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Abstract: Medical image is one of the post power full tools for studying neurological disorders. Epilepsy is one of the them. Over
50 millions peoples are suffered from epilepsy. Medical image can used to study the epilepsy, as the brain stroke, brain tumor, and
brain injuries are the most common causes of it. Here image pre-processing plays a significance role to enhance the quality of the
input image. Further, image registration, noise removal, image enhancement, etc. are the common processes involved in pre-
processing. An Efficient real time embedded solution for medical image enhancement is needed. In the area of machine learning
(ML) and artificial intelligent (Al) solution, most of existing algorithms are software based and their hardware implementation is
difficult. However, hardware implementation of such algorithm is needed for real time performance. This work proposes a image
enhancement technique based on wavelet, Ridgelet and curvelet transform. Here a modified Haar wavelet transform with sliding
window-based overlapping execution is use for image denoising with a dedicated embedded hardware implementation. The
proposed algorithm provides a solution for image enhancement by image’s edge preservation. Further the image edges have been
preserved by Ridgelet and modified curvelet transform based technique. Performance of the projected image enhancement
algorithm has been evaluated in terms of many statistics approached namely peak signal-to-noise ratio (PSNR), mean square error
(MSE), mutual information (MI), universal image quality index (UIQI), geometric mean (Gm), and gradient (Gd). The results
obtained by applying the projected algorithm demonstrate the significant improvement in output image quality. Further, the
embedded version of the proposed algorithm has been successfully implemented into ESP32-WiFi Cam module powered by tiny
32-bits processor architecture, small amount of primary memory along with dedicated SD card slot for storage. Further it has been
observed that the in-place calculation with software pipelining technique offers memory and time efficient solution. Further, lower
computational overhead results in fewer resource requirements which make the proposed solution suitable for real time and
portable...
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1. INTRODUCTION

In image enhancement enhance the image quality without altering the basic image characteristics. Specifically,
in medical science, image enhancement plays important roles to achieve clinically acceptable images. For this, various
image enhancement techniques have already been suggested in recent literature [1-8]. The techniques like image
denoising [1, 2], image contrast enhancement [3, 4], edge preservation [5], and fusion of multi-modal images [6-8]
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have been proposed to secure the image information in terms of edge, curve etc. In the below subsection a detailed
literature survey about medical image quality enhancement has been perform.

2. BACKGROUND

Earlier, Mallat et al. [9] had introduced a discrete wavelet transform (DWT) model for the effective denoising
of medical images [10, 11] and further various suggestions has also been made to modify DWT. Further, Sweldens &
Daubechies proposed a novel concept named as lifting scheme [12, 13], that in-turn offers the design and execution
of wavelet transform simultaneously [14, 15]. Due to its straightforward arithmetic calculations and wide uses in
medical image processing, Haar wavelet transform (HWT) has been used in numerous state-of-the-arts [16-18]. As,
Das et al. [10] used a fusion method for the denoising of individual as well fused medical images using modified Haar
wavelet transform (MHWT). In [19] an adaptive denoising technique used to enhance the visual quality of computed
tomography (CT) images. In recommended idea fuses the images denoised by total variation (TV), curvelet method
techniques. The edge information is collected from the noise residue output of TV method through use of curvelet
transform. This successfully reduces the staircase effect and visual distortion from the given images and produced
enhanced image [19]. Further approximate digital implementation of some mathematical transforms, namely, the
curvelet, Ridgelet, wavelet, and radon transform [20, 21] has been implemented in [22]. This approach offers an
accurate reconstruction, stability against perturbations, and low computational complexity in ease of implementation.
Here a very simple interpolation in Fourier space is use, which takes yields samples and Cartesian samples on a recto
polar grid. It represents a pseudo-polar sampling set based on concentric squares geometry. Further a Ridgelet
transform applies with the radon transform, a special over complete wavelet. Where Ridgelet and curvelet transform
with filter bank approach is used to enhance the given image. Moreover, the curvelet based image reconstructions put
on display the higher perceptual quality of images than wavelet-based reconstructions. It produced visually sharper
images, by the higher quality recovery of edges, weak lines and curvilinear features [22].

From the above study it is clear that a Ridgelet and curvelet transform based image enhancement methods are
more efficient than only wavelet-based image enhancement method. The hardware level implementation of those
techniques can make them more efficient. Here the speed improvements achieved through FPGA implementation by
the used of real-time clock frequency and improve the space efficiency using available resources of FPGA Board [23,
24, 25]. In [26], a pipeline-based FPGA design for the hardware implementation of discrete wavelets transforms (db2,
db4, and db8) using high-pass and low-pass filters has been provided. This design utilizes 506 logic elements, a 3200-
bit RAM [26]. Next, Arasu et al. [27] introduced a low-power and area-efficient FPGA design for two-dimensional
DWT tested on CT, MRI, and fused images. This design incorporates 464 flip-flops, 4858 lookup tables, and 2774
slice blocks [27]. Recently, Bamerni et al. [16] proposed a fully integer-to-integer, memory-efficient, and parallel
architecture for two-dimensional HWT using lifting scheme.

However, there could be a scope to enhance medical image quality through using wavelet based denoising with
Ridgelet curvelet based hybrid edge detection and preservation techniques. Here an attention has been made to utilize
the concept of modified HWT [10], modified Ridgelet, and curvelet based techniques to enhancement medical image.
Further here in-place calculation has been used with lifting and sliding window protocol, which makes the proposed
algorithm suitable for hardware implementation. The present work describes a novel idea for denoising as well as
image enhancement using edge preservation and efficient hardware implementation. Most of the available methods in
literature are based on software implementation. For real time performance of any system required hardware
implementation. The hardware implementation of image enhancement algorithm is few.

The important offerings of the proposed work are as below-

In this research work, a modified HWT (MHWT) using lifting scheme has been used for denoising of medical
images.

In the proposed method, the wavelet construction takes place in the predict step of the lifting scheme, which
serves as a high-pass filter. In the update step, a scaling function is performed to produce a smoother version of images.

In the proposed method a cross-diagonal radon transform (modified Ridgelet) has been perform to get the edge
information from high-pass image component.

Optimized resource utilization has been achieved by concept of pipelining. Further it has been implemented in
tiny embedded system architecture to make it real time and portable solution.
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The rest of the manuscript has been structured as follows. The proposed design methodology is described in
Section- 2. The experimental results and analysis have been given with the fair comparisons and discussion in Section-
3. Finally, overall summary of the work has been concluded in Section- 4.

The Proposed Methodology

The proposed methodology has been discussed on the basis of experimental data set, development of the
algorithm and dedicated embedded hardware system along with compact camera module in following subsections, as
below.

Subject & Data Set Description

The summering of datasets used for this study has been shown in Table 1. The subjects include both male as
well as female patients; categorized into two age groups, 18- 40 and above 40 years. Also, both sets include normal
and abnormal cases diagnosed by expert medical practitioner form Department of Neuro-Surgery, R. G. Kar M.C.
Hospital, Kolkata, India.

The patients in the abnormal set are suffering from mental disorders such as stroke, tumor, epileptic seizures,
etc. The PET and CT imaging modalities are used as data for normal and abnormal patients. For one patient, we used
64 or 90 slices of 2D images. Each slice has dimension of 128x128 pixels for PET and 512x512 pixels for CT.
Therefore, a particular subject has either 128(64 * 2 = 128) and/or 180(90 * 2 = 180) image slices. In the used dataset,
a total of 14,000 image slices are present, consisting half of both PET and CT images. Further, the detailed of the
datasets is shown in table 2.

Table 1: Detail description of subject (Patient)

Detail description of subject (Patient)

Age Group Age Group
SEX (18 - 40 Year) (Above 40 Year)

Abnormal Normal Normal Abnormal
M 11 4 12 23
F 2 6 9 18

Table 2: Detail description of image data set

Image Data Set Description

Number of Slice per Image Image Slice
Subject Subject Type Dimension
60 90 PET 128 x 128
25 64 PET 128 x 128
60 90 CT 512x 512
25 64 CT 512x 512

Algorithm Development

In this section a detailed discussion has been made on proposed algorithm in two parts. One is denoising and
another is edge preservation. Below an algorithm design for image denoising based on non-separable modified Haar
wavelet transform along with a modified Ridgelet, curvelet based edge preservation algorithm for medical images
enhancement has been performs. Further it has been implemented into an embedded hardware platform to achieved
portability and real time processing.

Design of Denoising Algorithm

1024



In this part, the proposed algorithm design for image denoising based on non-separable modified Haar wavelet
transform. It begins to perform wavelet transform as soon as getting the information of two pixels and stops just after
processing the last pixel information. So, there is no need to wait for complete image at initial point of time. Further
it can successfully perform 3 level of denoised as soon as getting only four consecutive pixels information. Here in
the proposed algorithm a modified version of the basic Haar wavelet transform is used along with lifting and in-place
calculation with the help of sliding window techniques. Further the hardware implementation of the proposed
algorithm can work with less deterioration even at high noise level. Here pipeline processing techniques has been used
to achieve optimal hardware resource utilization and successfully reduced the algorithmic iteration. Also, in this
method, as an alternative of a set of filters, a simple predict and update process of lifting scheme is used. The steps of
the algorithm are in two stages- denoising and edge preservation, which are described in Algorithm 1 and Algorithm
2.

Algorithm 1: Denoising Based on MHWT
Input: Input images (PET, CT, MRI, etc.)
Output: Denoised images (PET, CT, MRI, etc.)
Steps:

Start

Group all pixels into even and odd sets using the pixel index, Ieven and Ioas, where I is a 1D image and n indicate
the level of denoising. Therefore, I, can be defined as union of all even (Ieven) and 0dd (o) pixels at the n'™ level of
denoising.

I, = (In(Even) UIn(Odd)) (1)
Calculate the detailed coefficient (/ (D:;;lﬂ ) of Haar wavelet in predict step of Lifting scheme by using in-place

calculation (i’ indicate the pixel index and 7 is a stage of denoising). Here, the detailed coefficient (/ (L;i.t;lﬂ) of i

pixel at n" level of denoising can be defined as half of the difference of I+, and Ine™ pixels.

_ I -1
IDefml — n,i+l n,i 9
(n.d) { ) 2

Calculate the approximation part of Haar wavelet, in update step of Lifting scheme using in-place calculation.

First we calculate the average of two consecutive pixels Ine+™ and L™ and after that add half amount of detailed

Detai

coefficient’s (/[ (n.d) ! getting from equation. 2) value with the average value.

Ini+1+]ni Ini+1_]ni
In’l.z : e : 3)

2 4

Follow step 3 and step 4 until last pixel get processed.
End

The diagram of the pixel level execution and overall line diagram of the above discussed algorithms have been
shown in figure-1 and figure-2 respectively. In Figure 1, the two pixels of given input image has been indicated by
odd and even indexed pixel and a split operation on those pixels have been performed in first step of lifting scheme.
As shown in Figure 1, in predict step, subtract the odd pixel value from even pixel value has been perform (shown as
high pass in Figure 1). Further, in update step, a half amount of the result of predicted step has been added with the
result of the update step (shown as low pass in Figure 1). Here, in Figure 1, half amount of the detailed coefficient’s
value (shown as (high pass/2) in Figure 1) represents the high frequency component of the given image. It includes
edge information with some noise.

1025



Input Image
(2D)

Even Pixels Low Pass Denoised Pixel

NE Nauuulinn
+ D Px+3, Px+2, Px+1,P...P2,P1
O = - 000000

Input Image (1D)

Odd Pixels High Pass (High Pass)/2

Figure 1: Diagram of pixel level execution and output pixel generation
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Figure 2: Diagram of denoising part of the proposed algorithm

The above steps also specify the adopted modification of the lifting scheme as well as basic HWT technique
for this work. The diagram of overall execution and denoised output image generation of the said system is shown in
Figure 2. In Figure 2 it has been shown that the 2D-image slices of the given 3D medical image have been further
represented as 1D image. After that the proposed denoising operation has been performed on 1D image (PET, CT,
MRI, etc.) respectively. After that, individually denoised image has been used as an input image of the edge
preservation algorithm (Algorithm 2).

Design of Edge Preservation Algorithm

Here approximate digital implementations of two mathematical transforms- the Ridgelet transform [20] and the
curvelet transform [21] have been done to achieve effective edge recovery while maintaining low computational
complexity. A modification has been made to the original local Ridgelet transform (LRT) [28]. In this updated
approach, we sum the values of both diagonal pixels and adjust the target pixel in a local box of four pixels,
concentrating exclusively on the output component of the high-pass filter.

The Ridgelet transform employs a specialized over-complete wavelet pyramid on the radon transform, featuring
wavelets that possess compact support in the spatial domain. The curvelet transform builds upon this Ridgelet
transform as a foundational step, effectively implementing curvelet sub-bands and leveraging wavelet filters derived
from the low-pass filter output obtained in Algorithm 1.

Furthermore, reconstructions utilizing the curvelet transform demonstrate superior perceptual quality compared
to those based solely on wavelets, resulting in visually sharper images. This approach notably enhances the recovery
of edges as well as subtle linear and curvilinear features. The existing theoretical framework surrounding the curvelet
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and Ridgelet transforms indicates that these innovative methods can outperform wavelet techniques in specific image
reconstruction contexts. The reported empirical results are promising and lend support to this theory [22].

Modification on local Ridgelet transforms (LRT):

The Ridgelet transform is particularly effective for detecting global lines that match the size of the image. To
identify line segments, a partitioning method must be implemented [29]. The image can be divided into overlapping
blocks, each with a side length of 'b' pixels. The overlap between vertically adjacent blocks forms a rectangular area
of 'b' by "b/2", which helps to mitigate blocking artifacts. In an x by y image, we can identify "2n\b" blocks in each
direction, leading to an increase in the redundancy factor by a factor of 4.

We calculate a pixel value, Pi from its four corresponding block values of half-size m = b/2, namely, Pi/cl,
rl], P2[cl, r2], P3[c2, ri1] and P4[c2, r2] with cl, rl1 > b/2 and ¢2 = ¢I — m, r2 =rl — m, in the following way:
C2 CZ
fi=w| = |Blc,n]+w|1-—=|P]c,,r,]
m m

A =w(C—ZJIz[cz,n]+w(1—c—2ja[cprzl @
m m

rer(Z)eeele-2)
m m

where W(x) = cos’ (%) is the window. Of course, one might select any other smooth, non-increasing

function satisfying, w(0) = 1, w(1) = 0, w'(0) = 0 and obeying the symmetry property w(x) + w(l —x) = 1.
Algorithm 2: Edge Preservation
Input: High & Low pass filter output getting from Algorithm 1
Output: Enhanced image
Steps:

Formed a local box of 2X2 pixels by using P1(c1,r1), P2(c1,r2), P3(c2,r1), and P4(c2,r2) pixels getting from
high filter.

Perform modified local Ridgelet transforms by using the equation (4) on the above local box constricted from
high pass filter’s output. After that update the target pixel Pimpr), here ‘1’ represent the pixel index of the given image.

Now adding the value getting from step 2 with the value of same indexed pixel getting from low pass filter.
Piwrr) = Pi arr), + PimprF) 5)

Repeat Step 2 and Step 3 for all pixels of the given image.

Convert 1D image to 2D image.

End

An overall visualization of algorithm 1 and algorithm 2 has been shown in figure 3 below-
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Figure 3: Visualization of the proposed algorithm

Hardware Efficient Embedded System Design

In the single cycle format, as depicted in

Figure 4 (left side), the SD Card is used to store image data after

completion of each level of denoising process. Initially, the input data (pixels) are retrieved from the SD card and
transferred to the internal register memory. After obtaining the input image, the processor doing the necessary
operations on these pixels and then saves the output pixel data back to the SD card. This process is then repeated for

multiple pixels and multiple level of denoising.

—
SD Card

3n*Read(sp)

Register

3n*Read(res)

A 4

Processor

3 Time Loop

Register

3n*Write(sp)

SD Card

3n*Write(ges)

> T
SD Card

n*Read(sp)

Register

3n*Read(reg)

3 Time Loop

3n*Write(ge:)

Register

| n*Write(sp)

SD Card

Figure 4: Cyclic Execution of Proposed Algorithm with Optimization Read and Write Operation

Figure 4 (right side) outlines a scheme for executing multiple pixels and multiple iteration of the proposed
denoising algorithm. When considering x by y size image of n pixels (n=x*y), the processor requires “n” read
operations from the SD Card to retrieve each pixel and “n” write operations to store the data back to the SD Card.
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Figure 5: Pipeline representation of 37 level of denoising.

Here the proposed algorithm performs the 3™ level of denoising required “3*xn” times, SD Card and register
read/write operations. So this process becomes time consuming due to the many read/write operations on SD cards.
To address this issue, a software pipelining approach is used and implementation of software pipelining is described
in Fig. 5 through a required resource and availability graph. If level 3 denoised single pixels are required, and then
must have at least four pixels at a time. Fig. 5 shows that a level 3 denoised pixel is stored in register memory (image
buffer register) and finally written to the SD card at once. This approach makes the proposed algorithm more efficient
in terms of time complexity. Because the time requisite for fetching pixel value from an SD card and write the output
pixel value to the SD card is much more than register read-write. In figure 6, a memory efficient implementation of
algorithm 1 and algorithm 2 has been shown. Here, an image buffer of size x+2 is used to store a window of n pixels.
Where x denotes the number of columns of the input image and ‘n’ is a count up to second pixel of second row of that
image. This approach provides all four required pixels for algorithm 1 and algorithm 2. From the algorithm 1 we get
denoised pixels and high pass component of them which store separately for further use in algorithm 2. Perform edge
preservation (Ridgelet operation) on the high pass component using pixels Pj, P>, Px+1, and Px+> and get the enhanced
pixel ‘P;’. Now sum up the enhanced P; with denoised pixel P; and get final enhanced pixel. In this greedy execution
policy, there is no need to store whole input image at any point of time. Here in one go perform all three level of
denoising and also preserved the edges. In this way the proposed algorithm achieved the space and time efficiency.
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Figure 6: Memory efficient execution of the proposed method.
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3. EXPERIMENTAL RESULTS

In this section, detailed description of the software as well as hardware output has been given and the results
have been statistically analysed. Further, the work has been compared with available state-of-the-arts in different

subsections as below-

Software and hardware output of given images (PET, CT, etc.)

This section presents the detailed analysis of pre and post denoising of PET and CT images. As per the dataset
which we have used, each patient has either 128 or 180 PET and CT image slices. The dimensions of PET and CT
images are 128x128 pixels and 512x512 pixels respectively. Figure 4 shows a 3D PET image of human brain using
90 slices. Here, the experiment involved a total of 85 patients, resulting in 14,000 image slices (7,000 both for PET
and CT). For simplicity, the results of eight randomly selected slices have been shown for four patients, as

representative case. These results are shown in Figure 7.
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Figure 7: Display a PET image data of single patient having 90, 2D slices with 128 x 128 dimensions.

In Figure 8, PET, CT, and their corresponding outputs for four patients P1, P2, P3, and P4 have been shown.
Figure 8(a) and 8(b) shows input PET and CT images of patient. Figure 8(c) and 8(d) show the corresponding denoised
output images using the proposed method for PET and CT, respectively. The proposed technique was tested on PET
and CT images of 85 patients. Further in figure 9 an enhanced output image of the proposed method has been shown.
Here in figure 9 left one is a raw output image of the proposed algorithm, middle one is a color map image of the same

left image, and right one is only Ridgelet part of the enhanced image.
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Figure 8: The PET and CT images of four different patients (P1, P2, P3, and P4), pre and post
denoising (a)-(b) input PET and CT images (c)-(d) corresponding denoised images using the proposed
method.

Figure 9: Enhanced output of the proposed system (Left one is a raw output image of the proposed
algorithm, middle one is a color map image of the same image, and right one is only Ridgelet part of the
enhanced image).

Statistical Analysis and Comparison

This section describes a detailed analysis of various performance metrics required to assess the image quality.
Also, for fair comparison, the proposed hardware design has also been compared and contrasted with recent state-of-
the-arts available in literature.

Image Quality Measurement Statistics

Mean Square Error (MSE) and Peak Signal to Noise Ratio (PSNR): MSE and PSNR are used to measure the
quality of denoised image. MSE is the cumulative squared error between denoised and original image, whereas PSNR
is a measure of the peak error. MSE and PSNR are defined as below [28-30].

MSE = ﬁf i [x G )=y D] ©
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where x is the original image, y is the denoised image, and (M * N) is the dimension of the images. The lower
value for MSE indicates better denoised image, and a high value of PSNR corresponds to good image quality [28-30].

PSNR =20%*log,,

Universal Image Quality Index (UIQI): 1t indicates the image quality distortion. For two images x and y, the
UIQI is calculated as a product of three components:

oy, 2y ) 20x0y

B "\2 "\2 2 2
o0, (X)'+(y) o, +0,

®)

where the first, second and third components indicate the correlation coefficient between x and y, the similarity
among the mean luminance x and y, and the similarity in contrast of the two images respectively [29-31].

Mutual Information (MI): 1t measure the amount of information that a fused image, F contains about x and y.
[30-32].

B
F(x,y)=%|F,, log| —— ©)
X,y

(")

By (f,%)
B ()P (x)

Py (f5 ) J
F.(NHE )

IF,X(fbx):%PFx(fax)log (10)

I x(f5)= %Ppy(f,y)log(
(11)

Thus, the Mutual Information is given by

M =1 (f o)+ 1y () (12)

Geometric Mean (Gm): The arithmetic mean is what people are usually talking about when they say “average”.
By far the most widely used, it’s simple to calculate: you sum the parts, then divide by how many there were.
The geometric mean has the same procedure but different operations. You multiply the parts, then take
the root corresponding to how many there were. The geometric mean is often used when finding the mean of data
which are measured in different units [33].

Gradient (Gd): To calculate the gradient of any line, the x and y coordinates of a line are used. In other words,
it is the ratio of the change in the y-axis to the change in the x-axis. The formula to calculate the gradient of a line is
given as, where m represents the gradient of the line [34].

m = (yz _yl)
('x2_'xl) (15)
_ Ay
 Ax

To assess the output image quality, in absence of ground truth, variable noise addition technique has been used
[35]. For one representative experiment, “Poisson” noise with a standard deviation 0.05 and offset 0.01 has been
added to the primary image. Further, denoising operation has been performed up to third level of decomposition, as

1032



denoising results obtained up to third level are clinically acceptable by medical practioners. For the performance
evaluation of the proposed MHWT method, the results have been compared with the traditional DWT based method,
in terms of different quantitative measures (PSNR, MSE, and UIQI) as shown in table 3.
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Figure 10(a): PSNR Graph: The level-wise average of PSNR values of DWT?2 algorithm and the
proposed MHWT algorithm.

Level-wise averages of PSNR values have been presented in table 3 for both DWT2 and MHWT algorithms
and shown in figure 10(a). It is clear from the figure that PSNR values obtained by the proposed MHWT algorithm
are better as compared to DWT2 algorithm. From figure 10(a), it has also been observed that the level-wise
performance of the MHWT algorithm is better than DWT2 based algorithms. This is due to the modification in
denoising process in case of NS-HWT algorithm. By this proposed method, the noise from the given image has been
successfully removed due to the modification at high-pass filter level.
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Figure 10(b): MSE Graph: The level-wise average of MSE values of DWT?2 algorithm and the proposed
MHWT algorithm.

For MSE, again level-wise average of MSE values has been calculated from table 3 for the studied algorithms
and shown in figure 10(b). It has been observed from the figure that the MHWT algorithm exhibits significant decrease
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in mean square error as compared to DWT?2 based algorithms due to the increase in accurate prediction of image pixels
during denoising.
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Figure 10(c): UIQI Graph: The level-wise average of UIQI values of DWT2 algorithm and the proposed
MHWT algorithm.

The average UIQI values of the studied algorithms for CT and PET images have been shown in figure 6(c).
Here, MHWT method results in better UIQI values for CT images and a comparable performance with DWT2
algorithm for PET images.

Table 3: Values of MSE, PSNR, and UIQI of denoised PET and CT Images

Patient 1
CT-Image PET-Image
Algorithm | Images
MSE PSNR (dB) | UIQI MSE PSNR (dB) | UIQI
Ilrrrllﬂgi 68108.84842 | +0.33447 0.24657 | 537114.17169 +18.27173 0.49115
DWT2 Level 1 14.84521 +72.89787 0.38655 | 50.08105 +62.33613 0.76160
Level 2 13.12524 +73.96745 0.40996 | 46.19531 +63.03764 0.95319
Level 3 12.57570 +74.33896 0.65841 | 43.96118 +63.46821 0.99300
Ilr?lil;; 68108.84842 | +0.33447 0.24657 | 537114.17169 +18.27173 0.49115
Proposed T 0T 10.92262 +75.56307 | 0.34129 | 4233423 +63.79577 | 0.69068
MHWT Level 2 0.87052 +97.53401 0.80136 | 3.88770 +84.53575 0.74180
Level 3 0.07698 +118.60197 | 0.91995 | 0.29688 +106.87813 | 0.75694
Patient 2
Algorithm | Images CT-Image PET-Image
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MSE PSNR (dB) | UIQI MSE PSNR (dB) | UIQI
Iﬁ‘;‘; 71598.58635 | +0.76849 | 0.23655 | 202780.91772 | +9.81094 | 0.49869
DWT2 Level 1 15.23706 +72.67157 | 037083 | 64.67578 +60.11476 | 0.75050
Level 2 12.72437 +74.23688 | 039101 | 47.58691 +62.77985 | 0.94070
Level 3 12.57246 +7434119 | 0.63612 | 43.79785 +63.50054 | 0.98659
Iﬁ‘;‘; 71598.58635 | +0.76849 | 0.23655 | 202780.91772 | +9.81094 | 0.49869
Proposed 0T [ 1071794 17572737 | 036938 | 29.08185 167.05716 | 0.67821
MHAWT a2 | 0.88059 19743410 | 079993 | 2.62781 187.03773 | 0.73512
Level 3 0.07565 +118.75394 | 0.92358 | 0.24139 +108.67507 | 0.75090
Patient 3
CT-Image PET-Image
Algorithm | Images
MSE PSNR (dB) | UIQI MSE PSNR (dB) | UIQI
Iﬂ‘:}i‘; 65408.14002 | +0.44347 | 0.42055 | 548114.16971 | +15.04812 | 0.50845
DWT2 Level 1 14.94509 +71.10787 | 0.24052 | 52.08325 +60.21610 | 0.66105
Level 2 13.52022 +72.96745 | 0.42990 | 47.09551 +62.03004 | 0.92329
Level 3 12.07170 +74.83290 | 0.68048 | 42.96058 +64.46128 | 0.98305
11;111;1; 65408.14002 | +0.44347 | 042055 | 548114.16971 | +15.04812 | 0.50845
Proposed oo 11.96282 +74.66370 | 033128 | 48.38012 +64.02554 | 0.68260
MHWT Level 2 0.97087 49658801 | 0.70163 | 4.80470 +82.03537 | 0.74694
Level 3 0.05635 +118.08194 | 0.91588 | 0.19606 +107.05413 | 0.76145
Patient 4
Images CT-Image PET-Image
Algorithm
MSE PSNR (dB) | UIQI MSE PSNR (dB) | UIQI
Ilrfgg“e 70278.53685 | +0.84689 | 0.37083 | 202646.73016 | +9.81094 | 0.49869
DWT2 Level 1 18.23706 +168.45107 | 0.23456 | 68.23845 +54.65875 | 0.78415
Level 2 13.43277 +72. 68823 | 0.49504 | 45.12870 +60.58981 | 0.93648
Level 3 11.25746 +7539479 | 0.62582 | 42.52483 +63.05748 | 0.96589
Ilrfgg“e 70278.53685 | +0.84689 | 0.36938 | 202646.73016 | +9.80519 | 0.49923
Proposed oo 12.74514 +76.72481 | 0.48712 | 28.52483 +65.16574 | 0.57521
MHWT Level 2 0.65487 +94.89754 | 0.69845 | 3.05487 +86. 88473 | 0.69209
Level 3 0.05487 +117.52481 | 0.93058 | 0.08547 +109.20504 | 0.73215
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In table 3 and 4, a list of statistical parameters has been calculated of the proposed algorithm to establish the
quality of enhanced output images. Same time a comparison with basic version of the algorithm is provided. Table 3
show denoised part of proposed algorithm provide very good denoised image as intermediate output of the algorithm.
The output image (pixels) is used as an input to edge enhancement part of the proposed algorithm and produced the
final output image. Here table 4 shows that output image quality with the help of some statistical parameters namely
MSE, PSNR, Gm, and Gd. Further low MSE value and high PSNR value of our proposed algorithm comparison with
the basis version of the curvelet algorithm, confirmed that the quality of output image is good. Furthermore, by the
level wise low MSE and high PSNR value of our proposed algorithm confirm that the quality of the output image in
increasing level by level. Other side, on the basis of Gm and Gd we can conclude that, the enhanced image have good
amount of edge and curve information. These edge and curve information have been added with the denoised image
and enhanced the quality of the image.

Thus, it is clear from above discussions that the performance of the proposed algorithm is better as compared
to available basic curvelet and Ridgelet based algorithm. Further, a hardware-level comparison has also been presented
in next subsection.

Table 4: MSE, PSNR, Gm, and Gd Values of Enhanced Images

Image enhancement using basic curvelet techniques (PET Image)

Image MSE PSNR dB Gm Gd
Input 537080.7836 0.27119 68.14231 79.23990
L1 92694.47394 3.01148 15.41553 70.85224
L2 93.4986 56.9135 1.98772 21.39210
L3 6.9364 79.50691 0.29871 6.08272
Image enhancement using proposed algorithm (PET Image)

Image MSE PSNR dB Gm Gd
Input 537080.7836 0.27119 68.14231 79.23990
L1 6122.64246 20.59082 52.75579 76.91531
L2 5.11383 82.15467 6.81606 39.86131
L3 0.44342 103.39329 1.32904 24.43565

Hardware Level Comparison

The proposed algorithm has been implemented using MATLAB (R2015b, 64-bit). The testing involved PET,
and CT images of size /28x128, 256x256, and 512x512 pixels, respectively. Table 5 represents a hardware level
comparison of the proposed image enhancement algorithm on the basis of resource utilization. It is presented a
comparison with state-of-the-art methods based on their memory usage, CPU requirements, and dependency on a
GPU. Each method is accompanied by its respective memory usage (in MB), whether it necessitates a 64-bit CPU,
and its reliance on a GPU for operation. Notably, the proposed method distinguishes itself with remarkably low
memory usage (0.004MB), a 32-bit CPU requirement, and independence from a GPU. This analysis provides valuable
insights into the resource demands of different methods for specific applications. The attributes of the proposed
embedded system render it an exceptionally lightweight and cost-effective solution, well-suited for real-time edge
processing systems.

Table 5: Comparison with various state-of-the-art methods

Methods Memory Requirement (MB) Required CPU | Required GPU
VessNetar [36] 36.600MB 64-bit Yes
MobileNet-V3 [37] 11.000MB 64-bit Yes
RSFNet [38] 8.000MB 64-bit Yes
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PLVSNet [39] 3.600MB - -
M2UNet [40] 2.200MB 64-bit Yes
G-Net Light [41] 1.520MB 64-bit Yes
LDMRes-Net [42] 0.580MB - -
Proposed Method 0.004MB 32-bit No

4. CONCLUSION

In this work, an embedded hardware implementation using modified HWT, curvelet, and modified Ridgelet
based image enhancement algorithm has been proposed and studied on PET and CT brain images. The proposed
technique successfully eliminates high levels of noise, preserved the edge and curve information of the same input
image at a time which enhanced the quality of input image. This has been verified with the performance evaluation of
various image quality assessment parameters. Furthermore, hardware implementation of the proposed algorithm
signifies the utilization of only 0.004MB memory. This it confirms the successful attainment of hardware advantages
in terms of area. In continuation for fair comparison, embedded implementation of the proposed algorithm has been
compared and contrasted with the available state-of-the-arts. By means of experimentations, it has been proved that
the proposed method suggests much faster, portable, and cost-effective hardware architecture than others. In future,
the proposed method could also be extended for FPGA implementation using new generation wavelet, curvelet and
Ridgelet based techniques for better quality of output images.
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