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Abstract— This paper introduces a proposed technique for
compressing color images with the objective of minimizing their
size. The technique divides the image into three bands: a source
band representing the Green channel, and a non-source band
representing the Red and Blue channels. The source band is
encoded using a lossless 2D_linear polynomial technique, which
ensures that the compressed image retains its original quality. The
non-source bands employ an adaptive inter-prediction technique
to enhance the efficiency of compression. The experimental results
provide evidence supporting the effectiveness of the proposed
technique, surpassing traditional compression methods and even
outperforming the widely used JPEG technique. Moreover, the
technique maintains optimal image quality while achieving
efficient compression. The proposed technique achieves a
reduction in image size of approximately 13.8 KB and a
compression ratio (CR) of about 14, surpassing the capabilities of
JPEG. Overall, the proposed technique offers a promising
approach to color image compression, providing a means to reduce
the size of color images while preserving their quality.
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encoding, and color inter -prediction based compression.

1. Introduction

color image compression lies as an efficient elegant way
for archiving and transmission of color images in modern
systems, which unfortunately suffer from the huge size of bytes
consumptions that lead to utilized standard available techniques
such as JPEG, PNG, and BMP with constraints of using since
most of them of the lossy base along the inability to use regions
independently and inherited problems of redundancy(s) types
exploited [1-4]. Generally image compression techniques
classified according to the way of redundancy(s) exploited, here
the color images overburden with spectral, spatial, coding and
psychovisual, if the first three exploited, namely of statistical
one the lossless base adopted, while if the psychovisual
exploited either alone or combined with statistical redundancy
the lossy base adopted, each one have
advantages/disadvantages, the utilization of one over the other
determined by problem nature [5-7].The lossless techniques
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appropriate for color images, since to preserving image quality
identically, but with low compression performances, that leads
to utilized the lossy standard techniques in spite of degreases
quality to gain more compression performance, with constraints
of unnoticeable degradation [8-13]. Color images exhibit high
spectral redundancy between the RGB color bands. Early
approaches to color compression focused on compressing each
band separately without considering the correlation between
them, resulting in limited compression performance.
Subsequent research explored color transformation models to
effectively exploit the spectral redundancy, but still relied on
the same marginal approach [13-17].

Today, inter-base prediction techniques offer a solution to the
color image compression problem by treating it similarly to
video compression. These techniques identify the source band
based on its correlation or importance and remove certain
bands, replacing them with predicted bands derived from the
source. Inter-prediction is a crucial technique employed in
video and image compression to enhance compression
efficiency. It entails predicting pixel values within a frame
using neighbouring pixels or previously encoded frames. By
capitalizing on the temporal or spatial redundancies inherent in
video and image data, inter-prediction significantly reduces the
volume of data that must be encoded and transmitted such as
[18-20].

Polynomial coding is an advanced technique for spatial image
compression that aims to efficiently eliminate the spatial
redundancy present within an image. This technique utilizes
mathematical models to accurately represent non-overlapping
blocks of the image using a small set of coefficients that result
in low error or residual that basically classified either into
linearity or non-linearity, along 1D/2D block nature, several
attempted aimed to improve the techniques performances The
underlying concept of polynomial coding involves the effective
modeling of image partitions to achieve optimal compression
results such as [21-27].

In this paper, the main objective is to examine and suggest
effective approaches for compressing color images. The
specific emphasis is placed on exploring different inter-
prediction modeling techniques as potential means of achieving
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efficient compression. The paper aims to contribute to the field
by proposing novel methods that can enhance the compression
performance for color images.

2. Adaptive Inter-Prediction Base Techniques

The proposed color image compression mixture
between linear polynomial coding and inter-prediction schemes
of RGB base to exploits the spectral redundancy(s) effectively,
that discussed using the following steps below, and the process
illustrated in Figure.l is followed to compress the color image:
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Figure 1. Flowchart of the proposed system of Adaptive inter
prediction color base.

Step 1: Utilize the original uncompressed color image | of size
NxNx3.

Step 2: The image | is split into its bands (Ir, lg, I8), where
each band corresponds to the R, G, and B image channels and
has a size of NxN. These bands contain high spectral

redundancy.
lr=1(:; ;1)

=1(:;:52) @
ls=1(:;:;3)

Step 3: Choose the source color band, according to the cross-
correlation measure that adopted by [6],

R(xband,yband)
n-1
=0 Zy:O C(xband,yband)

(2)

n-1yn-1
\/szo Zyzo C(xband,yband) C(xband,yband)
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Step 4: For Source band: Apply lossless linear polynomial
coding to ensure error-free reconstruction that composed of the
sub-steps bellow:

1. Loading the input uncompressed source band I, which is in
BMP format and has a size of NxN.

2. Partitioning the image Ig into non-overlapping blocks of a
fixed size, such as 4x4 or 8x8. The coefficients are then
computed using equations (3-5)

— XS Liso 16 )) ®3)

TL;l(n1
Yizo Z} 0 QUGS
al - Z:L_Ol n—1(] xc)z (4)
Z’-l_l I N X G-y,
i=0 ( ]) (] c) (5)

A Vi z 70— )?
The coeff|C|ent aO represents the mean (average) of a block of
size nxn in the original image I. The coefficients al and a2
capture the ratio of the pixel sum multiplied by the squared
distance from the center in the i and j coordinates [18]
respectively.

=y == (6)
The terms (j-x.) and (i-y.) measure the distance of the pixel
coordinates to the center of the block (x, v.). [18]
3. Apply uniform scalar quantization/Dequantization of the
computed polynomial coefficients, where each coefficient is
quantized using different quantization step.

a,Q = round ( 5 ) —>a,D = a,Q X @S, (7N

) —>a;D =a,Q X QSgq (8)

a,Q = round ( 5 ) —a,D =a,Q0 XQS,, (9)

Where the polynomlal coefficients aoQ, aiQ, and a.,Q are
quantized using specific quantization steps QSa., QSa1, and
QSa2. The dequantized polynomial coefficients are denoted as
aoD, a1D, and a;D.

4. Calculate the predicted image (/) value by using the
dequantized polynomial coefficients for each encoded block
representation.

I=ayD+a,DGj—X.)+a,D(@i—1y,) (10)

5. Compute the residual (Res) or prediction error by taking the
difference between the original image (1) and the predicted
image 7.

Res(i,j) =10 —j) + (i —)) (11)
6. Perform scalar uniform quantization and dequantization of
the residual part, following the same procedure as described in
Step 3.

ResQ = round (Q};es ) —>ResD = ResQ X QSges (12)
Res

7. Apply symbol coding techniques to eliminate the coding
redundancy present between the quantized values of the
residual and the polynomial coefficients.

8. To reconstruct the compressed image, the decoder adds the
estimated image to the dequantized residual.
I(i,j) =I(i —j) + ResD(i — j)

a,Q = round (

(13)
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Step 5: For Non-Source bands: The inter-prediction based
technique is applied using two models that utilize the reference
band and a seed value from the current band (non-reference) to
estimate the current band. Figure.2 illustrates these two
models.

First Model
X
W+ X, —W,)+ N+ (X, — N,)+P+ (Xr—Pr)
= 3 (14)
Second Model
X
W+ X, W)+ N+ (X, — N)+ P+ (Pr—Xr) (15)
- 2

The current pixel value X is estimated by a predictor X, which
relies on neighboring intensity values from both the current
band (P, N, W, and X) and a reference band (Pr, Nr, Wr, and
Xr).
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Figure 2. Adaptive inter prediction color base.

Step 6: Calculate the residuals for the non-source bands by
taking the difference between the original band and the
predicted band (as shown in equation 16). Then, perform

Test images Original Image Red channel

89

uniform quantization and Dequantization of the residuals using
a scalar uniform approach (as shown in equation 17).
Res(i,j) = Referancepgnq (i — j)

— Prediction of Referanceyg,q(i —j) (16)
Res (i,j) = round (Qf:S ) — ResD = ResQ X QSg.s (17)
The quantized residual image (ResQ) is obtained by applying
quantization to the residual image, using the quantization step
(QSkes). The dequantized residual image (ResD) is obtained by
reversing the quantization process on the quantized residual
image.
Step 7: The compressed information of the inter-prediction
technique, including the reference band, is encoded and
decoded using Huffman coding techniques.
Step 8: To reconstruct the decoded compressed image, each
band is rebuilt separately using the predicted image. Then, the
reconstructed bands are added together to form the final
compressed or decoded image.

3. EXPERIMENTAL RESULTS

To evaluate the performance of the proposed system, three
standard color square images of size 256x256 pixels were used
for testing see Figure.3. The images were divided into blocks
of size 4x4, and lossless linear polynomial coding with
quantization coefficients of 1, 2, and 2 was applied. The
quantization residual levels (QRes) ranged from 10 to 50.

The compression ratio was calculated by dividing the size of the
original image by the size of the compressed image in bytes.
Additionally, the Peak Signal-to-Noise Ratio (PSNR) between
the original image | and the decoded image was used as a

Green channel Blue channel

Lena

Girl

Vegetable

Figure 4. Band for standard test images in RGB base was separated.
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measure of fidelity or degradation. The PSNR was computed
using equations (18).

PSNR(I,T)
(255)?
T - -~ (18)
WZ?JOIZ?;(}[I(X -y) —I(x—y)]

= 10log,o

Figure 3. The three Tested Images of Size 256x256, color
images: (a) Lena, (b) girl (c) Vegetable.

The presented Table.l illustrates that the cross-correlation
values were highest when comparing the green band with the
red and blue bands. This signifies a significant correlation
between the green band and the other color bands within the
RGB system. Consequently, the green band was chosen as the
source band for the inter-prediction technique in the tested
images. The selection of the appropriate source band is crucial
for achieving precise predictions and efficient compression in
the RGB system.

Table 1. The cross correlation between color bands and the
selection the source band in RGB system.

Cross_ Cross_ Cross_ Non
Test Correlat | Correlat | Correlat | Source source
images | ion ion ion band bands
(R.G) (R,B) (B,G)
Lena 0.8895 0.7089 0.9222 G B,R
Girl 20.771 0.6819 0.9126 G B,R
B/I‘;geta 0652 | 00325 | 02732 |G B,R

From the three Tables 2 to 4 above, upon analyzing these
tables, the following observations can be made:

e Image Sizes: The sizes of the compressed images vary
depending on the model used. The second and third models
generally achieve smaller sizes, indicating better compression
efficiency.

Table 2. The Size in byte of the tested
images by using the models with Q.step
for residuals =10

Tested first_model | second_model
images

Lena 16109 12965

girl 22961 14793
vegetable | 21353 15970
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Table 3. The CR of the test image by using the models
with Q.step for residuals =10

:-nizgegs first_model second_model
Lena 12.2049 15.1645
girl 8.5627 14.2480
vegetable 9.2075 12.3111

Table 4. The PSNR of the test image by
using the models with Q.step for

residuals=10

;rnﬁztges first_model | second_model
Lena 32.5881 37.5732

girl 37.8188 37.6353
vegetable | 38.6161 37.6161

Compression Ratio: The compression ratio can be calculated by
dividing the original image size by the compressed image size.
Smaller sizes indicate higher compression ratios. The second
and third models tend to achieve higher compression ratios due
to their smaller sizes.

o PSNR Values: The PSNR values reflect the quality of the
compressed images compared to the original images. Higher
PSNR values indicate better quality and less distortion. The first
and fourth models generally achieve higher PSNR values,
suggesting better image quality.

o Trade-off: There is a trade-off between image size and image
quality. Models that achieve smaller sizes may sacrifice some
image quality, while models with higher image quality may
result in larger file sizes. The second models offer a better
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balance, because the compression ratio is the best while
maintaining good image quality ratios. These results were based
on the quantization step = 10 for the residual coefficients.

Table 5. The comparison between the best model
and traditional method with quantization step 1,2,2,
for coefficients and Q.step=10 for residuals

Test Best model | Traditional
image (second) model

CR PSNR CR PSNR
Lena 15.1645 | 37.5732 | 5.5913 | 38.4025
girl 14.2480 | 37.6353 | 5.2367 | 38.0798
vegetable | 12.3111 37 6161 5.3975 | 39.0772

From Table.5 ,For Lena, the Best Model achieves a CR of
15.1645 and a PSNR of 37.5732, while the Traditional Model
has a lower CR of 5.5913 and a slightly higher PSNR of
38.4025. Similar trends can be observed for the girl and
vegetable images, where the Best Model consistently shows
higher CR and competitive PSNR values compared to the
Traditional Model .Overall, the Best Model demonstrates
superior performance in terms of compression ratio and image
quality, highlighting the effectiveness of the proposed approach
in color image compression as shown in Figure.5.

Comparission betwen best
model and traditional model

59 o MM M
CR PSNR CR PSNR
Best model Traditional model

(second)

Elena mgirl wvegetable

Comparission betwen best
model and traditional model

40

CR PSNR CR PSNR
Best model (second) Jpeg
@ Lena mgirl «vegetable

Figure 6. Comparison of measure CR and PSNR between the
third model (best model) and the stranded technique JPEG.

4. CONCLUSIONS

The presented Best Mode (second model) for color
image compression, which incorporates adaptive inter-
prediction and quantization techniques, demonstrates superior
performance compared to the conventional JPEG method. The
Best Model achieves higher compression ratios while
preserving image quality, as evidenced by the higher peak
signal-to-noise ratio (PSNR) values. These results validate the
effectiveness of the proposed approach for efficient and high-
quality compression of color images. The Best Model is ability
to adaptively predict and quantize image data showcases its
potential for improving compression efficiency and
maintaining visual fidelity in various applications that require
color image compression. The results highlight the advantages
of the presented Best Model, which combines inter-prediction
modeling, quantization, and adaptive techniques, offering
efficient and effective solutions for color image compression.
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