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ABSTRACT Compressive sensing (CS) plays a critical role in sampling, transmitting, and storing the color
medical image, i.e., magnetic resonance imaging, colonoscopy, wireless capsule endoscopy, and eye images.
Although CS for medical images has been extensively investigated, a challenge remains in the reconstruction
time of the CS. This paper considers a reconstruction of CS using sparsity averaging (SA)-based basis
pursuit (BP) for RGB color space of eye image, referred to as RGB-BPSA. Next, an enhanced RGB-BPSA
(E-RGB-BPSA) is proposed to reduce the reconstruction time of RGB-BPSA using a simple SA generated by
the combination of Daubechies-1 and Daubechies-8 wavelet filters. In addition, variable density sampling
is proposed for the measurement of E-RGB-BPSA. The performance metrics are investigated in terms of
structural similarity (SSIM) index, signal-to-noise ratio (SNR), and CPU time. The simulation results show
the superior E-RGB-BPSA over the existing RGB-BPSA at an image with a resolution 512× 512 pixels into
a measurement rate 10% with SSIM of 0.9, SNR of 20 dB, and CPU time of 20 seconds. The E-RGB-BPSA
can be a solution to massive data transmissions and storage for the future of medical imaging.

INDEX TERMS Compressive sensing, sparsity averaging, basis pursuit, color eye image.

I. INTRODUCTION
Recently, the medical surgery preparation and disease diag-
nosis exploit color medical images, which demand the mas-
sive size of color medical images and require a lot of
space to store the images. For example, a wireless capsule
endoscopy (WCE) image with a dimension of 256× 256 pix-
els using 16-bit results in an average of 75 MB for a total
of 200-400 images. In addition, eye image analysis can be
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an alternative for the diagnosis of degenerative diseases, i.e.,
hypertension/sclerosis [1], [2], [3], [4], [5], [6], cerebral dis-
orders [7], [8], [9], diabetic retinopathy [10], [11], [12], [13],
a retinal prosthesis [14], [15], [16], [17], and non-invasive
cholesterol level measurement [18], [19], [20], [21]. The eye
images require compression techniques for storage and trans-
missions. In addition, some eye images have a complex fea-
ture with the color format. Thus, high-efficiency image com-
pression that considers color features is urgently required.
Furthermore, the color feature ofmedical images is a complex
color feature that affects the quality of medical applications,
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FIGURE 1. A visual of medical images, i.e., Colonoscopy, WCE, and eye
image in RGB color space.

then a challenge remains for accurate color medical image
compression techniques with good reconstruction quality for
medical applications [22].

Two main frameworks were developed for medical image
compression (MIC), i.e., lossy and lossless. The example
of lossless MIC is advanced video coding or H.264 scheme
[23], wavelet-based compression scheme [24], and minimum
rate predictors [25]. The example of lossy MIC is interest
coding with optimized volume scheme [26], improved video
coding [27], adaptive vector quantization with wavelet-based
compression framework [28], and hybrid lossy-lossless data
compression scheme [29].

Compressive sensing (CS)was proposed to sample a sparse
signal using a sampling matrix and a reconstruction method
[30], [31], [32]. The CS applications were developed in many
fields, such as signal processing [33], wireless communica-
tions [34], intelligent transportation systems [35], and water-
marking systems [36], [37]. However, CS was approved as
an approach that reduces the clinical time in medical imaging
[38]. Furthermore, compressed medical imaging (CMI) was
proposed as a lossy MIC that exploits CS framework [39].

In addition, a sparsity averaging reweighted analysis
(SARA) for radio astronomy image was proposed as a novel
sparsity basis prior that average the multiple sparsity basis
and exploit BP with RA [40]. Next, a natural image is con-
sidered for SARA [41]. The proposed CMI in [39] only con-
siders a single layer or a grayscale format of medical images
such as colonoscopy,magnetic resonance imaging,WCE, and
computed tomography images. The improvement of M-BRA
for CT image was proposed using total variant (TV)-based
SARA to improve the visual quality performance and reduce
the reconstruction time [42]. For color WCE images, a novel
color CMI was proposed using a sparsity averaging (SA)
model and reweighted analysis (RA) with three iterations
of red green blue (RGB) color space (RGB-SARA) [43].
Next, an initial RGB-based CMI for retinal images using CS
reconstruction based on basis pursuit with SA (RGB-BPSA)
[44] and total variant (RGB-TV) [45] were proposed. Fur-
thermore, Fig. 1 depicts the example of color medical images

such as colonoscopy, WCE, and retinal images in RGB (Red,
Green, Blue).

Color feature in the medical image requires good quality
for medical diagnosis. Although CS has been extensively
investigated, a challenge remains in the processing time of
CS reconstruction. Motivated by a reconstruction time reduc-
tion of RGB-BPSA, this article proposes an enhancement of
RGB-BPSA using a simple SA generated by the combination
of Daubechies-1 and Daubechies-8 wavelet filters, called
enhanced RGB-BPSA (E-RGB-BPSA). This paper aims for a
reduction in reconstruction time while maintaining the color
eye image quality. The following are the research contribu-
tions of this paper.
• Investigating the effect of SA basis number in
RGB-BPSA for CMI of the color eye image.

• Proposing a simple average basis yet efficient to reduce
the reconstruction time.

• Proposing variable density sampling (VDS) for CSmea-
surement in E-RGB-BPSA.

• Evaluating the performance of the proposed
E-RGB-BPSA on private color eye image datasets.

The rest organization of this paper is presented as follows.
In Section II, the related methods are presented to elaborate
the CS methods of medical images further specific to color
eye images. In Section III, an overview of CMI is presented.
In Section IV, the methodology is presented to explain the
E-RGB-BPSA in terms of measurement using VDS, simple
SA, and reconstruction. In Section V, experiments are pre-
sented to explain datasets, performance metrics, experiment
setup, and experiment results. In Section VI, the conclusion
of this paper is presented.

II. RELATED METHODS
Donoho designed a compressed data acquisition (a signal
or digital image) approach which does not require prior
knowledge of the signal/image, referred to as compressed
sensing [30]. In specific applications, CS reduced sampling
time, sampling rate, and the use of analog-to-digital converter
resources. In the past decades, CS was studied for theoretical
research and technical application of medical imaging [32].

In medical imaging, Sloun et al. [46] propose CS of mul-
tiple bases with reweighted analysis [47]. Hashemi et al.
propose an approach to reduce the computing of the CS
method for computed tomography (CT) images using an
active pseudo-polar Fourier and Radon transform. Further-
more, sparse sampling schemes were exploited for CS
reconstruction of CT image [48], [49], [50], [51]. Similarly,
in magnetic resonance imaging (MRI), CS was investigated
as a promising scheme to speedup the MRI acquisition pro-
cess [52], [53], [54], [55]. Recently, DL-based CS using gen-
erative adversarial networks [56], [57], vanilla convolutional
neural networks [58], and ADMM-NET [59] were validated
to improved reconstruction performance of MRI.

Carrillo et al. [41] proposed the use of multiple dictionaries
of wavelet basis using eight Daubechies taps and averaging
basis for CS of images such as natural and MRI of brain
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images, referred to as SARA. Rahim et al. [39] proposed
the improvement of SARA for medical images, i.e, MRI,
CT, colonoscopy, and WCE images. In [39], a novel spar-
sity basis was proposed which was generated from multi-
ple bases of SARA, referred to as multiple basis pursuit
with reweighted analysis (M-BRA). The improvement of
M-BRA for CT image was proposed by Rahim et al. [42]
using TV-based SARA to improve the visual quality perfor-
mance and reducing the reconstruction time, referred to as
TV-SARA. The limitations of the M-BRA and TV-SARA
are the resolution of the medical image (64 × 64 pixels)
and only grayscale color space. Considers RGB color space,
Magdalena et al. [43] proposed a novel CS of RGB-based
color medical images using SARA for WCE images, referred
to as RGB-SARA. The performance of RGB-SARA was
investigated using 256 × 256 pixels and the reconstruction
time is high due to reweighted analysis (RA) iterations.
SARA consists of two processes, i.e., basis pursuit based
on sparsity averaging (BPSA) as the first reconstruction
and RA as the second reconstruction. To solve this prob-
lem, Rahim et al. [44] proposed RGB-SARA without RA
for color eye images, referred to as RGB-BPSA. In addi-
tion, Novamizanti et al. [45] proposed TV-based CS for
RGB-based color eye images, referred to as RGB-TV.

Previous works have been proposed using spread spectrum
Fourier sampling (SSFS) for the measurement of the CS
[39], [40], [41], [42], [43], [44], [45]. SSFS is one of the
uniform random matrices for sensing matrix in CS. However,
this paper proposes a novel VDS for RGB-BPSA to improve
the performance of the reconstruction images. Furthermore,
Table 1 shows the summary of the related methods.

III. OVERVIEW OF CMI
Throughout this paper, a CS framework based on RGB color
space is proposed. Suppose x, y, and x̂ represent a sparse,
measured, and reconstructed signal in CS, respectively. Each
RGB layer of color medical image is reshaped to x as shown
in Fig. 2. The CS consists of measurement and CS reconstruc-
tion. This section presents the overview of CMI.

A. CS MEASUREMENT
The aim of this process is to obtain a compressed signal y
from a signal x using a sensing matrix8which is determined
as

y = 8x. (1)

The matrix multiplication in Eq. (1) requires dimension of
x ∈ Cn×1, 8 is Cm×n with m� n, and y ∈ Cm×1. Clearly, y
is represented by less m-number of samples.
Consider a two-dimensional medical image I , then one-

dimensional signal s ∈ Rn×1 is reshaped from I . Next,
synthesis sparsity transform 9 ∈ Cn×n is performed as x =
9s and Eq. (1) further defined as

y = 89s. (2)

B. CS RECONSTRUCTION
The aim of this process is to reconstruct the x̂ from y using
a known matrix 8 from CS measurement where a convex
problem can model the process as

argmin
x̂

∥∥x̂∥∥1
subject to ‖y−8x̂‖2 ≤ ε, (3)

where ‖·‖1, ‖·‖2, and ε represent the `1 norm, `2 norm, and `2
norm upper bound. According to Eq. (2), the convex problem
further defined as

argmin
ŝ

∥∥ŝ∥∥1
subject to ‖y−89 ŝ‖2 ≤ ε. (4)

IV. METHODOLOGY
This section presents the proposed E-RGB-BPSA as depicted
in Fig. 3(a) and (b) for the measurement and reconstruction,
respectively. In measurement, anN×N×3 pixels of the color
medical image with RGB format (denoted by I ∈ ZN×N×3)
is considered as input medical image. Next, RGB layers are
obtained from I , and RGB loops are performed to obtain
compressed signal y. The RGB loops in the compression
step are finished when all RGB layers have been processed.
While in reconstruction, the compressed signal with noise y
is recovered to get x̂.

A. PREPARATION
Before the measurement step, a preparation step is performed
such as normalize step and enforce positivity step. Fig. 4
shows the example of the preparation steps.

B. MEASUREMENT WITH VARIABLE DENSITY SAMPLING
In this framework of CS [30], [31], the signal is assumed to
be compressible or sparse on some basis. The sparse signal
x = 9s with 9 ∈ Rn×n as the sparsity basis is also
considered and it contains only k non-zero values. With an
assumption of k � n, the signal is sufficiently approximated
by the first k values. The signal is represented by m linear
samples and denoted by a compressed signal y ∈ Cm in some
sensing matrix8 ∈ Cm×n and affected by noise n ∈ Cm. The
measurement is defined as

y = 2s+ n, (5)

where2 = 89 ∈ Cm×n represents the sensing basis.
Assuming a N × N × 3 pixels of a color eye image in

RGB format (denoted by I ∈ RN×N×3), the RGB loops are
performed to each layer of RGB channel. The RGB loops
in the measurement step will be finished when all RGB
color layers have been processed. Each loop starts with a
preparation process to obtain image P ∈ RN×N . After that,
the VDS is performed. A signal x ∈ Rn×1 is measured by
sensing matrix as

y = 8x, (6)
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TABLE 1. The summary of related methods.

FIGURE 2. The step of CMI for eye image.

where 8 represents the measurement matrix with dimension
Cm×n. Furthermore, the VDS matrix is determined as

8 =MFS, (7)

whereM indicates the mask image, F represents the discrete
Fourier transform coefficients, and S is the VDS matrix.
M, F, and S are modelled by a rectangular binary matrix
Rm×n, complex matrix Cn×n, and a diagonal matrix Rn×n,
respectively. In addition, the inverse transform of MFS is
described as

FTMT1M , (8)

where a binary mask with the matrix of one 1M ∈ RM is taken
into account. Last, when the RGB loops were finished, then
y is obtained.

Previous works have been proposed using spread spectrum
Fourier sampling (SSFS) for the measurement of the CS
[39], [41], [42], [43], [44], [45]. SSFS is one of the uniform
random matrices for sensing matrix in CS. Fig. 5 shows the
comparison of the SSFS and VDS mask matrix.

C. SIMPLE SA
The sparse signal x can be represented by s ∈ CD with
multiple sparsity matrices 9 ∈ Cn×b, where n < b [40].
The SA generates a prior sparse matrix from the average of
multiple sparsity matrices [41] and 9 becomes

9 =
1
√
p

p∑
i=1

9 i, (9)

where p represents the number of multiple sparsity matrices.
In this paper, similar to RGB-BPSA [44] and RGB-SARA
[43], p = 8 is considered with Daubechies wavelet filter type
and wavelet level decomposition of 4 levels.

In this paper, a simple averaging basis is proposed using a
db1-bd8 basis and defined as

9 =
1
√
2
[91,98] , (10)

D. RECONSTRUCTION
In the reconstruction process, according to the problems in
Eq. (5), the ideal approach to recover s is to obtain the sparsest
representation s̄ recovered from y. Thus, a convex problem
can model the reconstruction process as

minimize
s̄∈Cn

‖s̄‖0

subject to ‖y−2s̄‖2, (11)

where ‖s̄‖0 represents the `0 norm that counts the number
of non-zero values in s̄. The `q norm of a complex-valued

vector s ∈ Cm is defined as ‖ ‖q =
(∑M

i=1 |αi|
q
)1/q

. a convex
problem is the most common approach to solve the problem
in (11) where `0 norm is replaced by `1 norm ( [30]).
In reconstruction, a process to recover a color eye image

from y is carried out by using E-RGB-BPSA. Algorithm 1
presents the steps of E-RGB-BPSA. This article proposes the
sparsity basis8which is generated by the SA. Then, the RGB
loops for reconstruction are performed by using BP to getOxl
for each RGB layer. And lastly, BP step is stopped when β is
less than ε ∈ (0, 1) or j = jmax .
Fig. 6 shows the visual reconstruction of the eye image.

Furthermore, Fig. 7 shows the visual of E-RGB-BPSA step
in RGB color space.

V. EXPERIMENT
In this section, first, medical images such as colonoscopy,
WCE, and retinal images are presented. Second, performance
metrics are elaborated to investigate the performance of
HSV-CMI. Last, the experiment scenario is explained.

133442 VOLUME 10, 2022



G. B. Satrya et al.: Enhanced RGB-Based Basis Pursuit SA Using VDS for CS of Eye Images

FIGURE 3. Structural details of the E-RGB-BPSA. (a) Measurement using VDS. (b) Reconstruction using E-RGB-BPSA.

FIGURE 4. A visual of preparation.

A. EYE IMAGES
The color eye images are our private datasets sampled from
patients and this study was approved by TelkomMedika
hospital, Bandung, Indonesia. The study complied with the
guidelines of the Declaration of Helsinki.

Color images were acquired using mobile phone cameras.
Images were cropped and normalized to 660 × 603 pixels.
There are no public datasets with corresponding eye images
for cholesterol measurement, to the best of our knowledge.
The private dataset comprises 90 images and split 3 classes
of cholesterol levels.

B. PERFORMANCE METRICS
The performance metrics used in this paper are measure-
ment rate (MR), structural similarity (SSIM) index, and

FIGURE 5. A visual of mask matrix of SSFS and VDS.

FIGURE 6. A visual of reconstruction step.

signal-to-noise ratio (SNR). The ratio between the size of the
measurement image and the image is defined as MR [43] and
determined as

MR =
m
n
× 100%, (12)

where m and n determine the size of the size of measured
signal y and sparse signal x.
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FIGURE 7. A visual of E-RGB-BPSA.

Algorithm 1: E-RGB-BPSA
Input: Compressed signal y ∈ Cm, sensing basis

8 ∈ Cm×n, orthonormal basis 9 ∈ Cn×n.
Output: Result image Î ∈ RN×N×3.
Generate simple SA basis 9 = 1

√
2
[91,98]

i = 1;
while i ≤ 3 do

j = 1;
while j < jmax and β < ε do

ŝ(j−1)i = 9†x̂(j−1)i ;
BP solution
x̂(j)i = mins̄∈Cm

∥∥∥9†s̄
∥∥∥
1
s.t. ‖y−89 s̄‖2 ≤ ε;

β =

∥∥∥x̂(j)i −x̂(j−1)i

∥∥∥
1∥∥∥x̂(j−1)i

∥∥∥
1

;

j← j+ 1;
end
i← i+ 1;

end
Reconstruct Î from x̂;

The SNR [45] is determined as

SNR =
1
3

3∑
l=1

20 log10

 ‖I l‖2∥∥∥I l − Î l∥∥∥
2

 , (13)

where l is the RGB color layers of the medical image.

SSIM [44] is an image quality metric between the original
color medical image I and the reconstructed color medical
image Î . The SSIM is defined as

SSIM(I, Î) = [l(I, Î)]α · [c(I, Î)]β · [s(I, Î)]γ , (14)

with

l(I, Î) =
2µIµÎ + A

µ2
I + µ

2
Î
+ A

,

c(I, Î) =
2σIσÎ + B

σ 2
I + σ

2
Î
+ B

,

s(I, Î) =
σIÎ + C

σIσÎ + C
, (15)

where l(I, Î), c(I, Î), s(I, Î) represent the luminance, con-
trast, and structure of the image, respectively.µ is the mean of
pixels in the image while σ describes the local standard devi-
ation of pixels in the image. σIÎ indicates cross-covariance
between I . Î , C = B

2 , and α = β = γ = 1 are assumed as
default, hence SSIM [44] becomes

SSIM(I, Î) =

(
2µIµÎ + A

) (
2σIÎ + B

)(
µ2
I + µ

2
Î
+ A

) (
σ 2
I + σ

2
Î
+ B

) . (16)

C. EXPERIMENT SCENARIO
The experiment setup to validate the performance of
E-RGB-BPSA is simulated using MATLAB R2020b. The
specification of the CPU is processor Intel(R) Core(TM)
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FIGURE 8. The effect of average basis (p) to the SNR results.

TABLE 2. µ± σ of SNR results w.r.t p.

i7-8700 CPU @ 3.20GHz RAM 16GB. Then, the proposed
E-RGB-BPSA, RGB-TV [45], and RGB-BPSA [44], are
compared. Suppose a 512 × 512 pixels of medical image is
sampled according to MR to get the compressed signal. Next,
the reconstruction takes place by using the E-RGB-BPSA,
RGB-TV [45], and RGB-BPSA [44], to recover the recon-
structed image from the compressed signal and the perfor-
mance metrics are calculated.

D. SA BASIS SELECTION RESULTS
In SA, the basis 9 is generated from the wavelet basis
with the setting of wavelet filter type, wavelet level (l), and
basis number (p). To decide the best p, the performance
of RGB-BPSA is presented in terms of SSIM, SNR, and
reconstruction time as shown in Figs. 8, 9, and 10, respec-
tively. These figures show the results obtained for the average
performance metrics from 90 eye images.

Fig. 8 shows the effect of wavelet basis (p) to the SNR
results at MR = 0.1, 0.3, 0.5. All MR conditions are satu-
rated at p = 4 with results as follows: 28 dB, 34.9 dB, and
37.8 dB at MR = 0.1, 0.3, 0.5, respectively.

Fig. 9 shows the effect of wavelet basis (p) to the SSIM
results at MR = 0.1, 0.3, 0.5. All MR conditions are satu-
rated at p = 4 with results as follows: 28 dB, 34.9 dB, and
37.8 dB at MR = 0.1, 0.3, 0.5, respectively.

In addition, Fig. 10 presents CPU time with regards to p
at MR = 0.1, 0.3, 0.5. The increase of p also increases the

FIGURE 9. The effect of average basis (p) to the SSIM results.

TABLE 3. µ± σ of SSIM results w.r.t p.

FIGURE 10. The effect of average basis (p) to the BP time results.

CPU time. The longest CPU time is MR = 0.1. CMI without
sparsity averaging (p = 1) is longer than p = 2. In [44], p = 8
is performed for RGB-BPSA and the results showed that the
CPU time achieves 52 seconds. As can be seen in Fig. 10, this
paper improves RGB-BPSA with simpler p = 2 for sparsity
averaging basis and using the combination of db1-db8 rather
than db1-db2 for conventional BPSA.

E. LEVEL OF WAVELET BASIS
The level of wavelet basis (l) is investigated, where
E-RGB-BPSA and RGB-BPSA are compared in terms of
SNR, SSIM, and CPU time with l = 1, 2, 3, 4.
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TABLE 4. µ± σ of CPU time results w.r.t p.

FIGURE 11. The effect of wavelet level (l ) to the SNR results.

First, Fig. 11 presents SNR with regards to l at MR = 0.5.
The E-RGB-BPSA outperforms the conventional BPSA at
l = 1, 3, 4 conditions with improvements as follows: 3.1 dB
at l = 1, 0.1 dB at l = 3, and 0.9 dB at l = 4. For l = 2,
the conventional RGB-BPSA outperforms the E-RGB-BPSA
with 0.1 dB but the best l result is l = 4 with SNR = 37.4 dB
at MR = 0.5.

Next, Fig. 12 displays the effect of wavelet level to SSIM
results atMR = 0.5. The E-RGB-BPSAoutperforms the con-
ventional BPSA at l = 1, 3, 4 conditions with improvements
as follows: 0.031 at l = 1, 0.005 at l = 3, and 0.04 dB at
l = 4. For l = 2, the conventional RGB-BPSA outperforms
the proposed E-RGB-BPSA with 0.001 dB but the best l
result is l = 4 with SSIM = 0.985 at MR = 0.5.
Meanwhile, Fig. 13 shows CPU time with regards to l

at MR = 0.3. The E-RGB-BPSA outperforms the con-
ventional BPSA at all l conditions with improvements as
follows: 5 seconds faster at l = 1, 10 seconds faster
at l = 2, 18 seconds faster at l = 3, and 7 seconds faster
at l = 4. Along with these results, the reconstruction time
improvement of the proposed CMI is validated with faster
CPU time.

Furthermore, Fig 14 shows the visual of the reconstructed
eye image for different l at MR= 0.5. From Fig 14, the visual
is similar in RGB color space then another way to show the
trends in the effect of level is required. Fig 15 shows the figure

FIGURE 12. The effect of wavelet level (l ) to the SSIM results.

FIGURE 13. The effect of wavelet level (l ) to the BP time results.

FIGURE 14. A visual of eye image with different l settings in RGB.

of merit (FOM) using edge detection to show the quality of
the reconstructed eye image.

F. MEASUREMENT RATIO
Fig. 16 shows SNR results and the proposed CMI outper-
forms the RGB-BPSA and RGB-TV at MR ≥ 0.3 but
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FIGURE 15. A visual of eye image with different l settings in FOM.

FIGURE 16. SNR results for different MR settings.

shows the worst performance at MR ≤ 0.2. The proposed
CMI achieves SNR = 38.5 dB at MR = 0.5. For SSIM
results, the proposed CMI with E-RGB-BPSA outperforms
both RGB-BPSA and RGB-TV with SSIM ≥ 0.92 at MR ≥
0.1. Let SSIM > 0.95, it is achieved by the proposed CMI at
MR > 0.2 while RGB-BPSA and RGB-TV cannot achieve
MR ≤ 0.5. Fig. 18 shows reconstruction time with regards
to MR = 0.1, 0.2, 0.3, 0.4, 0.5 to investigate E-RGB-BPSA,
RGB-BPSA [44], and RGB-TV [45]. CPU time of the pro-
posed CMI is 10 and 40 seconds faster than RGB-BP-SA
and RGB-TV, respectively. The effect of MR results validates
that the SNR, SSIM, and CPU time of E-RGB-BPSA with
resolution 512 × 512 outperforms the existing RGB-BPSA
and RGB-TV.

G. ROBUSTNESS TO THE EFFECT OF INPUT SNR
In this paper, as in Eq. (5), n is a complex Gaussian noise
according to an input SNR (ISNR). The ISNR is calculated
as

ISNR = 20 log10

(
‖2s‖2
‖n‖2

)
, (17)

FIGURE 17. SSIM results for different MR settings.

FIGURE 18. BP time results for different MR settings.

FIGURE 19. SNR results for different ISNR settings.

where 2s is the clean measured signal. To investigate the
robustness of E-RGB-BPSA, the effect of ISNR on SNR,
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FIGURE 20. SSIM results for different ISNR settings.

FIGURE 21. BP time results for different ISNR settings.

SSIM, and CPU time is presented. Figs. 19, 20, and 21 show
SNR, SSIM, and CPU time results for the robustness to the
effect ISNR. MR 0.1, 0.3, 0.5 are investigated and the results
show that and the SNR and SSIM shift from high to low as the
MR number decreases, while the CPU time shift from high
to low as the MR number increases. For MR= 0.1, SNR of
28 dB and SSIM of 0.92 are achieved at ISNR > 20 dB. The
CPU time is increased as the ISNR increases.

VI. CONCLUSION
This paper proposes a faster compressed medical imaging
(CMI) of color eye images using RGB-BPSA, referred to as
E-RGB-BPSA. A simple sparsity averaging basis is proposed
using two wavelet basis such as Db1 and Db8 sparsity basis.
The SNR, SSIM, and reconstruction time of E-RGB-BPSA
outperform the conventional RGB-BPSA for basis pursuit
reconstruction. The proposed E-RGB-BPSA with a resolu-
tion 512 × 512 pixels can be compressed into MR ≥ 0.1 in
SNR > 28 dB and SSIM > 0.92. The reconstruction time of
the proposed method is 5 seconds faster than the conventional

RGB-BPSA in CMI of color eye image with 3 loops of RGB
color space.

For future works, the investigation of the effect of CMI
in medical image watermarking systems [36], [37], [60], the
deep learningmodel in reconstruction [61], andmulti-domain
integrative swin transformer networks [62] can be considered
for CMI of CRI.
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