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ABSTRACT

This study presents a compression scheme (CS) for still images using combined Walsh-
Hadamard (WH) and bi-orthogonal discrete wavelet (BDW) transforms. The developed
compression scheme is formulated using a combined WH transform of order 2 and fifteen
randomly selected BDW transforms with a decomposition level 2. The selected fifteen BDWs
are 'biorl.1l', 'biorl.3", biorl.5', 'bior2.2', bior2.4', 'bior2.6', 'bior2.8', 'bior3.1', 'bior3.3', 'bior3.5',
'bior3.7', 'bior3.9', 'bior4.4', 'bior5.5', and 'bior6.8'. The implementation was done in MATLAB
R2018a environment. Compression ratio (CR), mean square error (MSE) and peak signal-to-
noise ratio (PSNR) were used as evaluation metrics. A CS is adjudged best with an above-
average CR value, the lowest MSE, and the highest PSNR. Nine different images of different
sizes are used for evaluation. The CSs involving bior2.2, bior2.4, bior4.4, bior5.5 and bior6.8
satisfied the CR criterion. The lowest MSE and highest PSNR figures were recorded for images
1,4,5,7, 8 and 9 when bior2.2 was used, while bior2.4 gave the lowest MSE and highest PSNR
values for images 2, 3 and 6. Implementations involving bior2.4 had advantages of 0.64%,
1.97% and 12.20% over bior2.2 for images 2, 3 and 6, respectively, in terms of MSE, while
corresponding PSNR advantages were 0.04%, 0.12% and 0.71%. Thus, it can be said without
loss of generality that implementation employing bior2.2 is better than that utilizing bior2.4
based on computed MSE and PSNR values. Thus, a compression scheme formulated with a
combined Walsh-Hadamard transform and bior2.2 variant of discrete wavelet transform is the
best suited for still image compression.

Keywords: compression scheme, still image, bi-orthogonal discrete wavelet transform, Walsh-
Hadamard transform

1. INTRODUCTION

In this modern age of massive data, the size of the data is of growing concern for researchers and
scientists dealing with such data. The constraints of transmission channel bandwidth and storage
space, which are limited, call for data compression while in transit as well as for archiving
without compromising integrity [1]. Data come in different forms, such as sound, picture, video,
and text documents. Each of these forms of data requires a sort of compression to ensure
efficient utilization of transmission resources and available memory space for storage.
Uncompressed data occupy much space in the computer's random-access memory and storage
media; it also takes more time to exchange between devices. When rendered in digital format, an
image is either a two-dimensional signal (if it is a grayscale) or three-dimensional (if it is a
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coloured image). Usually, an image is taken via a camera and comes in the traditional analogue
format. However, images are changed into digital equivalents for processing, which may involve
transmission and storage. A digital image is described as a group of pixels [2]. Varieties of
images are encountered in day-to-day activities and specialized engagements such as remote
sensing, bio-medical, exploration, and entertainment. Images are often processed, and
compression is included before transmission and storage. A typical digital image contains three
components: useful, redundant, and irrelevant. While the irrelevant component can be done away
with through the compression of an image, the redundant information is vital for highlighting the
image details. The useful component is neither redundant nor irrelevant and must not be
tampered with to avoid compromising the integrity of the image. Without accurate, useful image
information, reconstruction of the original image via decompression results in an unsatisfactory
output [3].

In other words, image compression is realized by removing the whole of irrelevant and
calculated amount of redundant bits from the image. This makes the image's compression
different from that of any other digital data. Consequently, performances of general-purpose data
compression schemes are often less than optimal when adopted for image compression tasks.
Image compression approaches can generally be grouped into two, just like any other data
compression type. Image compression schemes could be considered lossy or lossless, depending
on the degree of post-compression distortion introduced into the image. At the same time, the
lossless procedure yields an output image that, when decompressed, produces an exact copy of
the uncompressed image. A lossy method introduces a certain amount of error in the compressed
image. In addition, there are small savings in transmission bandwidth and space for storage using
lossless techniques, unlike lossy schemes that are characterized by increased compression
performance, although at the price of losing few image details. A few approaches for lossless
image compression are bit-plane coding, Shannon-Fano coding, Lempel-Ziv-Welch coding,
entropy coding, Huffman coding, run-length coding, and arithmetic coding, among others.
Examples of lossy compression methods are transform coding (Fourier, discrete cosine, discrete
sine, and wavelet) and fractal compression. While lossless approaches are efficient for small data,
the lossy methods find applications in areas such as TV broadcast, video conferencing, and
facsimile transmission, each of which involves large data [2].

Image compression is considered efficient when the amount of data needed for representation
and storage space for an image is minimal. These are in addition to increased transfer efficiency.
The need for an efficient image compression method has led to different proposals in the
literature. A few of such efforts include that of combined wavelet transform and run-length
encoding [4], singular value decomposition (SVD) method [5], non-negative matrix factorization
(NMF) based image compression approach [6], matrix-based method with thresholding and
value diminution [7], bit-rate coding model for predictive coding [8], combined move-to-front
transformations, Burrows-Wheeler transform, run length and arithmetic encoding approaches [9],
compressed adaptive integration scheme (C-AIS) [10], compressing dense media descriptors
technique [11], combined Frei-Chen bases and the run length method [12], spatial orientation
block trees-based technique [13], neural network-based technique [14], wavelet-based method
[15], binary multi-level quantization arithmetic coding utilizing a look-up table [16], and fractal
characteristics based method [17].

Judging from various surveys reported, it is obvious that lossless compression approaches are
less appropriate for images, as much of the image's detail can be done away with, without
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monumental damage to the image's appearance. This is typically the case with non-medical
images. For medical images (CT scan, MRI scan, ultrasound, X-ray etc.) there is hardly room for
elimination of image’s details without compromising the essence of such images. Where lossy
compression method is employed, the image size is drastically reduced at the expense of losing
very fine details of the image. To ensure satisfactory results, several performance indices,
including peak-signal-to-noise-ratio and mean square error, are often utilized to assess the
compression technique in terms of the disparity between the reconstructed image produced from
decompression and the initial (uncompressed) image. This research is concerned with developing
a still image compression scheme using combined bi-orthogonal discrete wavelet, and Walsh-
Hadamard transforms. The research is motivated by the fact that multimedia data nowadays
requires large storage coupled with ubiquitous mobile devices with inherently limited storage
and transmission capacities. There is therefore the need for a compression scheme that has
relatively higher compression ratio of acceptable error. Each of biorthogonal discrete wavelet
transform and Walsh-Hadamard transform is individually effective as lossy image compression
technique with a high compression ratio. Combining the two in a compression scheme
formulaton is might result in a higher compression ratio.

2.  THEORETICAL BACKGROUND

The theoretical basis of the two transforms employed in developing compression schemes for
still images presented in this study are briefly discussed in this section. This is began with
wavelet transform.

2.1  Wavelet Transform
Mathematically, a wavelet can be described as any function 1//(t) e’ (R) where I* (R) is a

space that encloses functions that are square-integrable on the set of real numbers R . The
necessary and sufficient condition for l//(t) to occuris () = O, indicating that:

jil//(t) dt =0 (1)

The implication of (1) is that all zero-integral functions constitute wavelets. Wavelets are usually
obtained from the mother wavelet via wavelet parameters, which include scaling (dilating) and
translating parameters.

Supposing t//(t) represents the mother wavelet while the scaling and translating parameters are

given by a and b, respectively, the wavelet basis v, ;, (t)is expressible as:
-1
Vap(1)=(Va) y|(t-b)a] @)

-1
where a and b are real numbers with ¢ #0 and; (\/Z ) is a normalization factor to guarantee

that the transformed signal exhibits equal energy at every scale; and ¢ indicates time.

When all entities (input signal values, scaling and translating parameters) involved in wavelet
transform assume discrete values, the resultant wavelet transform is called discrete wavelet
transform (DWT). The DWT can be expressed as follows [18]:

0

cix= 2, x(m)D,;(n) 3)

and,
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o0

dig= 2, x(n)y;(n) (4)

n=—00

provided ¢; . represents the approximated coefficient; d & stands for the detailed coefficients;

j.keZ, Z are set of positive integers; x(n) and ®(n) are the input discrete signal and scaling
function, respectively, such that:

® (1) =N ®(2n-k) )

and y(n) constitutes the mother wavelet, which permits

v, (m)=N2"y (2nk) (6)

Inverse wavelet transform which is defined by

x(m)y= Y @M+ D d v (n) (7
k=—c0 j=l k=—0

is used to retrieve the original signal x(n) from the transformed wavelets. In (7), [ is the

decomposition level used in the wavelet transformation while other symbols assume earlier
definitions.

In this study, bi-orthogonal functions mother wavelets are utilized. Bi-orthogonal wavelets
represent a class of compactly supported symmetric wavelets that are characterized by two
scaling functions. Bi-orthogonal wavelets lend themselves to different multi-resolution analysis
which results in two distinct wavelet functions. Additional information and necessary conditions
on the realization of this class of wavelet is available elsewhere [19].

Having introduced the wavelet transform, next is a brief description of the Walsh-Hadamard
transform to complete the two constituents of the compression method proposed in this study for
still images.

2.2.  Walsh-Hadamard Transform
The Walsh-Hadamard transform of a sequence is expressible [20] as:

1
XN :WHNXN (8)

. . T
where H), 1s a Hadamard matrix of order N and xy =[x1,x2,---,xN] represents an N x1

matrix. The Hadamard matrix of order N (where N =2" n being a positive integer) is defined
recursively by

H H
Hy :{ N/2 N/2 } )
Hyp —Hyp
where H, =[1].
The Walsh-Hadamard transform can alternatively be expressed as:
N-1
X(u):sz(m)(_l)<m’u>: u=051>2:5N_1 (10)
N m=0
where
n—1
<m,u>:Zusms (11)
s=0
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and
n=log, N (12)

The terms u, and m, are the coefficients of the binary representations of u and m, respectively.
The inverse of the Walsh-Hadamard transform is given by:

-1
x(m)=%NZ_‘BX(u)(—1)<m’u>, m=0,1,2,---, N—1 (13)

3. METHOD
Figure 1 depicts the block diagram of the proposed compression scheme. Aside from the input
and output stages, five other stages involved, are:
1.  Conversion of the still image files into signal equivalent;
ii.  Decomposition of the signal equivalent of the image file using bi-orthogonal wavelet
transform;
iii.  Further transformation of the decomposed version of the signal equivalent of the
image file using Walsh-Hadamard transform to achieve compression;
iv.  Obtaining compressed estimates of the original signal equivalent of an image file
using inverse Walsh-Hadamard routine and
v.  Application of inverse discrete wavelet transform routine on estimates obtained from
inverse Walsh-Hadamard transform to reconstruct the compressed version of the

image.
Input i fil : Decompose signal
gsisiesin o E.,, Convert itnage 4 ; e ; "
: p representation of image via
file to signal :
bi-orthogonal wavelet
transform
Further transformation of the
decomposed signal equivalent
of the image using Walsh-
Hadamard transform
Compressed | Reconstruction of the image Estimation of compressed
 mage file from estin'latraﬁ obtained from image file using imverse
< inverse Walsh-Hadamard Wald Eadamarid costine
routine using inverse bi-

orthogonal wavelet transform

Figure 1: Block diagram of the proposed still image compression scheme
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The first stage involves the conversion of the image file into an appropriate signal representation.
This stage can be described as the pre-processing stage for the image file. The image file is read
as input data and then converted into proper signal representation appropriate for decomposition
by wavelet transform. Irrespective of the format in which the image file is prepared or saved, the
file is opened, copied and saved into .jpg format. Files saved in .jpg format are read and
converted into pixels. It is in this format that bi-orthogonal discrete wavelet transform
decomposition is implemented. The image file's decomposed signal equivalent is then passed
through the Walsh-Hadamard transform routine for further compression. The inverse Walsh-
Hadamard routine is then invoked on the output. This is followed by inverse bi-orthogonal
transform to reconstruct the compressed image from an ensemble of pixels equivalent. The
proposed compression scheme was implemented in a MATLAB environment. It is worth noting
that the decomposition level of two is used for bi-orthogonal wavelet transform, while Walsh-
Hadamard of order two is equally employed.

Since the signal representation of an image file is a 2-D input signal, the application of discrete
wavelet transform into such signal yields four output sequences: LL, LH, HL and HH sequences.
The transform is easily realized by directly invoking finite impulse response convolution.

Consider a two-dimensional input signal Xz{x,.’ j} , its discrete wavelet transform is

implemented as

(@) =%Zakx(2i+k) (14)
() =%Z(_1)’f oy X(21— ) (15)
{Qi}:%;akx(szrk) (16)
(v} =2 avrax(2i-H) (17)

where N is a positive integer k =1,2,---2N —1 and g, is a real number.

It should be noted that a total of fifteen variants of bi-orthogonal discrete wavelet transforms are
selected and utilized in this work to decompose the signal representations of image files. The
intuition behind this is to enable a systematic analysis of the performance of each of the bi-
orthogonal wavelet variants for comparison purposes and consequent selection of the performing
discrete filter for the actual compression task of still image file. The randomly selected discrete
wavelet filters selected are 'biortl.1', 'biortl.3', 'biortl.5', 'biort2.2', 'biort2.4', 'biort2.6', 'biort2.8',
'biort3.1, 'biort3.3', 'biort3.5', 'biort3.7', 'biort3.9', 'biort4.4", 'biort5.5', and 'biort6.8").

Further transformation of the decomposed data string from the signal representation of the image
file as output from discrete wavelet transform is done using the Walsh-Hadamard routine of
order 2. The output of this stage yields a compressed data string representation of the image file.
Furthermore, estimates of the compressed data string are obtained using the inverse Walsh-
Hadamard routine, and the inverse discrete wavelet transform is carried out on the estimates
(compressed data string) to reconstruct an approximate representation of the image file. It is
worth noting that the compression scheme proposed in this work results from the integration of
two lossy approaches (wavelet transform and Walsh-Hadamard transform). The fixed form soft
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thresholding scheme is used to estimate the error involved in the MATLAB implementation of
the wavelet transformation of the signal representation of image files.

4. PERFORMANCE METRICS

Three standard metrics are used to evaluate the performance of the proposed image file
compression scheme. They are: compression ratio (CR), mean square error (MSE) and peak
signal-to-noise ratio (PSNR).

The compression ratio (CR) is defined as
original image size

CR= & ik (18)
compressed image size
while the MSE is given by
1 2
MSEzﬁZ(xn—yn) (19)
n=1
and the PSNR is expressible as
2
X
PSNR =10log—2“* 4B (20)
MSE

where {xn} and { yn} represent the source signal sequence and reconstructed signal sequence,

respectively, N is the number of elements in the sequence and x ;. is the peak signal value.

The data utilised in this paper are open-source images obtained from the Internet. Specifically,
nine images of different sizes in kilobyte, are used. Table 1 presents details of the nine images,
while Figure 2 depicts four of the images adopted in the experiment.

Table 1: Original size of images employed in the analysis

Images Size (Bytes)
1 196748

2 169425

3 116107

4 115725

5 786572

6 886706

7 131084

8 77842

9 20949
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(c) (d
Figure 2: Specimen images used for the experimentation of the developed image compression
scheme (a) image 3 (b) image 4 (c) image 8 (d) image 9

4. RESULTS AND DISCUSSION

Evaluation of the output of the formulated and implemented image compression scheme
involving each of the fifteen DWT variants using the nine images above is required. It is
necessary to isolate and select the most suitable bi-orthogonal discrete wavelet function that
performs best about the metrics adopted for this research. Each of the fifteen bi-orthogonal
discrete wavelet function variants selected experiments using the nine different images whose
sizes are shown in Table 1. Table 2 gives the numerical values of the computed compression
ratio from the experiments.
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Table 2: CR resulting from the experimentation of the proposed compression scheme and the
corresponding DWT variants employed

DWT Experiments
Variants 1 2 3 4 5 6 7 8 9

biortl.1 18.03 1.73 1.42 1.46 1799 11.37 141 1.01 1.15
biotl.3  15.87 1.60 1.29 1.33 17.09 10.59 1.25 0.91 1.05
biotl.5 15.56 1.58 1.32 1.33 1572 1042 1.28 0.96 1.07
biort2.2 1541 1.63 1.39 1.43 17.19 1236 1.36 1.12 1.22
biort2.4 15.58 1.67 1.39 1.43 17.13  12.03 1.38 1.14 1.21
biort2.6 13.86 1.54 1.29 1.33 15.52  11.78 1.31 1.07 1.18
biort2.8 1391 1.59 1.31 1.35 1540 1142 1.32 1.12 1.19
biort3.1 15.44 1.58 1.35 1.37 1720 1233 1.34 1.18 1.19
biort3.3 12.64 1.55 1.35 1.35 1483 11.69 1.28 1.17 1.21
biort3.5 12.69 1.61 1.33 1.35 13.83  11.68 1.32 1.13 1.20
biort3.7 11.62 1.50 1.23 1.26 13.27 11.12  1.24 1.16 1.16
biort3.9 11.81 1.44 1.25 1.25 12.81 11.25 1.27 1.09 1.13
biort4.4 17.20 1.78 1.51 1.53 19.07  13.71 1.49 1.16 1.38
biort5.5 1898 1.93 1.67 1.67 20.10 1447 1.65 1.22 1.45
biort6.8 15.80 1.68 1.42 1.46 16.97 12.80 141 1.14 1.30
Average 14.96 1.63 1.37 1.39 16.27 1193 1.35 1.11 1.21

Results presented in Table 2 reveal that the DWTs variant exhibits varying patterns concerning
compression ratio in the nine experiments. The lowest compression ratio recorded is 11.62
corresponding to biort3.7 (for experiment 1); 1.50 when biort3.7 is used (in experiment 2); 1.23
associated with biort3.7 (in experiment 3); 1.25 corresponding to biort3.9 (in experiment 4);
12.81 for biort3.9 (in experiment 5); 10.42 for biortl.5 (in experiment 6); 1.24 for biort3.7 (in
experiment 7); 0.91 for biortl.3 (in experiment 8) and 1.05 biortl.3 (in experiment 9). The
highest values of recorded CR are 18.98, 1.93, 1.67, 1.67, 20.10, 14.47, 1.65, 1.22, and 1.45 for
biort5.5 in experiments 1 — 9.

For each of the experiments, the class average is computed. Computed class averages of CR are
14.96, 1.63, 1.37, 1.39, 16.27, 11.93, 1.35, 1.11 and 1.21 for experiments (images) 1-9,
respectively. From the computed class averages, bi-orthogonal DWT variants employed are
pruned down using a DWT variant having a value of CR greater or equal to the class average as
a criterion. Consequently, DWTs that return values of less than the class average in an
experiment is dropped. Thus, DWT variants that met the criterion for each of the experiments are:
Image 1: biortl.1, biortl.3, biortl.5, biort2.2, biort2.4, biort3.1, biort4.4, biort5.5, biort6.8

Image 2: biortl.1, biort2.2, biort2.4, biort4.4, biort5.5, biort6.8

Image 3: biortl.1, biort2.2, biort2.4, biort4.4, biort5.5, biort6.8

Image 4: biortl.1, biort2.2, biort2.4, biort4.4, biort5.5, biort6.8

Image 5: biortl.1, biortl.3, biort2.2, biort2.4, biort3.1, biort4.4, biort5.5, biort6.8

Image 6: biort2.2, biort2.4, biort3.1, biort4.4, biort5.5, biort6.8

Image 7: biortl.1, biort2.2, biort2.4, biort4.4, biort5.5, biort6.8

Image 8: biort2.2, biort2.4, biort2.8, biort3.1, biort3.3, biort3.5, biort3.7, biort4.4, biort5.5,
biort6.8

Image 9: biort2.2, biort2.4, biort3.3, biort4.4, biort5.5, biort6.8
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It can be inferred that only five DWT variants, biort2.2, biort2.4, biort4.4, biort5.5 and biort6.8
have C.R. values equal or greater than the respective class averages. They are, therefore, selected
for further analysis while the remaining DWT variants are dropped.

Presented in Table 3 are computed mean square error (MSE) linked to the utilization of the five
DWT variants that fulfil the CR selection criterion for the nine experiments. In contrast, Table 4
shows the corresponding peak signal-to-noise ratio (PSNR). Regarding MSE, DWT variants with
the lowest MSE figure are considered better. Out of the five remaining DWTs under
consideration, the lowest MSE figures are 244.28 with biort2.2 (experiment 1); 428.63 with
biort2.4 (experiment 2); 190.34 with biort2.4 (experiment 3); 247.33 using biort2.2 (experiment
4); 208.23 using biort2.2 (experiment 5); 350.38 using biort2.4 (experiment 6); 284.09 with
biort2.2 (experiment 7); 401.90 with biort2.2 (experiment 8) and 120.87 with biort2.2
(experiment 9).

Table 3: MSE obtained from the experiment using the proposed compression scheme and the
corresponding DWT variants employed
DWT Experiments

Variant | 2 3 4 5 6 7 8 9

S

biort2.2 2442 4313 1940 2473 2082 393.1 284.0 4019 1208
8 8 9 3 3 1 9 0 7

biort2.4 2779 4286 190.3 251.7 2162 3503 2863 446.6 128.1
6 3 4 3 6 8 1 0 2

biortd.4 3054 4485 2082 276.1 2523 3850 309.3 4758 1522
7 1 1 2 1 0 0 9 7

biort5.5 309.9 5134 261.1 333.0 339.8 5242 368.0 502.1 201.0
9 8 0 0 2 1 9 8 0

biort6.8 2859 4502 214.6 274.6 2725 4292 3055 423.0 151.6
2 2 3 2 6 2 0 0 4

A cursory look at entries of Table 3 shows that the compression scheme employing biort2.2 has
the lowest MSE values when images 1, 4, 5, 7, 8 and 9 are used, while for images 2, 3 and 6, the
compression scheme involving biort2.4 return the lowest MSE figures in each case of the three
experiments. One thing that can be deduced from this experiment is that, although the values of
computed CR of compression scheme using biort2.2 and biort2.4 are lower than those of biort4.4,
biort5.5 and biort6.8, the two DWT variants (biort2.2 and biort2.4) are better in terms of MSE
values.

Next, the PSNR figures resulting from biort2.2, biort2.4, biort4.4, biort5.5 and biort6.8 in the
construction of compression schemes are evaluated. Table 4 presents results obtained from
computations. A close observation of entries of Table 4 shows that the highest PSNR values
when images 1, 4, 5, 7, 8 and 9 serve as input are recorded when biort2.2 is used in the
implementation of the image compression scheme, while for images 2, 3 and 6, compression
scheme involving biort2.4 returns the highest PSNR values. Values of PSNR obtained from
implementations employing biort4.4, biort5.5 and biort6.8 are lower than the highest value in
each of the nine experiments.

Table 4: PSNR resulting from the experimentation of the proposed compression scheme and the
corresponding DWT variants employed
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DWT Experiments

Variants 1 2 3 4 5 6 7 8 9
biort2.2 72.38 6991 73.38 72.33 73.08 70.32 71.73 70.22 75.44
biort2.4 71.82 69.94 7347 7225 7291 70.82 71.69 69.76 75.19
biort4.4 71.41 69.74 73.08 71.85 72.24 70.41 7136 69.49 74.44
biort5.5 71.35 69.16 72.09 71.04 70.95 69.07 70.60 69.25 73.23
biort6.8 71.70 69.73 7294 71.87 7191 69.93 71.41 70.00 74.45

From the preceding, it is evident that the compression scheme implementing biort2.2 is
associated with the lowest values of MSE and highest values of PSNR in six out of the nine
experiments, while implementation employing biort2.4 recorded the lowest MSE figure and
highest PSNR values in the remaining three experiments. This suggests that the pendulum of best
bi-orthogonal DWT variants considered in this research for implementing the image compression
scheme oscillates between biort2.2 and biort2.4. The difference between MSE figures recorded
by compression scheme implementation involving biort2.2 concerning those obtained when
biort2.4 is used are 0.64% (experiment 2), 1.97% (experiment 3), and 12.20% (experiment 6).

Similarly, the corresponding difference in PSNR figures is 0.04% (experiment 2), 0.12%
(experiment 3), 0.71% (experiment 6). Without loss of generality, it is evident that the
compression scheme implemented with biort2.2 appears better in all nine experiments than that
involving biort2.4, according to the results of the analysis carried out in this research. The
compressed file sizes determined for each of the resultant two compression schemes involving
biort2.2 and biort2.4 concerning the nine sets of experimental simulations are shown in Table 5.
The values of compressed image sizes resulting from the nine experiments are revealing. While
implementing biort2.2 yields the lowest compressed image size in experiments 3, 5, 6 and 9, the
compression scheme implemented with biort2.4 yields the lowest compressed image sizes in
experiments 1, 2, 4, 7 and 8. The difference in compressed file sizes recorded by the compression
scheme implementing biort2.2 concerning implementing biort2.4 in percentages are 1.12%
(experiment 1), 2.73% (experiment 2), 0.02% (experiment 4), 2.01% (experiment 7) and 1.99%
(experiment 8).

It is clear from the above analysis that the relative advantage of reduced compressed image sizes,
recorded by implementation involving biort2.4 over the compression scheme employing biort2.2,
is marginal, the highest being 2.73% in experiment 2. Therefore, implementing biort2.2 in its
construction without loss of generality is better than biort2.4. This is premised on the values of
MSE and PSNR computed for biort2.2 DWT used in the construction. Thus, it can be safely said
that the compression scheme formulated with a combined Walsh-Hadamard transform and
discrete wavelet transform (biort2.2 variant) is the best-suited combination for the image
compression scheme among the selected bi-orthogonal discrete wavelet transform functions.

Table 5: Compressed image sizes (kB) from the experiments
DWT Experiments
Variants 1 2 3 4 5 6 7 8 9
biort2.2 12770 103992 83583 81042 45764 71754 96694 69346 17126
biort2.4 12629 101231 83775 81029 45920 73736 94787 67995 17292
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5.  CONCLUSION

Based on the results obtained in this research, the combined Walsh-Hadamard transform and bi-
orthogonal wavelet transform could be employed to formulate high-performing image
compression schemes. Depending on the adopted wavelet transform functions, compression
schemes of varying performance, in terms of compression ratio, mean square error and peak
signal-to-noise ratio, are realizable. Therefore, by carefully selecting performance indicators,
image compression schemes of different grades can be formulated from combined Walsh-
Hadamard and bi-orthogonal transforms. For the fifteen different bi-orthogonal wavelet
transform functions (‘biortl.1', 'biortl.3', 'biortl.5', 'biort2.2', 'biort2.4', 'biort2.6', 'biort2.8',
'biort3.1', 'biort3.3', 'biort3.5', 'biort3.7', 'biort3.9', 'biort4.4', 'biort5.5', and 'biort6.8') employed
along with Walsh-Hadamard function, in the formulation of still image compression schemes in
this research, bi-orthogonal transform variant 2.2 (biort2.2) performed best. This is stem from the
obtained

values for compression ratio, mean square error and peak signal-to-noise ratio.
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