, -0.0727326,0 .3848648, 0.8525720,
0.3378976, -0.0727326

- HPF 0.0727326, 0.3378976, -0.8525720, 0.3848648,

0.0727326, -0.0156557

Filter Coefficient (reconstruction)

- LPF 0.0727326, 0.3378976, -0.8525720, 0.3848648,
0.0727326, -0.0156557
- HPF -0.0156557, 0.0727326, 0.3848648, -0.8525720,

0.3378976, 0.0727326

this study, N was set 1, 2 and 3 to an enable
analysis of the reconstructed image quality at
different levels of decomposition. At each
decomposition level, the Wavelet coefficients are
obtained by hard and soft thresholds with the main
limitation being the thresholding value generated by
the Global Thresholding method. In this scheme,
the Wavelet coefficients will be suppressed when
they are above the global threshold coefficient at all
levels of Wavelet decomposition. Furthermore, the
Wavelet coefficients are compressed through the
process of uniform quantization and arithmetic
coding. In this study, the number of bits for the
quantization process was set to 8 bits.

3.2 Evaluation Parameters

To get much better performance, the hexagonal
grid image compression algorithm needs to achieve
a trade-off between the bit rate and the
reconstructed image quality that can be visualized
in a Rate-Distortion (RD) graph. The bit rate is
obtained by measuring the compression ratio, which
is the percentage comparison of the Gabor-filtered
image file size X (i, j) with the image file size after
Arithmetic Coding, X’'(n,m). The quality of the
reconstructed image is measured by comparing the
Gabor-filtered image X(i,j) with the reconstructed
image, £(i,j), which was obtained after the
decompression process.

This study uses signal-to-noise ratio (PSNR)
assessment [32] and rate-distortion analysis. PSNR
is used to measure the quality of image
reconstruction. The higher the PSNR value, the
higher the similarity of the reconstructed image to
the original image. PSNR is defined as follows:

(16)

2
PSNR = 2010gm( Max, j =10log,, (%)

VMSE

where MSE calculates the average of the square of
the error defined as,

M-1N-1

MSE =" |X(i,/)- X (i.))

i=0 j=0

(17

where X(i,j) is the Gabor-filtered Hexagonal grid
image, X(i,j)is the reconstructed image after the
decompression process, and Maxi is the maximum
possible pixel value of the image.

4. RESULTS AND DISCUSSIONS

The proposed hexagonal grid image compression
method has been implemented and tested on
standard test images. To obtain the contribution of
Wavelet Thresholding and Arithmetic coding to the
performance of hexagonal grid image compression,
an evaluation of the comparison of the
implementation of each Wavelet Coiflet with the
same thresholding method was carried out. The
experiment was carried out using an AMD Ryzen 5
3500U processor with Radeon Vega Mobile Gfx
2.10 GHz and a 64 bits operating system.

4.1 Image Filtered Gabor Analysis

Image pre-processing is performed to improve
the visual quality of the hexagonal grid image using
the Gabor filter. In line with equation (2), the
performance of the Gabor filter on the visual quality
of the image is shown in Table 2, where the best
PSNR is obtained when the sigma value is set to 1.
The Gabor-filtered image is free from false
shadows and the texture features in the image are
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Table 2: Gabor filter performance measurement

Hexagonal PSNR (dB) at oy and oy
Image 0,5 1 1,5
Lena 27,11 42,25 24,36
Baboon 27,11 35,17 24,61

Figure 7: Visual comparison of images, (a) Hexagonal
grid image, (b) Gabor filtered Hexagonal Grid image

very clear compared to the original hexagonal
image.

4.2 Hexagonal Grid

Performance

Image Compression

In this section, we first show that the threshold
value (o) generated by global thresholding changes
in line with the increase in the Wavelet
decomposition level. At the specified level, global
thresholding calculates the median value of the
Wavelet coefficients. The higher the order of the
Wavelet, the lower the threshold value indicating

the median value of the Wavelet coefficients on that
order tends to decrease. As shown in Figures 8 and
9, based on the characteristics of the Coiflet filter in
Table 2, the Wavelet coefficients in each order
change so that the median value also changes.

Referring to equation (12), the threshold value
generated by Global thresholding depends on the
acquisition of the median value. Increasing the
median value also increases the threshold value (o),
having an impact on increasing the values of the
Wavelet coefficient which is set to zero. This
condition causes the compression ratio of the
hexagonal grid image to increase because many
Wavelet coefficients do not need to be encoded
arithmetic.

In the context of the compression concept, an
increase in the compression ratio (CR) indicates
that the hexagonal grid image compression
framework can reduce the bit per pixel (bpp)
allocation requirement across all orders and levels
of Wavelet decomposition. As shown in Table 3,
the implementation of the soft thresholding function
on hexagonal grid image compression has a more
optimal compression performance compared to the
hard thresholding function of 0.33%, 0.51%, 0.52%
for Lena images and 0.99%, 0.52%, 0.54% for
Baboon images at the NI, N2 and N3
decomposition levels, respectively. This is possible
because the hard thresholding function ignores
Wavelet coefficients that are above the threshold
value (A). However, the soft thresholding function
includes all values above the threshold value (A) in
the process of estimating the median value,
assuming that any noise will affect all Wavelet
coefficients.

I Coift Coefficient, Lena, N=1

Threshold = 7.00

coefficient value
coefficient value

2500

N Coif1 Goeficient, Lena, N=2 I Coift Coefficient, Lena, N=3

— Threshold = 12.03 ——— Threshold = 23.67.

2000

1500

1000

coefficient value

2
5

0

0 05 1 5 2 25
index x10°

500
15 2 25 0 05 1 15 2 25

index *10°% index x10°

Figure 8: Comparison of Wavelet coefficients at decomposition level (N=1,2 and 3) with each Global Threshold value
implemented in the hard thresholding function on Lena hexagonal image.
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Figure 9: Comparison of Wavelet coefficients at decomposition level (N=1,2 and 3) with each Global Threshold value
implemented in the hard thresholding function on Baboon hexagonal image.

Table 3. Compression ratio performance comparison

Lena Image Baboon Image
N Performances
Coif1 | Coif2 | Coif3 Coif4 | Coif5 | Coif1 | Coif2 | Coif3 | Coif4 | Coif5
! Threshold Value 7,00 6,87 6,92 6,92 6,91 6,90 6,78 6,79 6,78 6,76
CR of Hard Treshold
(%) 33,84 34,59 33,92 33,15 32,44 30,34 32,64 | 32,75 | 32,38 | 31,84
CR of Soft Threshold
(%) 34,17 34,67 33,94 33,14 32,40 31,33 33,23 | 33,19 | 32,71 | 32,11
A(%) 0,33 0,08 0,02 -0,02 -0,04 0,99 0,59 0,44 0,32 0,27
2 Threshold Values 12,03 11,29 10,75 10,73 10,79 12,67 12,76 | 12,70 | 12,63 | 12,58
CR of Hard Treshold
(%) 81,47 80,51 77,04 73,17 70,28 61,94 62,79 | 60,52 | 57,39 | 54,24
CR of Soft Threshold
(%) 85,62 83,40 79,40 75,50 72,71 66,37 66,50 | 63,77 | 60,02 | 57,30
A(%) 0,51 0,51 0,51 0,51 0,51 0,52 0,51 0,51 0,51 0,51
3 Threshold Values 23,87 20,41 22,60 19,89 22,11 18,42 18,94 | 18,26 | 18,95 | 18,24
CR of Hard Treshold
(%) 170,20 | 148,12 | 144,30 | 124,18 | 119,78 97,44 94,50 | 84,78 | 78,49 | 70,19
CR of Soft Threshold
(%) 190,37 | 164,42 | 157,39 | 137,68 | 129,50 | 112,88 | 105,64 | 95,35 | 88,23 | 78,72
A(%) 0,53 0,53 0,52 0,53 0,52 0,54 0,53 0,53 0,53 0,53
ol BV .
= |/ == o

@

(®)

Figure 10: Comparison of RD performance of hexagonal grid image compression on (a) Soft and (b) hard thresholding
Sfunctions

As shown in Figures 10 and 11, the Rate-
Distortion (RD) performance of hexagonal grid
image compression by applying global thresholding
to the hard and soft threshold functions is able to

reduce the encoding rate while maintaining the
visual quality of the image. This is indicated by the
acquisition of PSNR values in all test images above
30 dB. Based on the conversion of PSNR values to
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Figure 11: PSNR performance of hexagonal grid image compression system using hard and soft thresholding functions
on, (a) Lena image, and (b) Baboon image
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Figure 12: Bit rate performance for a hexagonal grid image compression framework using hard and soft thresholding
functions on, (a) Lena images, and (b) Baboon images

1710



Journal of Theoretical and Applied Information Technology ~

15% March 2024. Vol.102. No 5

I

© Little Lion Scientific

SMminl

ISSN: 1992-8645

Www.jatit.org

E-ISSN: 1817-3195

the Mean Opinion Score (MOS) table [33], the
obtained PSNR compression of the hexagonal grid
image is in the excellent category.

The bit rate performance analysis, as shown in
Figure 12, shows that the application of the first-
order Coiflet Wavelet filter can optimally contribute
to reducing the bitrate compression of the
hexagonal grid image to 18.80 bpp and 16.81 bpp at
decomposition level 3, respectively, for the hard
and hard functions soft thresholding. The
application of the soft thresholding function by the
largest compression ratio of the hexagonal grid
image compression system contributes to this result.

5. CONCLUSION

This paper proposes a hexagonal grid image
compression framework using threshold-predicting
Wavelet and Arithmetic coding. In this framework,
the Gabor filter was implemented at the pre-
processing stage of the hexagonal grid image, and
the Coiflet Wavelet filter, Global thresholding with
hard and soft threshold functions, quantization, and
Arithmetic coding at the image compression stage.
The implementation of Global Wavelet
thresholding is needed to modify the Coiflet
Wavelet coefficient to zero to increase the
compression ratio. A mechanism for comparing the
performance of the Hard and Soft thresholding
functions is carried out to get the best hexagonal
grid image compression performance.

The experimental results show that the Gabor
filter can improve the visual quality of the
hexagonal grid image after the resampling process.
Evaluation of RD performance also indicates that
the hexagonal grid image compression framework
can produce an optimal compression ratio while
maintaining the image’s visual quality at an
excellent level on the MOS standard.
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