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Abstract: Image compression is crucial for reducing the size of digital images, particularly in applications such as medical imaging
and satellite communication. Discrete Wavelet Transform (DWT) has emerged as a powerful tool for image compression due to its
multiresolution analysis capabilities. In this study, we propose a novel thresholding technique for selecting optimal threshold values to
enhance image compression using DWT. We evaluate the performance of our approach using different wavelets, including Haar, db2,
db5, sym2, and coifl, and analyze key metrics such as Peak Signal-to-Noise Ratio (PSNR), Compression Score (CS), and L,-norm
recovery. Here, we show that for first level of decomposition using db2 wavelet, our proposed technique achieves a PSNR of 35.79 dB,
a CS of 75%, and an Ly-norm recovery of 99.946% when applied to a standard 474 x 474 image of Srinivasa Ramanujan. Our method
not only maintains image quality but reduces computational time compared to existing thresholding techniques. This work contributes
to the advancement of efficient image compression techniques in various domains.
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1 Introduction

Digital Image Processing involves analyzing and manipulating digital images. Image compression is crucial for
diminishing the size of images. Among its numerous applications, image compression appears as one of the most fruitful
techniques for minimizing image size worldwide [14][33]. The challenge faced in image compression methods is to
reduce the image data without affecting human visual perception and the statistical properties of image data [21][22].
Data compression techniques save storage space and faster transmission, reduces bandwidth usage, speeds up web page
loading and download times, especially over networks [38]. Additionally, it improves performance, reduces costs and
promotes accessibility in resource-limited systems. In applications wherever high-resolution images need to be stored or
shared quickly with maintaining quality such as in multimedia, clinical imaging, satellite communication and other fields
image compression plays a vital role [4].

There are various types of image compression methods namely Run Length Encoding, Arithmetic Coding, Huffman
Encoding, LZW Coding, Discrete Cosine Transform, Discrete Fourier Transform, Discrete Wavelet Transform,
Predictive Coding, Block Truncation Coding, Sub-band Coding, Fractal Compression, Singular Value Decomposition,
Vector Quantization, and many more [12].

Minor dissimilarities in brightness over a large area are easily recognized by human vision, but not easy to examine
the specific strength of a high frequency brightness variation [15][28]. In other words, the upper left corner of the eye is
more sensitive to low frequencies and the lower right corner is less sensitive to high frequency [28]. Therefore, image
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data can be reduced by discounting the high frequency components without compromising the vital feature of image
[28]. The Discrete Wavelet Transform (DWT) is used as transformation tool because it can work in such a way like the
human vision do [37] and it have become a significant method in signal processing, particularly for enhancing image
performance in terms of Peak Signal to Noise Ratio (PSNR) [23][32]. An efficient compression scheme typically
integrates multiple techniques, with wavelet transform being a prominent approach [7]. So, Methods involving
Multiresolution Analysis (MRA) and wavelet transform is essential for efficiently representing image data. In MRA,
image data is analysed at multiple resolutions, which separates fine details from coarse structures, helps in removing
redundancy while preserving quality. In other hand, wavelets localize spatial and frequency information of an image data
which helps us to capture features like textures and edges. Also, it compress the image with fewer coefficients, reducing
usage of storage and bandwidth requirements while maintaining essential quality. Wavelet filters are designed to ensure
that coefficients in each sub-band are nearly uncorrelated with those in other sub-bands [5]. Among image compression
techniques, wavelet transform technique plays an important role in fields like medical imaging, satellite imaging and
multimedia transmission where efficient compression and quality are vital.

In recent past, the image compression techniques involves mainly wavelet thresholding, Sureshrink, Bayesian,
Adaptive threshold, redundant decomposition, translation invariant, Coefficient dependent, Double density dual tree
complex DWT, Double density dual tree DWT, BM3D median filter DWT and many more [2].

Many researchers work on wavelet coefficient to reduce its size using various thresholding techniques
[17][19][29][38]. In literature, a common approach in numerous Image Compression algorithms is to use a single
threshold for all coefficients within a sub-band i.e. global thresholding [6]. Some researchers perform adaptive
thresholding, which increases complexity and computational time [36]. Because of simplicity and efficiency global
threshold concept is valuable. This method is not only easier to compute and implement but also more intuitive compared
to complex adaptive or local thresholding methods. It reduces computational complexity, making it a fundamental tool in
signal and image processing. During compression process, an optimal threshold value is used to separate important
signal imformation from less relevant details. It determines the situation at which the wavelet coefficients are considered
important enough to be retained, while coefficients below the threshold are discarded [26]. But, selection of this optimal
threshold value(s) is one of the most challenging part and is crucial for achieving efficient compression and maintaining
the quality of the compressed data [30]. Weak decision indicating threshold leads to a large amount of selected
coefficients that turn out to insignificant decrease on compression ratio with longer computational time [10][20].
Calculating the optimal threshold value is very crucial since it need to analyze multiple data simultaneously [36]. Here, if
the calculated threshold value is very small, it will absorb noise into signal. Whereas, if the calculated threshold value is
too high, some important coefficients will be automatically discarded resulting an undesired image quality [7].

Numerous scholars have contributed to advancements in this domain, exploring various theoretical and practical
aspects to enhance the field’s understanding and applications. The optimal selection methods of fixed thresholds and
adaptive thresholds under aperiodic signals [40], noise-insensitive signal adaptive threshold for ECG compression [34],
interleaving compression scheme and an efficient threshold estimation algorithm so as to enhance the performance of
ADTopk [41], improved two-dimensional maximum Shannon entropy median filter for the adaptive selection of a
threshold to enhance the filter performance while stably and effectively retaining the details of the images [24] and novel
top-down superpixel segmentation algorithm called Hierarchical Histogram Threshold Segmentation [35], have been
proposed by many researchers.

In present paper, we proposed a novel algorithm to select the threshold value for image compression in wavelet
domain. For verification, we applied this technique to a grayscale image of Srinivasa Ramanujan in five different wavelet
environment such as Haar, Coiflet] (coifl), Symlet2 (sym2), Daubechies2 (db2), and Daubechies5 (db5), and analysed
peak signal to noise ratio (PSNR), compression score (CS) and L, norm recovery. We compared our results with other
standard threshold selection techniques.

This paper is organized as follows: Section 2 presents some basic definitions and preliminaries relevant to our work.
A novel algorithm for determining the threshold value is explained step by step in Section 3. In Section 4, the simulation
parameters such as PSNR, CS and L, norm recovery are discussed. Finally, the conclusions are given in Section 5.
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2 Preliminaries

2.1 Multiresolution Analysis (MRA)

Let {V;} ez be a sequence of subspaces of L*(R). We say that {V;} jcz is a MRA of L*(R) [9], if
1. Nested property: V; C V;
2. Density property: J V; = L*(R)
j€z

3. Separation property: (| V; = {0}
jez
4. Scaling property: f(t) € V) < f(2/t) €V;

5. There exists a function ¢ € Vj, called the scaling function (Father wavelet), such that

[ o #0
R

and {¢(r — k) }xez forms an orthonormal basis for V.

2.2 Discrete Wavelet Transform

Let digital image f(x,y) composed of N rows and M columns. A separable wavelet of L?>(R?) is constructed using
separable products of y(r) and of ¢(¢), where ¢(¢) is connected to a 1-D multiresolution approximation V;. Also,

— V7 is the separable two dimensional multiresolution V} = V; @ V;

— W} is the detail space and V7, | =V} © W}
Here, y(¢) and ¢ () generate an orthonormal basis of L?(IR). Further, three directional wavelets are:

v (x,y) = 0(x)w(y) (1
v (x,y) = y(x)o(y) )
v (x,y) = y(x)w(y) 3)

where y!' = y!! shows the direction of the horizontal variations, w> = y" permits to detect the vertical variations,
and w3 = yP allows to detect the diagonal variations. The generic expression is

‘I/Ji'-,m,n(xvy) :zjwi(zjxfmvzjyfn)v i=H,V,D 4

The directional wavelets W]!,m,m W]z,m,m l[/?,m’” forms an orthonormal basis of the subspace of details
Wj2 = (Viow) o (W;oV)® (W;oW)) at scale j, with L*(R?) = @ij, ® denotes a tensor product [18]. The whole
image f(x,y) decompose as .

f(x,y) = Z d;',m,nzjl/lj‘,m,n(xvy)a and ®))

J.m,n,i
d;,mﬂ = < W},m,mf(an) > (6)

Eq. (6) detects the discrete wavelet coefficients of the test image as a function of the four (j,m,n,i) discrete variables.

An image f(x,y) is decomposed into an approximation image (W7,), and the detail images corresponding to a
horizontal (W TVI;I ), a vertical (WTV‘,/ ) and a diagonal (horizontal + vertical) (W T¢D ), for each scale respectively, [18]:

WTy(j) =a;(x,y) = < f(x,y),9;(x)¢;(y) > (7)
WT, () =df (x,y) = < f(x,y), v;(x)0;(y) > ()
WTy (j) =df (x,y) = < [f(xy),6;(x)w;(y) > ©)
WT,)(j) =d) (xy) = < f(x2), ¥ (0)w;0) > (10)

In decomposition, the size of the image is divided by 2 at each iteration. Consequently, the representation of the wavelet
coefficients can be seen as quarter-size subimages. Here, top left image corresponds to the approximation coefficients and
other three images corresponds to the details coefficients [18]. Multilevel decomposition of the image using 2-D DWT is
depicted in Figure 1.
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(a) First level decomposition (b) Second level decomposition

Fig. 1: 2-D Wavelet Decomposition.

2.3 Wavelet Families

Different families of wavelets are broadly used in image processing and analysis, each has its unique properties which
make them suitable for particular applications. Present study investigates the importance of proposed thresholding
technique using five well-known wavelets namely Haar, Daubechies 2 (db2), Symlet 2 (sym?2), Coiflet 1 (coifl) and
Daubechies 5 (dbS) which are shown in Figure 2.

2.3.1 Haar Wavelet
The Haar wavelet function y(¢) can be described as

1 0<r<3,
yi)=¢-1 I<t<1,
0 otherwise.

Its scaling function ¢(¢) can be described as [9]

1 0<r<l,
<p(t>{ N

0 otherwise.

2.3.2 db2 and db5

The Daubechies family are written as dbN, where N is the order of the wavelet. The order is the number of vanishing
moments for the particular Daubechies wavelet [9]. A wavelet has N vanishing moments if [* t*y(t)dt = 0, for 0 <
k < N. db2 wavelet has 2 vanishing moments and Daubechies wavelet of order 5 has five vanishing moments, which is
more complex wavelet with a longer support compared to db2. It has 10 coefficients in its scaling and wavelet filters. The
Daubechies wavelet of order 5 offers a better balance between time and frequency localization than db2, which is useful
for applications requiring finer detail preservation. More detailed with five vanishing moments, suitable for applications
requiring higher precision and better time-frequency localization [13].

2.3.3 coifl

An orthonormal wavelet y with compact support is known as coiflet of order N, if the following conditions are satisfied.
D [T w(x)dx=0ii) [ ¢(x)dx = 1. Here, ¢ is the scaling funtion corresponding to y [8].
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2.3.4 sym2
The construction of symlet wavelets basis is similar to the construction of Daubechies wavelets bases. Symlet wavelets
are symmetric. The Daubechies wavelets have maximial phase, whereas the Symlet have minimal phase [39]. Symelet

wavelet (sym) has been applied for sound recognition systems. The Symlet wavelet is especially useful in applications
requiring symmetry and orthogonality, such as image compression, signal processing, and feature extraction [1].

Each of these wavelets has specific properties regarding frequency response, vanishing moments, support, and other
characteristics that make them suitable for different types of signal analysis, compression and feature extraction tasks.

The choice of wavelet depends on the specific requirements and characteristics of the signal being analysed or processed.
Therefore, we have used these wavelets in the current paper.

2.4 Pixel

Pixel is the fundamental element of a digital image. It is a small rectangle that ranges in grayscale from black to white [9].

2.4.1 Neighbours of a Pixel

Digital grayscale images are represented as a table of n x m pixels. Consider pixel ‘p’ at coordinates (x,y). It has four
horizontal and vertical neighbours whose coordinates are given by (x+ 1,y), (x — 1,y), (x,y+ 1), (x,y — 1) [27]. This set
of pixels, called the 4-neighbours of p, and it is denoted as #4(p). If (x, y) lies on the boundary of the digital image,
some of the neihgbours of p lies outside the image. The four diagonal neighbours of ‘p’ have coordinates
(x+1,y+1),(x+1,y—1),(x—1,y+1),(x—1,y—1) and denoted by A5 (p) [27].

In Figure 3a, 3b show .44 (p) and Ap(p). It is together giving 8-neighbours of ‘p’, denoted by .A43(p) [27].

2.4.2 Distance Measure

For pixels p(x,y), ¢(s,t), and z(v,w), satisfying following conditions is called distance function or metric [27].

1. D(p,q) > 0 and D(p,q) =0 if and only if p = gq.
2.D(p.q) = D(g,p) (Symmetry).

3. D(p,z) < D(p,q) + D(q,z) (Triangle inequality).
2.5 Thresholding
In image processing, we generally require image segmentation. One of the processes of image segmentation in digital
image processing is known as thresholding [25].
2.5.1 Hard Thresholding

A hard thresholding function is defined as [31]

hx) = {x, if x| > T,

0, if |x| <T.

Where T is threshold value.

2.5.2 Soft Thresholding

It is defined by the function [3]

s(x) = {sign(x) (x| =T), if|x] >T,

0, if x| < T.
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0.5
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0 0.2 0.4 0.6 0.8 1

(a) Haar Wavelet function (b) Daubechies 2 Wavelet function

(¢) Daubechies 5 Wavelet function (d) Symlet 2 Wavelet function

(e) Coiflet 1 Wavelet function

Fig. 2: Different Wavelets.

2.5.3 Global Thresholding

Let f(x,y) be a pixel in 2-D image. The segmented image g(x,y) is defined as [22]

1 i f(x,y) > T,
SO =0 it flay) <T.

When ‘T” is a constant that is applied to the entire image, the process is known as global thresholding.
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flx—=1) fx—=1Ly=1) fx=1y+1)
f(xvy_l) f(x7y) f(xay'l—l) f(x,y)
f(x+1,y) j(x+1,y71) f(x+1y+1)
(a) 4-neighbours of a pixel 44 (p). (b) Four diagonal neighbours of a pixel .4p(p).

Fig. 3: Neighbours of a Pixel

— VisuShrink. It was introduced by Donoho and defined as 6y/21log N where o is the noise variance and N is the number
of pixels in the image [11].

— Ostu Method. In this method, let (x,y) denote the spatial coordinate of a digitized image, G = {0, 1,...,L— 1} be a set
of positive integers representing gray levels and n; be the number of pixels with gray level i.

Then
L-1
n—= Z n;
i=0
gives the total number of pixels in a given test image.

And the probability of occurrence of gray level i is obtained as

n;
pi=—.
n

In this method [25], to compute threshold operation, we partition pixels of the test image into two classes Cy and C
(i.e., objects and background) at gray level ¢. Where, Co = {0,1,...,t} and C; = {r+ 1,74+ 2,...,L—1}.

Let GW, Gg, and Gtz be within-class variance, between-class variance, and total variance, respectively [25]. An optimal
threshold value can be determined by minimizing one of the following criterion with respect to ¢:

2 2
o2 1] 167

A= g, n:—g, and K‘:—g.
Oy Or Oy

Among three criterion, 1) is the simplest one. Thus, the optimal threshold #* is calculated as

t* =ArgMinn,
teG
where
2 — L—1
T:z T
i=0 i=0

op = @@ (Mio)®, @y = sz, o) = 1— o,
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_Hr—
1 — oy

My L
Hy ,#02—7%:211%
o i=0
— Minimum Error Method. In this method [25], the probability density function p(g) of the test image comprising the
gray levels of the object and background pixels. It is assumed that each of the two components p(g|i) is normally
distributed with mean L;, standard deviation o;, and a prior probability P; [25], i.e.

o

p(g) =) Pp(gl)

i=1

where
N (g —mi)
plgli) = Tmexp( )

The threshold value can be selected by solving the quadratic equation

(8 — ) (8 — )
T+10g60-|2—210gepl = T

1 2

+log, 07 —2log, P>

However, the parameters y;, Giz and P, for i = 1,2 of p(g) associated with an image (to be thresholded) are not known
usually. To overcome this authors in [16], introduced another function J(¢), which is given by:

J(t) =1+2{P(t)log, 01(t) + Ps(t) log, 02(t) } —2{Pi(t)log, P (t) + P»(t)log, P»(t)}

where
! L—1
Pi(r) =) h(g), Pa(r)= ) h(g),
g=0 g=t+1
(t) = ;,:()h(g)g (1) = Ié;rlﬂh(g)g
HO=""20 Y77 R0
Loo(g— i (1))*h(g)
of (1) ==% )
and
o2 (1) = L1 (8~ Hal)Ph(e)
5(t) =

Pz(l)

The optimal threshold value is then obtained by minimizing J(¢), i.e., by finding

t* =ArgMinJ(t).
teG

— rem_n0. It gives a threshold value close to zero. Threshold value is median of absolute value of the coefficients.
— bal_sn. It gives a threshold value in such a way that the percentages of retained energy is equal to the number of zeros.

2.6 Image Compression Algorithm

1. Wavelet decomposition. Apply DWT by choosing a wavelet and a level of decomposition N. In this paper, we choose
five different wavelets as mentioned earlier and first decomposition level as well as second decomposition level.

2. Threshold detail coefficients. For each level, a threshold value is selected and it is applied to the detail coefficients.

3. Compressed Image. Compute Inverse DWT using the original approximation coefficients of level N and the modified
detail coefficients to obtain compressed image.

Figure 4 shows the block diagram of the proposed algorithm.
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Original Inverse Compressed
Tmage DWT Threshold DWT Image

Fig. 4: The block diagram of image compression process.

2.7 Measurements of Image Quality
2.7.1 Mean Square Error (MSE)

The MSE can be calculated using the following formula

1
MSE=— Y Y |X(i,j) - X(i, )| (11)

Here,

— n X m represents the dimensions of image.
— X (i, j) represents the given digital image.
—X.(i, j) represents the compressed image.

2.7.2 Peak Signal to Noise Ratio (PSNR)

In lossy compression, the compressed image’s pixel values differ from the original image’s pixel values. If the difference
between the original and compressed images is imperceptible to the human eye, it signifies good compression. In this
study, PSNR (which serve as a metric to quantify peak error) has been used to measure the quality of the compressed
image. Its relevance is constrained to data encoded as bits per sample or bits per pixel. A higher PSNR value corresponds
to enhanced quality in the compressed image. The following equation defines the PSNR:

PSNR = 10-1 max’ (12)

= . 0
g10 MSE /’

where max represents the color depth.

2.7.3 Compression Score (CS)

Compression score, returned as a real number which is the percentage of thresholded coefficients that are equal to O.
It indicates how much of the original image data is retained after compression. It is often expressed as a percentage of
retained wavelet coefficients.

2.7.4 L, Norm Recovery

cxc|\?
L, norm recovery = 100 x <” il |) ’

where

— C denotes the wavelet expansion coefficients of the given image.
— X is the test image.
— CXC represents the wavelet expansion coefficients of compressed image.

The L, norm recovery measures how well the compressed image retains the energy (or intensity) of the original image.
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3 Proposed Threshold Technique

Let oy, denotes the pixel value at the spatial coordinate (x, y) of a digitized image. To compute threshold operation, first
break the matrix of an image into 3 x 3 block matrices.

For i=1 (mod 3)and j=1 (mod 3), the optimal threshold value is proposed by

i+2yvJjt2

W a—i Lpej | Olap = Oti1,jt1]
= max
1<i<n 8
1<j<m

where o1 ;11 is the centre node of the block matrix

Qij  Oijr1 Oijyo
Qit1,j Ot j+1 Oit1,j42
Qit2,j g2 j+1 %ig2 j42

3.1 Algorithm

In this paper we took an image of size n X m.

Step 1: If n and m are divisible by 3, proceed to step 2, if not, examine the size of the matrix n; x m; as follows
ny =3x [%] andm| =3x [%]

1. If n or m = 1(mod3), remove any boundary row or column.
2.If n or m 2 2(mod3), remove both the boundaries of the row or columns.

Step 2: Consider the resultant matrix and break it into 3 x 3 block matrix. For example 12 X 9 matrix is divided into
block matrices as follows,
[og1 02 013 |01g O1s O |07 018 O9 ]
01 0o 03|04 05 Oe|027 O2g 029
031 032 033|034 035 036|037 O3g 039
041 O4p Ola3| 044 O45 O4e|0a7 O48 049

51 02 053|054 055 056|057 Os58 059
Op1 O O3 |0Opsa Ops5 Oee |07 Oog Op9
071 072 O73|074 075 076|077 Q78 079
Og1 Ogn Og3|0gs Ogs Oge|Og7 Ogg 089
Oy Ognr 03|09y Ogs Oge|Og7 Oog Ooo
10,1 ®10,2 01030104 10,5 *10,6|%10,7 C10,8 10,9
1,1 %112 Q1130014 01,5 X1,6|%11,7 01,8 11,9

L0121 Oq22 0123|0124 0125 026|027 (128 0129 ]

Step 3: For each 3 x 3 block matrix, find the centre node.

Step 4: Calculate the difference between central node and their 8-neighbouring node pixel values of the chosen block
matrix.

12 42
. Z;J;,'Z{,:j‘aa.b*aiﬂ‘jﬂ‘

Step 5: Calculate A; ; = 3
Step 6: Repeat the steps 2 to 5 for all the block matrices.
Step 7: Fori=1 (mod 3) and j =1 (mod 3)

Proposed threshold value (h?) = max (Aij)-
1<j<m
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4 Results and Discussion

We applied proposed thresholding technique on a test image (Ramanujan image) of size 474 x 474. The technique is
analysed upto second level of wavelet decomposition. Performance analysis using five wavelets such as Haar, sym2, db2,
db5 and coifl is studied to verify the superiority of the proposed technique.

After first level wavelet decomposition of the test image, we get averages (LL), vertical differences (HL), horizontal
differences (LH) and diagonal differences (HH), the threshold value is then selected using proposed threshold technique.
We used this threshold value on the detail coefficients (LH, HL, HH). Finally, inverse DWT is applied using approximate
coefficients together with the modified detail coefficients we get the compressed image (O/p Image) which is shown in
Figures 5 - 9.

. \ % .
L /

(a) Haar LL (b) Haar LH (¢) Haar HL. (d) Haar HH (e) O/p Image

Fig. 5: First Level Haar Wavelet Decomposition.

(a) db2 LL (b) db2 LH (c) db2 HL (d) db2 HH

Fig. 6: First Level db2 Wavelet Decomposition.

(a) dbSLL (b) db5 LH (c) db5 HL (d) db5 HH (e) O/p Image

Fig. 7: First Level db5 Wavelet Decomposition.

Since, visushrink gives 8.6590¢9 =~ 0 as a threshold value, therefore, it is not advisable to consider this value for
any comparative analysis. Tables 1 - 10 show that Minimum Error Threshold and rem_n0 methods give good PSNR but
compression score is very less compared to other methods. Therefore such methods may not be applicable, where we
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(a) coifl LL (b) coifl LH (¢) coifl HL (d) coifl HH (e) O/p Image

Fig. 8: First Level coif]l Wavelet Decomposition.

(a) sym2 LL (b) sym2 LH (¢) sym2 HL (d) sym2 HH (e) O/p Image

Fig. 9: First Level sym2 Wavelet Decomposition.

Threshold Techniques Threshold Value | PSNR CS L, Norm
Otsu’s Method 0.4667 32.8232 75 99.8447
Proposed Method 0.3054 32.8232 75 99.8447
Minimum Error Threshold 0.023 43.1799 | 66.4837 99.986
rem_nQ 0.0039 64.1321 | 37.3231 | 99.9998

bal_sn 0.2863 32.8232 75 99.8447

Table 1: First Level Haar Wavelet Decomposition.

Threshold Techniques Threshold Value | PSNR CS L; Norm
Otsu’s Method 0.4667 2694 | 93.6114 | 99.5379
Proposed Method 0.3054 27.4359 | 93.4648 | 99.6279
Minimum Error Threshold 0.023 43.3124 | 78.5864 | 99.9818
rem_nQ 0.0039 63.6522 | 43.4388 | 99.9998

bal_sn 0.8225 26.1942 93.71 99.382

Table 2: Second Level Haar Wavelet Decomposition.

Threshold Techniques Threshold Value | PSNR CS L; Norm
Otsu’s Method 0.4667 35.7901 75 99.946
Proposed Method 0.3054 35.7901 75 99.946
Minimum Error Threshold 0.023 42.4901 | 70.5057 | 99.9872
rem_nQ 0.0039 58.8274 | 47.6767 | 99.9995
bal_sn 0.7564 35.7901 75 99.946

Table 3: First Level db2 Wavelet Decomposition.

need high image quality with better compression score. That is why in the present paper we are not considering these
results for comparative analysis.
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Threshold Techniques Threshold Value | PSNR CS L; Norm
Otsu’s Method 0.4667 26.3708 | 93.6572 | 99.7192
Proposed Method 0.3054 27.2113 | 93.5495 | 99.7817
Minimum Error Threshold 0.023 43.4206 | 83.4221 99.9825
rem_nQ 0.0039 58.2279 | 53.7278 | 99.9994
bal_sn 0.7564 26.623 | 93.6708 | 99.7003
Table 4: Second Level db2 Wavelet Decomposition.
Threshold Techniques Threshold Value | PSNR CS L; Norm
Otsu’s Method 0.4667 33.4092 75 99.9743
Proposed Method 0.3054 33.4092 75 99.9743
Minimum Error Threshold 0.023 40.9406 | 72.729 99.9892
rem_nQ 0.0039 56.8159 | 50.2445 | 99.9994
bal_sn 0.1819 33.4092 75 99.9743
Table S: First Level db5 Wavelet Decomposition.
Threshold Techniques Threshold Value | PSNR CS L; Norm
Otsu’s Method 0.4667 26.6177 | 93.3949 | 99.8162
Proposed Method 0.3054 32.0226 | 93.3949 | 99.8162
Minimum Error Threshold 0.023 39.9124 | 85.7711 99.9825
rem_nQ 0.0039 56.4115 | 56.4735 | 99.9994
bal_sn 0.591 32.0506 | 93.3996 | 99.8112
Table 6: Second Level db5 Wavelet Decomposition.
Threshold Techniques Threshold Value | PSNR CS L; Norm
Otsu’s Method 0.4667 32.7136 75 99.9497
Proposed Method 0.3054 32.7136 75 99.9497
Minimum Error Threshold 0.023 41.0744 | 70.7056 | 99.9871
rem_nQ 0.0039 59.088 | 47.3031 | 99.9995
bal_sn 0.2019 32.7136 75 99.9497
Table 7: First Level coif]l Wavelet Decomposition.
Threshold Techniques Threshold Value | PSNR CS L; Norm
Otsu’s Method 0.4667 247191 | 93.5335 99.74
Proposed Method 0.3054 24.498 | 93.3418 | 99.7991
Minimum Error Threshold 0.023 24.498 | 93.4318 | 99.7991
rem_nQ 0.0039 58.5514 | 53.6291 | 99.9995
bal_sn 0.7346 24.46 93.5539 | 99.7141
Table 8: Second Level coif]l Wavelet Decomposition.
Threshold Techniques Threshold Value | PSNR CS L; Norm
Otsu’s Method 0.4667 35.7901 75 99.946
Proposed Method 0.3054 35.7901 75 99.946
Minimum Error Threshold 0.023 42.4901 | 70.7057 | 99.9872
rem_nQ 0.0039 58.8274 | 47.6767 | 99.9995
bal_sn 0.2793 35.7901 75 99.946

Table 9: First Level sym2 Wavelet Decomposition.
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Threshold Techniques Threshold Value | PSNR CS L; Norm
Otsu’s Method 0.4667 26.3708 | 93.6572 | 99.7192
Proposed Method 0.3054 27.2113 | 93.5495 | 99.7817
Minimum Error Threshold 0.023 43.4206 | 83.4221 | 99.9825
rem_nQ 0.0039 58.2279 | 53.7278 | 99.9994

bal_sn 0.7564 26.623 | 93.6708 | 99.7003

Table 10: Second Level sym2 Wavelet Decomposition.

Threshold Techniques T 1me
(in sec)

Otsu’s Method 2.6406
Proposed Method 1.1093
bal_sn 4.0156

Table 11: Computational Time (Machine configuration is: 12th Gen Intel(R) Core(TM) i5-12450H 2.00 GHz, 8GB RAM).

In almost all the experiments, we note that while measuring PSNR, CS and L, norm recovery, our proposed technique
gives not only similar PSNR and CS, but gives better L, norm recovery. Hence, the proposed threshold value selection
technique show superiority over existing thresholding techniques. Also, compare other algorithms, the proposed technique
in present paper yields less computational time which is shown in Table 11.

5 Conclusion

In this paper, a new threshold selection technique is proposed for image compression by preserving the quality of the
image, which is based on pixel neighbourhood concept. Experiments are conducted to assess the performance of the
proposed threshold selection technique in comparison with the existing threshold selection techniques. The results show
that the proposed technique gives not only better L, norm recovery but it takes less computational time, compare to other
existing methods.
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