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Abstract—Every image comprises of color intensity values.
Boundary of these color intensities are completely vague. That
is, one can’t distinguish one color intensity to another using the
precise boundary. Therefore, this study represents those crisp
color values in terms of fuzzy set theory. This representation of
crisp color in terms of fuzzy set is termed as an uncertain color
space (UCS). Based on this UCS, an algorithm is proposed, which
is termed as an “UCS based image compression algorithm”. This
algorithm helps to reduce the color intensity values using a user-
defined information decrement factor, which leads to compress
the images. The proposed method is applied on benchmark data
sets. The efficiency of the proposed method is analyzed using the
statistical parameters.

Keywords-Fuzzy set, type-1 fuzzy set, type-2 fuzzy set, crisp
color, uncertain color space (UCS).

I. INTRODUCTION

There are different compression techniques presented by
many researchers in literature to compress various images. The
main aim of image compression is the reduction in number of
pixels to represent and transfer the image with expected image
quality. Sometimes, a good compression method can decrease
the quality of image. Therefore, during compression, many
aspects of images must be considered. The vector quantization
(VQ) is one of the oldest methods used in image compression
[1]. By applying VQ in image sub-bands [2], Cosman et al. [3]
introduced a method of image compression. In [4], wavelet-
based sub-band and VQ method were hybridized together for
image compression. In [5], authors proposed a technique with
Codebook design, which is very essential process for lossy
image compression.

Zadeh [6] proposed the fuzzy set theory to represent the
uncertainties inherited in the system. This theory has been
applied successfully in image compression [7]–[9]. By em-
ploying this theory with the VQ, Tsolakis et al. [10] proposed
a method for image compression. The fuzzy relation equations
[11]–[13] are also applied in compression/decompression of
images.

The fuzzy set theory is integrated with the rough set theory
[14] for compression of images [15]. However, authors [16]
used discrete fuzzy based method instead of using integrated
fuzzy-rough set approach. Recently, other technique, such as
artificial neural network is integrated with the fuzzy set theory
for compressing images [17].

In this study, we have proposed a fuzzy set based technique
for compressing high resolution satellite images. Initially, the
proposed method is applied in benchmark data sets. Then, it
is validated with the high resolution satellite images of Mars,
Jupiter and Venus. This study is persuaded by characterizing
the crisp colors inherited in the images using its corresponding
degree of membership concept of the fuzzy set theory. In this
representation, crisp colors and their corresponding degree
of memberships are incorporated together, which is called
as an uncertain color space (UCS). For the representation
of crisp colors in terms of their corresponding degree of
memberships, both type-1 fuzzy set (T1FS) and type-2 fuzzy
set (T2FS) concepts are used [18]. These representations of
the UCS in terms of both T1FS and T2FS are referred as a
Type-1 UCS (T1UCS) and Type-2 UCS (T2UCS), respectively.
Further, an algorithm is proposed, which is entitled as an
“UCS based image compression algorithm” for compressing
images. This algorithm categorizes the T1UCS and T2UCS
into three regions based on the fuzzy set representation of
color intensities, as: minimum color intensity, average color
intensity, and maximum color intensity. In this algorithm, a
user-defined information decrement factor is used to reduce the
color intensity values from each of the corresponding regions,
which leads to compress the images.

This article is organized as follows. In Section II, a brief
description of adopted methods is provided. Various exper-
imental results are presented in Section III. Conclusion is
discussed in Section IV.

II. DESCRIPTION OF ADOPTED METHODS

A. Uncertainty and Fuzzy Set Theory

To represent uncertain events, Zadeh [6] proposed the
concept of fuzzy set theory. Based on the application of this
theory, it is classified, as: T1FS and T2FS. In the following,
we present the definitions and representation of both T1FS and
T2FS for the discrete and continuous cases, as follows:

Definition 1. (T1FS for Discrete Case) [6]. A T1FS Ãi in
the discrete universe of discourse U can be represented, as
follows:

Ãi = µ(a1)/a1 + µ(a2)/a2 + . . .+ µ(an)/an (1)



where µ is the membership function of the fuzzy set Ãi, µ(ak)
represents the degree of membership of ak associated to the
fuzzy set Ãi, µ(ak) ∈ [0, 1] and 1 < k < n.

Here, the symbol “+” represents the operation of union
instead of the operation of summation, and the symbol “/”
represents the separator rather than the commonly used alge-
braic symbol of division.

Definition 2. (T1FS for Continuous Case) [6]. A T1FS Ãi

in the continuous universe of discourse U can be represented,
as follows:

Ãi = {
∫
µ(a)/a} (2)

In this notation, integral sign represents the theoretic aggrega-
tion operator for continuous variables.

Definition 3. (T2FS for Discrete Case) [18]. A fuzzy set Ã
in the discrete universe of discourse X , where x ∈ X can be
represented as a T2FS, as:

Ã =
∑
x∈X

µÃ(x)/x, (3)

where

µÃ(x) =
∑

u∈Jx

fx(u)/u (4)

Definition 4. (T2FS for Continuous Case) [18]. A fuzzy
set Ã in the continuous universe of discourse X can be
represented as a T2FS, Ã ⊆ X . The T2FS Ã is a set of pairs
{x, µÃ(x)}, where x ∈ X and u ∈ Jx, and it can be notated,
as follows:

Ã =
∫
x∈X µÃ(x)/x =

∫
x∈X [
∫
u∈Jx

fx(u)/u]/x, (5)

where x is an element of this T2FS, µÃ(x) is the grade of
membership and it is defined in the interval [0, 1], as:

µÃ(x) =

∫
u∈Jx

fx(u)/u, (6)

In Eq. 4 and 6, fx is called the secondary membership
function, and the value of fx(u) is called the secondary
grade/secondary membership. Here, Jx is entitled as the
primary membership of x.

For example, U = {m1,m2,m3, . . . ,mn} be a universe
of discourse of a particular image having n number of crisp
colors. Now, the problem is to characterize the image in terms
of color intensity values, as: “low” color intensity, “average”
color intensity, and “high” color intensity. These crisp colors
can be categorized based on the corresponding degree of
membership values of a fuzzy set. For such categorization,
we can define a fuzzy set M̃ , based on the intensity of crisp
colors w.r.t. the universe of discourse U , as:

M̃ = µ(v1)/U + µ(v2)/U + . . .+ µ(vn)/U (7)

Here, µ(vk) represents the degree of membership of crisp
color vk associated to the fuzzy set M̃ .

Fig. 1. Image showing colors having uncertain boundaries.

B. Representation of CCS and UCS

In an image, each pixel corresponds to certain color inten-
sities, whose values are varied from pixel to pixel. Therefore,
changes in different parts of the image can be distinguished by
differentiating the differences among the color intensities that
are associated with those spaces. However, human perceptual
system couldn’t make the clear inference between “average”
color intensity and “high” color intensity, because interpreta-
tion of colors (especially in terms of crisp or precise form) is
one of the psychological properties of human cognitive system
[19]. Also, the boundary that distinguish the two colors, for
example, “average” color intensity and “high” color intensity
is also vague. This could be easily cleared from the Fig. 1.
By simple visualization of this image, users can define the
colors by employing the linguistic terms “orange” and “dark
orange”, but they can’t define the exact boundary that separates
these two color spaces. An image comprises of such sort of
color spaces, whose boundaries are completely vague. In the
following, initially, we provide the definition of crisp color
space (CCS), as:

Definition 5. (Crisp Color Space (CCS)). It is a set of crisp
colors, whose combination make a space in the image. It
can be represented by a C. Here, intensity of each color is
represented by the RGB values.

In the following, we represent this set of CCS, as a C, as:

C =


vi,j vi,j+1 vi,j+2 . . . vi,j+n

vi+1,j vi+1,j+1 vi+1,j+2 . . . vi+1,j+n

...
...

...
. . .

...
vi+m,j vi+m,j+1 vi+m,j+2 . . . vi+m,j+n

 (8)

Here, m and n represent the maximum number of rows
and columns for the image. Here i = 1, 2, 3, . . . ,m, and
j = 1, 2, 3, . . . , n.

In this Eq. (8), for example, the crisp colors v1,1 and
v1,2 represent the “orange” and “dark orange” colors for the
image shown in Fig. 1, whose RGB values are (206, 92, 86)
and (169, 68, 82), respectively. Since, computer can easily
define these two colors in the RGB forms (i.e., crisp values),
but human perception can’t clearly distinguish the difference
between these two colors. Even human perception can’t locate
the exact boundary between these two RGB values. Therefore,
to identify such boundaries, it is essential to quantify the CCS
in the form of uncertain color space (UCS). From this UCS,
it would be easy to perform a partition in the CCS in terms
of similarity and dissimilarity among the crisp colors. In the
following, we provide a definition for the UCS, as follows:



Definition 6. (Uncertain Color Space (UCS)). It is a set of
crisp colors, whose intensity is represented by the degree of
membership values in a color space. It can be represented by
a C̃.

As the boundaries of crisp colors in the CCS are not
precisely defined, therefore space representation by those crisp
colors in the form of degree of membership values, is called
the UCS. This UCS can be represented by a matrix form, as
shown in Eq. (9).

In Eq. (9), m and n represent the maximum number of
rows and columns in the image. Here i = 1, 2, 3, . . . ,m, and
j = 1, 2, 3, . . . , n. In Eq. (9), the symbol “/” represents the
separator rather than the commonly used algebraic symbol
of division. Here, U represents the universe of discourse for
the CCS C. Here, each µ(vm,n) represents the degree of
membership for the crisp color vm,n w.r.t. the universe of
discourse U .

For each color vm,n, its corresponding degree of member-
ship value w.r.t. the universe of discourse U = [vmin, vmax]
can be computed, as:

µ(vm,n) =
vm,n − vmin

vmax − vmin
(10)

Here, vmin and vmax represent the minimum and maximum
color intensity values from the matrix, as shown in Eq. (8).

C. Type-1 and Type-2 Representation of the UCS

The objective of this sub-section is to introduce the rep-
resentation of an UCS in terms of both T1FS and T2FS. In
T2FS, degree of membership based on a secondary domain
coincides with degree of membership based on the primary
domain. In the following, representation of UCS using T1FS
and T2FS are shown to clarify their difference.

In the representation of UCS, if degree of membership of its
elements initially depends on the universe of discourse U , then
such representation of UCS is called a Type-1 UCS (T1UCS).
If the representation of UCS is done by discretizing the U ,
where degree of membership of its elements depends on sub-
intervals, then such representation of UCS is called a Type-2
UCS (T2UCS). Definitions and representation of both T1UCS
and T2UCS are given as follows:

Definition 7. (Type-1 UCS (T1UCS)). If elements of the UCS
initially depend on primary membership function, then such
representation of UCCS is called a Type-1 UCS (T1UCS). It
is denoted by C̃T1. Mathematically, it can be expressed, as:

C̃T1 =

m⋃
i=1

{C̃, µ(C̃)}/U | C̃ ∈ U (11)

Here, C̃ is satisfying Eq. (9). Here, µ(C̃) represents the
primary membership function of C̃.

Definition 8. (Type-2 UCS (T2UCS)). If elements of the
UCS depend on the secondary membership function, then such
representation of UCS is called a Type-2 UCS (T2UCS). It is

denoted by C̃T2. Mathematically, it can be expressed, as:

C̃T2 =

m⋃
i=1

{
µl(C̃) + µu(C̃)

C̃, µ(C̃)

}/
U | C̃ ∈ U (12)

In Eq. (12), both µl(C̃) and µu(C̃) represent the lower
membership function and upper membership function of the
secondary membership function, respectively. Here, the sym-
bol “+” represents the operation of union instead of the
operation of summation, and the symbol “/” represents the
separator rather than the commonly used algebraic symbol of
division.

D. Image Compression using the T1UCS and T2UCS
In the previous sub-section, demonstration of the UCS

in terms of both T1FS and T2FS are shown, which are
referred as the T1UCS (refer to Definition (7)) and T2UCS
(refer to Definition (8)), respectively. Now, based on these
representations, the UCS is classified into different regions.
After defining these regions for a particular image, it can
be compressed based on the proposed method. Defining of
regions and compression based on these regions are summa-
rized into an algorithm, which is entitled as an “UCS based
image compression algorithm”. Each step of the algorithm is
explained in terms of both T1UCS and T2UCS next.

Step 1. Discretize the universe of discourse into different
number of intervals.

• Explanation (for T1UCS): As par Eq. (8), a CCS C
of an image V can be composed of various crisp color
values. The universe of discourse U ∈ V for the C can
be defined, as: U = [vmin, vmax]. Here, vmin and vmax

represent the minimum and maximum color intensity
values from the matrix, as shown in Eq. (8). Now,
the unverse of discourse is discetized into n-number of
intervals, as: Xi = [L(i), B(i)], where i = 1, 2, 3, . . . , n,
vmin ≤ L(i) < B(i) ≤ vmax; Xi ∈ U .

• Explanation (for T2UCS): Each interval (as obtained
for the T1UCS) is discretized into two sub-intervals, as:
X l

i = [L(i), B1(i)] and Xu
i = [B1(i), B(i)], where i =

1, 2, 3, . . . , n, vmin ≤ L(i) < B1(i) < B(i) ≤ vmax;
Xi ∈ U .

Step 2. Define T1FSs and T2FSs on the universe of discourse.

• Explanation (for T1UCS): Let C̃1 = (minimum color
intensity), C̃2 = (average color intensity), and, C̃3 =
(maximum color intensity) be the T1FSs on the universe
of discourse U . For the U , the elements of each T1FS
are the set of intervals from Xi, where i = 1, 2, 3, . . . , n.
Mathematically, these T1FSs on the Xi can be defined,
as:

C̃1 =

m,n⋃
i=1

{{vm,n, µ(vm,n)}/Xi} (13)

C̃2 =

m,n⋃
i=1

{{vm,n, µ(vm,n)}/Xi} (14)

C̃3 =

m,n⋃
i=1

{{vm,n, µ(vm,n)}/Xi} (15)



C̃ =


{vi,j , µ(vi,j)}/U {vi,j+1, µ(vi,j+1)}/U {vi,j+2, µ(vi,j+2)}/U . . . {vi,j+n, µ(vi,j+n)}/U

{vi+1,j , µ(vi+1,j)}/U {vi+1,j+1, µ(vi+1,j+1)}/U {vi+1,j+2, µ(vi+1,j+2)}/U . . . {vi+1,j+n, µ(vi+1,j+n)}/U
...

...
...

. . .
...

{vi+m,j , µ(vi+m,j)}/U {vi+m,j+1, µ(vi+m,j+1)}/U {vi+m,j+2, µ(vi+m,j+2)}/U . . . {vi+m,j+n, µ(vi+m,j+n)}/U


(9)

Here, µ(vm,n) ∈ [0, 1], and i = 1, 2, 3, . . . , n.
• Explanation (for T2UCS): Let C̃1 = (lower minimum

color intensity, upper minimum color intensity), C̃2 =
(lower average color intensity, upper average color inten-
sity), and, C̃3 = (lower maximum color intensity, upper
maximum color intensity) be the T2FSs on the universe
of discourse U . For the U , the elements of each T2FS
are the set of intervals from Xi, where i = 1, 2, 3, . . . , n.
Mathematically, these T2FSs on the Xi can be defined,
as:

C̃1 =

m,n⋃
i=1

{
µl(vm,n) + µu(vm,n)

vm,n, µ(vm,n)

}/
U (16)

C̃2 =

m,n⋃
i=1

{
µl(vm,n) + µu(vm,n)

vm,n, µ(vm,n)

}/
U (17)

C̃3 =

m,n⋃
i=1

{
µl(vm,n) + µu(vm,n)

vm,n, µ(vm,n)

}/
U (18)

In Eq. (16), each µl(vm,n) and µu(vm,n) can be ex-
pressed, as:

µl(vm,n) =

{
vm,n, µ(vm,n)

Xl
i

}/
U | Xl

i ∈ Xi (19)

µu(vm,n) =

{
vm,n, µ(vm,n)

Xu
i

}/
U | Xu

i ∈ Xi (20)

Here, µ(vm,n) ∈ [0, 1]. The value of µ(vm,n) indicates
the degree of membership value in the fuzzy set C̃i, where
i = 1, 2, 3.

Step 3. Classify the T1UCS and T2UCS into different regions.

• Explanation (for T1UCS): For the V ∈ U , it is assumed
that if any µ(vm,n) ∈ C̃1, then it is fuzzified as minimum
color intensity (RT1min); if any µ(vm,n) ∈ C̃2, then
it is fuzzified as average color intensity (RT1avg); and
if any µ(vm,n) ∈ C̃3, then it is fuzzified as maximum
color intensity (RT1max). In this way, all the degree of
membership values defined in C̃ (refer to Eq. (9)), can be
characterized by their corresponding fuzzy sets based on
the set of intervals Xi. This characterization of degree of
memberships into three fuzzy sets helps to classify the
UCS of image V , as: RT1min, RT1avg , and RT1max.
Mathematically, these three regions can be represented,
as follows:

RT1min = {{vi,j , µ(vi,j)}/X1} ∈ C̃ | ∀µ(vi,j) ∈ C̃1} (21)

RT1avg = {{vi,j , µ(vi,j)}/X2} ∈ C̃ | ∀µ(vi,j) ∈ C̃2} (22)

RT1max = {{vi,j , µ(vi,j)}/X3} ∈ C̃ | ∀µ(vi,j) ∈ C̃3} (23)

• Explanation (for T2UCS): For the V ∈ U , it is assumed
that if any µ(vm,n) ∈ C̃1, then it can be fuzzified as
lower minimum color intensity (RT2lower min) and
upper minimum color intensity (RT2upper min); if any
µ(vm,n) ∈ C̃2, then it can be fuzzified as lower average
color intensity (RT2lower avg) and upper average color
intensity (RT2upper avg); and if any µ(vm,n) ∈ C̃3,
then it can be fuzzified as lower maximum color
intensity (RT2lower max) and upper maximum color
intensity (RT2upper max). In this way, all the degree of
membership values defined in C̃ (refer to Eq. (9)), can
be characterized by their corresponding T2FS based on
the set of intervals Xi. This characterization of degree of
memberships into six different T2FSs helps to classify
the UCS of image V , as: RT2lower min, RT2upper min,
RT2lower avg , RT2upper avg , RT2lower max, and
RT2upper max. Mathematical representation of these six
regions are given in Eqs. (24)-(29).

Step 4. Compress the image based on different regions of
T1UCS and T2UCS.

• Explanation (for T1UCS): When an image is classified
and defined using the three regions (refer to Eqs. (21)-
(23)), it is not compressed yet, and contains great amount
of image information. When it is compressed based on
regions, image information are dropped within a partic-
ular region. Hence, reconstructed image has a very least
information, still it will be closer to original image. In the
following, an equation is presented for the compression
of image using T1UCS representation, as:

f(vm,n) =

{
vm,n, if µ(vm,n) /∈ R1

vm,n − d, otherwise
(30)

Here, R1 is the set of three different regions, which are
defined in Eqs. (16)-(18). In Eq. (30), d is a user-defined
information decrement factor.

• Explanation (for T2UCS): Still, there may be a scope of
compressing the image without compromising its quality.
Therefore, image is further compressed using the six re-
gions, as defined in Eqs. (24)-(29). It is obvious that when
it will be compressed based on these six regions, image
information are sufficiently dropped within a particular
region, but reconstructed image will be closer to original
image. In the following, an equation is presented for the
compression of image using T2UCS representation, as:

f(vm,n) =

{
vm,n, if µ(vm,n) /∈ R2

vm,n − d, otherwise
(31)



RT2lower min = {{vm,n, µl(vm,n)}/Xl
i} ∈ C̃ | ∀µl(vm,n) ∈ C̃1} (24)

RT2upper min = {{vm,n, µu(vm,n)}/Xu
i } ∈ C̃ | ∀µu(vm,n) ∈ C̃1} (25)

RT2lower avg = {{vm,n, µl(vm,n)}/Xl
i} ∈ C̃ | ∀µl(vm,n) ∈ C̃2} (26)

RT2upper avg = {{vm,n, µu(vm,n)}/Xu
i } ∈ C̃ | ∀µu(vm,n) ∈ C̃2} (27)

RT2lower max = {{vm,n, µl(vm,n)}/Xl
i} ∈ C̃ | ∀µl(vm,n) ∈ C̃3} (28)

RT2upper max = {{vm,n, µu(vm,n)}/Xu
i } ∈ C̃ | ∀µu(vm,n) ∈ C̃3} (29)

Here, R2 is the set of six different regions, which are
defined in Eqs. (24)-(29). In Eq. (31), d is a user-
defined information decrement factor. Hence, the pro-
posed method is lossy image compression method, which
has m× n time complexity.

III. EXPERIMENTAL RESULTS

A. Evaluation Parameters

The performance of the proposed method is evaluated using
the statistical parameters, viz., mean square error (MSE),
peak-signal-to-noise ratio (PSNR) and compression ratio (CR).
Their mathematical representations can be given as follows:

MSE = (
1

M ×N )

M−1∑
m=0

N−1∑
n=0

(f(m,n)− g(m,n))2 (32)

PSNR = 10× log10

[
(255)2

MSE

]
(33)

CR (%) =
Output file size (bytes)
Input file size (bytes)

(34)

In Eq. (32), M × N gives the size of image in terms of
pixels. Here, f(m,n) and g(m,n) represent the original image
and compressed image, respectively. Here, greater value of
MSE indicates the good compression. In Eq. (33), the PSNR
measures the peak error between the compressed and the
original image. A greater value for the MSE means higher
compression, and the PSNR have inverse relation with the
MSE, hence it gives lower value of the PSNR. A lesser value
for the CR in Eq. (34) indicates the good compression w.r.t.
the original image.

B. Evaluation with the Benchmark Images

To verify the performance of the proposed method, it has
been initially applied on the benchmark images, as shown
in Fig. 2 (a)-(d). For all these selected images, different
regions are defined using the T1UCS and T2UCS represen-
tations. Then, these images are compressed based on their
corresponding regions. Compressed images are depicted in
Fig. 2 alongside their original image in terms of both the
T1UCS and T2UCS representations. After compressing, the
MSE, PSNR and CR values are computed w.r.t. the original
image. In Table I, results are depicted in terms of both the
T1UCS and T2UCS representations. The proposed method

(a) Lena Based on T1UCS Based on T2UCS Based on JREG

(b) Camera Based on T1UCS Based on T2UCS Based on JPEG

(c) Bridge Based on T1UCS Based on T2UCS Based on JPEG

(d) House Based on T1UCS Based on T2UCS Based on JPEG

Fig. 2. Adopted benchmark images for evaluating the proposed method and
JPEG method.

is compared with existing methods, such as the JPEG [1],
RFVQ [15] and DCT [20] in terms of the considered statistical
parameters. These comparison results are shown in Table I.
It can be seen that the proposed method outperforms the
proposed method. However, quality of compression in terms
of the T2UCS representation is far better than the T1UCS
representation.

C. Evaluation with the High-Resolution Satellite Images

Finally, the proposed method is applied on the high resolu-
tion satellite images. For this purpose, three different images
are adopted, as (source: NASA): Mars, Jupiter and Venus.
These images are listed in Fig. 3. These images are also
compressed based on their corresponding regions. Compressed
images are depicted in Fig. 3 alongside their original image
in terms of both the T1UCS and T2UCS representations. The
MSE, PSNR and CR values are computed w.r.t. the original
image for the both T1UCS and T2UCS representations. Re-
sults are depicted in Table II. In this case, it can be seen
that the proposed method also able to compress the high
resolution satellite images without degrading their qualities.
Various statistical analyses also indicate that the performance



TABLE I
COMPARISON OF THE PROPOSED METHOD WITH THE EXISTING METHODS

USING THE BENCHMARK IMAGES.
XXXXXFigure

Parameters
Method PSNR MSE CR(%)

Fig. 2 (a) JPEG [1] 32.43 37.16 0.06
RFVQ [15] 27.09 127.08 0.14
DCT [20] 27.48 116.17 0.25
Proposed Method (Based on T1UCS) 26.78 136.48 0.04
Proposed Method (Based on T2UCS) 25.63 177.86 0.03

Fig. 2 (b) JPEG [1] 28.43 93.34 0.06
RFVQ [15] 21.01 514.49 0.30
DCT [20] 22.15 396.35 0.14
Proposed Method (Based on T1UCS) 20.89 529.76 0.05
Proposed Method (Based on T2UCS) 20.23 616.71 0.04

Fig. 2 (c) JPEG [1] 28.11 100.48 0.14
RFVQ [15] 21.82 427.64 0.03
DCT [20] 26.15 157.79 0.44
Proposed Method (Based on T1UCS) 21.45 465.67 0.04
Proposed Method (Based on T2UCS) 21.19 494.40 0.03

Fig. 2 (d) JPEG [1] 35.1 20.09 0.25
RFVQ [15] 24.95 208.01 0.06
DCT [20] 30.77 54.46 0.44
Proposed Method (Based on T1UCS) 24.65 222.88 0.05
Proposed Method (Based on T2UCS) 24.12 251.81 0.04

(a) Mars Based on T1UCS Based on T2UCS Based on JPEG

(b) Jupiter Based on T1UCS Based on T2UCS Based on JPEG

(c) Venus Based on T1UCS Based on T2UCS Based on JPEG

Fig. 3. Adopted high resolution satellite images for evaluating the proposed
method (source: NASA).

TABLE II
PERFORMANCE ANALYZES OF THE PROPOSED METHOD USING THE

HIGH-RESOLUTION SATELLITE IMAGES.
XXXXXFigure

Parameters
Method PSNR MSE CR(%)

Mars (Fig. 3) (a) Proposed Method (Based on T1UCS) 42.12 3.99 0.10
Proposed Method (Based on T2UCS) 41.87 4.22 0.09

Jupiter (Fig. 3) (b) Proposed Method (Based on T1UCS) 43.89 2.66 0.06
Proposed Method (Based on T2UCS) 43.53 2.88 0.05

Venus (Fig. 3) (c) Proposed Method (Based on T1UCS) 35.50 18.33 0.34
Proposed Method (Based on T2UCS) 34.89 21.09 0.33

of the proposed method is better when images are represented
using the T2UCS.

IV. CONCLUSION

In this study, a novel UCS based method is proposed
for compressing the high resolution satellite images. This
UCS can be defined using the T1FS and T2FS, which are
termed as the T1UCS and T2UCS, respectively. The proposed
method is compared with various existing methods. Various
statistical analyses confirm the efficiency of the proposed
method. However, high accuracy rates are obtained, when
images are represented using the T2UCS in comparison to
the T1UCS.
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