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Abstract: Analyzing medical images has always been a challenging task because these images
are used to observe complex internal structures of the human body. This research work is based
on the study of the retinal fundus and magnetic resonance images (MRI) for the analysis of ocular
and cerebral abnormalities. Typically, clinical quality images of the eyes and brain have low-varying
contrast, making it challenge to diagnose a specific disease. These issues can be overcome, and
preprocessing or an image enhancement technique is required to properly enhance images to facilitate
postprocessing. In this paper, we propose an iterative algorithm based on the McCann Retinex
algorithm for retinal and brain MRI. The foveal avascular zone (FAZ) region of retinal images and
the coronal, axial, and sagittal brain images are enhanced during the preprocessing step. The High-
Resolution Fundus (HRF) and MR brain Oasis images databases are used, and image contrast and
peak signal-to-noise ratio (PSNR) are used to assess the enhancement step parameters. The average
PSNR enhancement on images from the Oasis brain MRI database was about 3 dB with an average
contrast of 57.4. The average PSNR enhancement of the HRF database images was approximately
2.5 dB with a contrast average of 40 over the database. The proposed method was also validated
in the postprocessing steps to observe its impact. A well-segmented image was obtained with
an accuracy of 0.953 and 0.0949 on the DRIVE and STARE databases. Brain tumors were detected
from the Oasis brain MRI database with an accuracy of 0.97. This method can play an important role
in helping medical experts diagnose eye diseases and brain tumors from retinal images and Oasis
brain images.
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1. Introduction

Medical image analysis is one of the most rapidly growing fields of study. It combines
image recognition with clinical analysis methods to process digital images [1-3]. Recent
advances in medical image analysis research have contributed to developing a digital
system-based solution to reduce the use of invasive approaches [4-6]. Color fundus retinal
images and brain magnetic resonance images (MRI) images are analyzed to diagnose
diseases such as eye- and brain-related abnormalities. Eye diseases such as Diabetic
Retinopathy (DR) are diagnosed by carefully analyzing retinal color fundus images [7];
the analysis of retinal images for DR is based on the condition of the vessels, and damage
to the vessel network results in loss of vision [8,9]. DR occurs when retinal changes
have progressed to the point where treatment is complicated, and the risk of vision loss
has increased manifold [10,11]. The prevalence of eye diseases such as DR is rising [12],
lowering people’s quality of life. On the other hand, MRI brain images are used to detect
abnormalities and tumors in the brain.

According to economic reports, people who are 40 years old and above have vision
loss, particularly in developed countries [11,13]. The Australian Eye Study discovered
that one in every three people has DR, indicating that DR is still one of the top five causes
of irreversible blindness in adults in developed countries [11]. According to a recent study
conducted in 33 countries, one out of every three diabetics and one out of every twenty
people has an eye disease [14,15]. Furthermore, diabetes is one of the world’s major health
problems, with 50 to 350 million diabetic cases expected over the next 25 years [11,16,17].

Fundus images have been researched in recent years. It has been discovered that
the retinal vasculature is critical for diagnosing DR [13], along with observation of the loss
of retinal capillaries in the network of retinal vessels called the foveal avascular zone (FAZ).
Enlargement of the FAZ indicates disease progression. The specific area of FAZ is shown
by color fundus images and FFA images [18]. Previous research on fundus image analysis
by [19] found that the size of the FAZ increases with the severity of the DR. Traditional
retinal photography is known as fundus fluorescein angiography (FFA). The FFA works
by rapidly injecting fluorescein dye into the arterial system. FFA is made up of three
significant steps. The first step is how the dye circulates in the retinal blood vessels, how
it reaches the retina and choroid, and how it stays in circulation [20,21]. The second step is
to record any details of the pigment epithelium and retinal circulation that are not visible.
The third step is how to obtain a clear view of the retinal vessels. Most of the research
published thus far has focused on determining FAZ from FFA images.

There is a need to analyze the FAZ area from color retinal images for a proper non-
invasive diagnosis of eye disease [22,23] because the FAZ area is devoid of blood vessels.
The widening of the vessels in the FAZ area indicates disease progression, so the proper
segmentation of retinal blood vessels is critical. The brain MRI, another imaging modality
used in this study, is one of the advanced medical imaging modalities validated as an effec-
tive tool for studying the human brain [17,24]. A brain MRI provides information on soft
tissue anatomy, which has significantly improved the visual quality of the brain image.
Images obtained from brain MRI scans typically require computerized methods such as im-
age processing techniques for classification to detect brain abnormalities or tumors [25].
The objective of this research work is to address the issue of improving medical images
such as retinal images and brain MRIs by validating the McCann Retinex algorithm. These
types of images suffer from low-varying contrast and noise. This enhancement technique
is used as preprocessing for further segmentation to diagnose disease. The preprocess-
ing step improves the PSNR and contrast enhancement. There are three main objectives
for implementing this improvement process:
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To analyze brain MRI and retinal images for early disease diagnosis.

2. Tovalidate the proposed McCann Retinex algorithm to handle low-varying contrast
and noise issues, as well as to observe the impact of the technique on postprocessing.

3. Thenoise factor always impacts the quality of image processing and machine learning

methods, and the main objective is to analyze the impact of noise on the retinal color

fundus images and brain MRL

A plethora of algorithms for brain tumor classification have been developed for this
purpose [26]. These algorithms and many other algorithms [27,28], however, have limita-
tions in that the appropriate abnormal region of the tumor is not classified due to the low-
varying contrast [22], and this challenging issue can be solved by implementing the image
enhancement technique as a preprocessing step for segmentation (postprocessing) for dis-
ease analysis.

In this research work, we deal with the image enhancement technique to analyze
the FAZ region and MR brain images, because most of the small vessels are dropped, it
is difficult to analyze the small vessels of the FAZ region; further, some of the brain MRIs
contain low contrast, and it is difficult to detect a very small brain tumor. This step is known
as preprocessing. We implement postprocessing to analyze the effect of the preprocessing
on retinal blood vessel extraction and brain tumor detection.

The paper is organized as follows. The related work is discussed in Section 2. The pro-
posed method is explained in detail in Section 3. The database information and measurement
parameters are explained in Section 4. Section 5 contains the results and discussion. Finally,
Section 6 provides the conclusion and future research directions.

2. Related Work

Various image enhancement methods have been implemented to improve image de-
tail, especially the quality of medical images such as retinal fundus images, MRI brain
images, and other types of medical images [5,29]. The more traditional image enhancement
methods such as histogram equalization [30] were used primarily for medical images,
and they worked very well and improved medical images with their excellent perfor-
mance. Histogram equalization is divided into two types, global histogram equalization
(GHE) and local histogram equalization (LHE). These techniques perform well on normal
medical images, but they do not perform well on abnormal cases of medical images due
to low-varying contrast, noise, and many abnormalities. There are many other contrast
enhancement methods such as fuzzy contrast enhancement methods and local contrast
normalization methods [31,32].

All these methods depend on the spatial filter, which provided the high frequency compo-
nents in the original images, which can lose the details of the images. These methods are mainly
based on the concepts of locally normalized pixels of medical images with zero mean and unit
variance to maintain varying and low contrast as well as improving the overall image contrast.
Due to the high frequency (high pass filters), these noise techniques resulted in enhanced
images. Contrast adjusted filters were introduced by researchers [33-35], but these filters are
not successful in medical images; these filters only work in small-sized images and take more
time to compute.

Later, wavelet transform was introduced for medical images for denoising, as well
as to improve contrast. The main parameters of wavelet transform are the selection of ap-
propriate wavelet transform parameters based on the properties of the image. A fast
discrete wavelet transform method was proposed by Mallat [36], and this method is used
for many applications. Algorithms [37,38] were proposed to improve mammographic
images based on wavelet transform, and Fu et al. [39,40] implemented the method to
improve mammographic images based on the equalization of a wavelet-based histogram.
Almost all wavelet transform methods are based on the concepts of multiscale analysis,
which decomposes the image into high and low frequency components of different res-
olutions. For proper enhancement, the details of the image enhancement with wavelet
coefficients are required using multiple values based on the adaptive gain, and an en-
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hanced image is obtained by reconstructing the image from the d wavelets. However, it is
difficult to obtain an optimal coefficient depending on the nature of the medical images.
There is a need for a technique that works on iterative methods to provide a well contrasted
image. After analyzing the limitations of all these enhancement methods, many researchers
have used histogram equalization (HE), contrast-limited adaptive histogram equalization
(CLAHE), and brightness preserving bi-histogram equalization (BBHE). These techniques
worked well on a few images, but they obtained over-enhanced images on many medical
images, which made it difficult to analyze the details of the images. We have selected these
traditional techniques as a comparative analysis for our proposed enhancement technique.

Qingtao et al. [41] proposed a retinex-based method for contrast enhancement of natu-
ral images. They used multiscale retinex to remove the impact of lighting on the image and
obtained a nicely detailed image, and they adjusted the lighting using a gamma correction
with a weighted distribution. Shouxin et al. [42] implemented a fast retinex-based algo-
rithm (RBFA) to achieve a low-illuminated image that could restore the low-illuminance
image (reflectance image). Their method was also based on the adaptive gamma correction
to obtain a detailed image, and they also used the natural images to obtain a better en-
hanced image. Xinxin et al. [43] addressed the problem of low-illumination retinex images
because dark regions were not properly enhanced, and these regions became overexposed.
They used a retinex-based method to enhance the illumination map by using a brightness
enhancement function (BEF) to estimate the illumination map by multiscale fusion. Their
method worked well on natural images with varying contrast. In our research, the retinex
method is used for medical images, and these are iterative methods. Medical images are
different from natural images, because they have many problems such as low-varying
contrast, center light reflex, and inconsistency of image details, as well as noise. The iter-
ative retinex is tested for medical images, and it provides a better enhanced image and
impacts segmentation performance, as explained in the results and discussion section.

In this work, we analyze an algorithm to solve the low-varying contrast problem. We
used publicly available medical image databases such as retinal image databases and MRI
brain image databases. We worked on the McCann Retinex algorithm, an iterative ma-
chine learning algorithm, to estimate the best-illuminated image or normalize the contrast.
The study is based on a detailed analysis of the McCann Retinex algorithm on MRI brain
images and retinal fundus images. The main contribution of this research is that it imple-
ments the iteration-based McCann Retinex algorithm to handle the challenge of uneven
illumination, low-varying contrast, and noise in MRI brain images and fundus retinal color
images. The other main contribution of this research work is the validation of the impact
of the image enhancement technique on the segmentation of retinal vessels and detection
of brain tumors. The McCann Retinex algorithm was modified based on the iterative pro-
cess, and the iterative process followed the ratio-product-reset-average operation. The most
complicated parameter in the retinex algorithm is the adjustment of the optimal iterations,
because each iteration impacts the details of the image. We analyzed the effect of each
iteration of the McCann Retinex algorithm on the retinal fundus images from the HRF
database and the Oasis brain MRI database. Section 3 contains the proposed method.

3. The Proposed Method

Figure 1 illustrates the proposed image contrast enhancement technique or prepro-
cessing steps for the brain MRI and retinal color fundus images. The technique is based
on the McCann Retinex algorithm and observes the low-varying contrast from iteration
1 to 20. The contrast in brain MRIs including the axial plane, sagittal plane, and coronal
plane is analyzed.
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Figure 1. Proposed Approach for Brain MRI and Retinal Fundus Images. (a) shows the proposed
approach for the brain MRI. (b) shows the proposed approach for the retinal fundus images.

The McCann Retinex algorithm improves the contrast in the specified region of a
brain MRI to diagnose different pathologies [18]. In retinal fundus images, we examined
the macula, a region within the FAZ. The FAZ is the dark zone without capillaries, and
its enlargement causes disease progression, with segmentation vessels in this zone being
the primary indicator of disease progression. The macula region was converted to red—
green—blue (RGB) channels, and the green channel of the RGB retinal image was chosen
because it provided better contrast than the red and blue channels. Next, we studied
the effect of the McCann Retinex algorithm iteration on MRI brain images and tested
iterations ranging from 1 to 20. The McCann Retinex algorithm is described in Section 3.1.

3.1. McCann Retinex Algorithm

The McCann Retinex algorithm is a contrast enhancement algorithm; however, it has
not been validated on medical images, because it is an iterative algorithm. Each iteration
changes the details of the medical image. McCann [19] improved the retinex random
walk algorithm by implementing the one-dimensional into a multilevel retinex algorithm.
Retinex and McCann proposed the retinex iterative algorithm based on a multiresolution
image pyramid. The multiresolution image pyramid is based on four operations called ratio-
product-reset-average operations. As represented in Figure 2, the iterative retinex algorithm
generates a multiresolution image pyramid from the input image and produces an average
output image by forming pyramid data layers based on the image. The mathematical
representation of the process is explained below.

McCann’s algorithm is based on image transformation operations from linear to loga-
rithmic form to streamline the process from multiplication to addition and from division
to subtraction. The whole retinex iterative algorithm is based on the ratio-product-reset
and average arithmetic operation. The main purpose of the ratio and product is to estimate
the initial reflectance of the image; then, the average operation updates the estimated
reflectance of the image. The main purpose of applying the arithmetic operation is to calcu-
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late the ratio between the I image and its shifted version updated with some shift distance,
as represented in Equation (1).

Reset[ (logMy,y —10gN'xs ys) +10gSxs ys| 4 10gSxy

logsS, , = 5

)

where (logMy,y —10gN'ysys) is the ratio, and [(logMyy — 10gN'xsys) 4 108Sxs,ys| shows
the product in the form of the log domain. The next step is the reset operation, which
updates the maximum intensity level with respect to the given iteration. The logS(x, y)* is
an average of logS’(x,y) and logS(x, y)* as the updated output obtained at each iteration,
used as input for the next iteration, until the final reflectance at the last iteration obtains
the final output image.

\
\

Level 3: 8 X 8

Figure 2. The Multiresolution Image Pyramid Process.

The retinex algorithm calculates brightness and its impact on the image, which com-
pares pixels values to correct pixels in the image. The pixel comparison of a multiresolution
image begins with three operations (ratio-product-reset). The average process is performed
from the top level of the pyramid to the final iteration to produce the final output image.
As a result of the calculation, the pixels illuminate the image value at a lower resolution
(upper level of the image pyramid). The resulting brightness values are propagated down-
ward by pixel replication of the next level of the image pyramid as long as the initial
level of brightness is encountered. The retinex process for image pixels based on the mul-
tiresolution image pyramid relies on iteration computation. The long distance between
variation pixels in each iteration is the calculation process of the iteration, and each iteration
has variation at the initial phase; then, it moves a short distance between each pixel per
iteration. Pixel spacing is calculated at each step of the modified retinex algorithm, and
it gradually decreases by one pixel offset per distance. The operation of the pixel process
is based on clockwise steps, and at each step the pixels are compared to the estimated
reflectance of the image based on their operations [21], which are calculated iteratively. These
changes are observed several times during the iteration process of the retinex algorithm, and
it is one of the main parameters used to estimate the effect of the modified retinex algorithm
on the image details [22]. The impact of the retinex algorithm analysis on the contrast and noise
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reduction of MRI brain images and retinal fundus also played an important role in improving
the segmentation process, as analyzed in Section 5.

4. Databases and Evaluation Parameters
4.1. Database

The High-Resolution Fundus (HRF) Image Database [25] of retinal fundus images and
the Oasis brain MRI database [44] of brain MRI were used for validation of the experimental
results for the preprocessing steps or proposed image enhancement techniques.There were
18 image pairs of high and low quality images from the HRF database.The Oasis database
contained three sets of 38 patients, and each set of patient images contained three planes,
comprising a group of 38 images in the axial plane, 38 images in the coronal plane, and
38 images in the sagittal plane. As postprocessing steps and to obtain retinal vessels, we
used the Digital Retinal Images for Vessel Extraction (DRIVE) [2] and Structured Analysis
of the Retina (STARE) [29] databases for algorithm validations. The DRIVE database
contained 40 images, while the STARE database contained 20 images. The main advantage
of using these databases is that they have ground truth images for validations, as many
researchers have used these databases. These databases allowed us to compare our retinal
segmentation methods with existing methods. For the brain MRI, we used the same Oasis
database to analyze the postprocessing steps. The output of the postprocessing steps
showed the impact of the preprocessing steps on it, and we explain the impact of the
preprocessing steps on the postprocessing in Section 5.

4.2. Evaluation Parameters

Two parameters were used to analyze the improvement of the McCann Retinex al-
gorithm: peak signal-to-noise ratio (PSNR) and contrast. For the segmentation process,
sensitivity, specificity, accuracy, and area under the curve (AUC) were used. These parame-
ters are discussed in more detail below.

4.2.1. Peak Signal-to-Noise Ratio (PSNR)

The peak signal-to-noise ratio (PSNR) is a signal value or image-level ratio of the signal
or noisy image [23]. Equation (2) demonstrates this scientifically:

PSNR = 2010g10§. @)

In Equation (2), the ¢ is the variance in the intensities of the image, and R is the max-
imum value of the image. It can be between 0 and 255, which is the peak of intensity
of a digital image. We analyzed the improvement in PSNR named “PSNR improvement”.
The PSNR improvement is the analysis of the difference in the PSNR between the original
PSNR image and the PSNR of the output image at each iteration.

4.2.2. Contrast Determination

There are many methods for calculating the contrast in images, and the measurement
of contrast is a critical parameter in the analysis of biomedical images [29]. The abso-
lute mean intensity difference between the white foreground and the black background
of the image is used to calculate the contrast in retinal fundus images and MR brain images.
Figure 3 shows the contrast determination of the retinal fundus images and the brain MRI.
The left hand image in Figure 3 shows the contrast between the blood vessel and its back-
ground on the retinal fundus image. The right hand image in Figure 3 shows the contrast
between the white foreground and the black background on the brain MRI.

In Figure 3, the blue dots represent the blood vessel pixel value from the retinal fundus
images, and the red represent the background pixel values. The blue dots in Figure 3 represent
the pixel value in the foreground white planes of the brain MRI, and the red dots in Figure 3
represent the black plane of the brain MRI. The mathematical representation of the contrast is
shown in Equation (3).
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The contrast of the brain MRI is measured between the foreground (colored white,
and it is also called foreground white) and the background (colored black, and it is also
called background black). The retinal image contrast is measured between the retinal blood
vessels (in the foreground) against the background of the retinal vessels. The contrast
in the two images (retinal and brain) is represented by Cg, 1, The intensities of the retinal
blood vessels or the white foreground of the MR brain image and the intensities of the
background against the blood vessels or intensities of the black background of MR brain
images are represented as I,; and I,y;, respectively. The variable n indicates the number
of pixels, where n = 200. The pixel locations for measuring the contrast were chosen
at random.

Figure 3. Contrast Determination of Retinal Fundus Images and MRI Brain Images. The left hand
image shows the retinal fundus image contrast calculation, and the right hand image represents
the MR brain image contrast calculation.

4.2.3. Segmentation Measuring Parameters

The McCann Retinex algorithm validation is based on the retinal blood vessel segmen-
tation and the abnormal region segmentation of the brain MRI. We used retinal imaging
databases and brain image databases, and our main objective was to test the extraction ca-
pacity of the retinal vessels and the brain tumor region detection. We used four parameters,
namely sensitivity, specificity, accuracy, and area under curve (AUC). These parameters are
represented mathematically below.

e TP
Sensitivity(Sen) = TP EN 4)
. TN
Specificity(Sp) = N £ FP" )
TP + TN
Aceuracy(AC) = 5T 1IN ©)
AUC — Sensitivity + Spec1f1c1ty' @

2

where TP, TN, FP, and FN represent True Positive (TP) pixels, True Negative (TN) pixels,
False Positive (FP) pixels, and False Negative (FN) pixels, respectively. True Positive Pixels,
True Negative Pixels, False Positive Pixels, and False Negative Pixels are validated measure-
ments used to verify the quality of a segmented image. They are used in the scenario where
we want to compare the segment image with the ground truth image, taking the ground
truth image as the basis for comparison. The foreground is “white or vessels or MR brain
image tumor region” pixels, and the background is “black or non-vessels or MR brain
image normal region” pixels in the ground truth. TP stands for correctly segmented pix-
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els in the foreground, FP stands for falsely detected pixels in the foreground, TN stands
for correctly segmented pixels in the background, and FN stands for falsely detected pixels
in the background.

5. Results and Discussion
5.1. Analysis of the Enhancement Technique

This section includes PSNR and contrast analysis from the High-Resolution Fundus
Images (HRF) Retinal Image Database [25,45] and the Oasis Database of brain MRI [44].
The HRF image database contains 36 images of two pairs (18 images of low quality images
and 18 images of high quality). The Oasis brain MRI database contained three groups of
38 patients, each with its own set of 38 images: 38 axial plane images, 38 coronal plane
images, and 38 sagittal plane images.

5.1.1. Analysis of Retinal Fundus Images

The McCann Retinex algorithm was used to normalize the contrast of the retinal
fundus images and brain MRI. The effect of each iteration was observed, and the evaluation
was based on the measurements of the PSNR and contrast. Figure 4 illustrates the effect
of the iterative process of the McCann Retinex. On the left side (Figure 4a), the low quality
image is observed. On the right (Figure 4b) is a high quality image from the HRF retinal
image database. Figure 5 shows the output of the low (Figure 5a) and high quality images
(Figure 5b) from the HRF retinal image database at each iteration from 1 to 20.

(a) (b)

Figure 4. (a) Low Quality Green Band Image from the HRF Retinal Image Database. (b) High Quality
Green Band Image from the HRF Retinal Image Database.

Figure 4a shows a low quality retinal image from the HRF database that suffered
from nonuniform contrast that affected the visualization of blood vessel detail. The iterative
McCann Retinex algorithm was used, and each iteration affected the image quality and
obtained more details of the image. After each iteration, the PSNR and PSNR improvement
and contrast were measured. The low quality green band image from the HRF database
had a PSNR of 37.22 dB, and it improved up to 3 dB from iteration 1 to 20 (Figure 6a,b);
similarly, the contrast increased from 20.9 at iteration 1 to 34.12 at iteration 20 (Figure 6c.
The high quality green band image from the HRF database had a PSNR of 39.12 dB, and it
improved up to 3.74 dB from iteration 1 to 20 (Figure 6d,e); similarly, the contrast increased
from 40.1 at iteration 1 to 51.1 at iteration 20 (Figure 6f). This improvement on high quality
HRF images allows better observation of the retinal vessels and retinal abnormalities and
also impacts the performance of the segmentation process.
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Figure 5. (a) Output of McCann Retinex Algorithm of each Iteration from 1 to 20 on Low Quality Images.
(b) Output of McCann Retinex Algorithm of each Iteration from 1 to 20 on High Quality Images.
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Figure 6. Performance Analysis of Low and High Quality Images from the HRF Image Database
from Iteration 1 to 20. (a) PSNR of low quality retinal images. (b) PSNR improvement of low quality
retinal images. (c) Contrast of low quality retinal images. (d) PSNR of high quality retinal images. (e)
PSNR improvement of low quality retinal images. (f) Contrast of low quality retinal images.

5.1.2. Analysis of MR Brain Images

The results showed a similar impact of the McCann Retinex algorithm on the brain
MRI; the output of the axial plane images, coronal plane images, and sagittal plane images
at each iteration from 1 to 20 are shown in Figure 7.

The contrast and PSNR at each iteration increased in all three sets of the oasis brain
image database as shown in Figure 8. The PSNR in the axial plane images increased
from 22.53 dB at iteration 1 to 24.16 dB at iteration 20 (Figure 8a), with an improvement
in the PSNR of approximately 1.19 dB at iteration 1 to 2.82 dB at iteration 20 (see Figure 8b),
along with an increase in the contrast from 59.81 at iteration 1 to 77.19 at iteration 20
(Figure 8c). The PSNR in the coronal plane images increased from 23.21 dB at iteration 1
to 24.3 dB at iteration 20 (Figure 8d), with an improvement in the PSNR of approximately
2.27 dB at iteration 1 to 3.36 dB at iteration 20 (Figure 8e), along with an increase in contrast
from 54.04 at iteration 1 to 69.43 at iteration 20 (Figure 8f). The PSNR in the sagittal plane
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images increased from 24.03 dB at iteration 1 to 24.89 dB at iteration 20 (Figure 8g), with
an improvement in the PSNR of approximately 1.98 dB at iteration 1 to 2.84 dB at iteration
20 (Figure 8h), along with an increase in contrast from 30.06 at iteration 1 to 46.01 at iteration
20 (Figure 8i).

A)ual Image Plane

Output Image on Each Iteratlons o Output Image on Each Iferations Output Image on Each Iterations

Figure 7. Output of Oasis Database Images from Iteration 1 to 20.
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Figure 8. Performance Analysis of the Oasis Brain MRI Database from Iteration 1 to 20. (a) PSNR
of axial plane images. (b) PSNR Improvement of axial view images. (c) Contrast of axial plane images.
(d) PSNR of coronal plane images. (e) PSNR Improvement of coronal plane images. (f) Contrast
of coronal plane images. (g) PSNR of sagittal plane images. (h) PSNR Improvement of sagittal plane
images. (i) Contrast of sagittal plane images.
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5.2. Overall Analysis of McCann Retinex Algorithm

Figure 9 illustrates the overall performance of the McCann Retinex algorithm at iter-
ation 20 on the HRF and Oasis brain MRI databases. Regarding the PSNR and contrast
enhancement, the McCann Retinex algorithm obtained good contrast and PSNR enhance-
ment on both databases. Figure 9a shows that the average PSNR on the axial plane images
was 23.46 dB with an average contrast of 69.79, the average PSNR on the coronal plane
images was 23.73 dB with an average contrast of 63.39, and the average PSNR on the sagittal
plane images was 24.55 dB with an average contrast of 41.02. Figure 9b shows that the aver-
age PSNR on low quality images from the HRF database was 39.58 dB, with an average
contrast of 26.46, and the average PSNR on high quality images from the HRF database was
of 41.69 dB, with an average contrast of 44.61. The McCann Retinex algorithm performed
much better on the Oasis brain MRI database than on the HRF images database. The
contrast enhancement played an important role in improving the performance of the seg-
mentation process, and the validation is described Section 5.4.

Average PSNR (dB) A PSNR (dB
69.79 e ot 44.60
Average Contrast Average Contrast 26.45
= 61.39 = .39.58
k) T
<
s 2
n [
a a
2 41.01 | 2 41.69
©
g g
s 4
€ €
8| 23.42 23.73 24.54 g
g ]
@ &
E £
Axial view images coronal view images  sagittal view images Bad Quality Images Good Quality Images

(a) (b)

Figure 9. Overall Performance Analysis. (a) Overall performance analysis of Oasis image database.
(b) Overall performance analysis of HRF retinal image database.

5.3. Comparative Analysis of Image Enhancement with Existing Image Enhancement Techniques

We performed a comparative analysis of the proposed image enhancement method
against existing techniques. We compared the performance of our proposed method with
histogram equalization (HE), contrast-limited adaptive histogram equalization (CLAHE),
and brightness preserving bi-histogram equalization (BBHE). The proposed method yielded
more enhanced images with outstanding PSNR performance and contrast enhancement.
Table 1 shows the comparative analysis of our proposed method against the techniques
of HE, CLAHE, and BBHE. As shown in Table 1, the proposed method obtained an im-
proved PSNR and contrast in the HRF and Oasis brain MRI databases. The PSNR improved
around 3dB in the images of both databases, the contrast improved from 6 to 25 in the HRF
database, and it improved from 13 to 27 in the brain image database. This shows the ca-
pability of the technique for the analysis of medical images such as retinal fundus images
from the HRF database and the Oasis brain MRI for brain abnormalities.
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Table 1. Performance of the Proposed Method on the Databases Based on Category.

CLAHE BBHE Proposed Method

Database:
Images

Types

PSNR

Contrast PSNR Contrast PSNR Contrast PSNR Contrast

HRF
Database:
Low
Quality
Images

30.12

18.17 32.76 21.34 29.89 17.83 39.58 26.46

HRF
Database:
High
Quality
Images

32.83

21.56 34.12 24.56 31.07 20.98 41.69 44.61

Qasis
Database:
Coronal
Plane
Images

19.12

39.30 21.22 40.98 20.01 38.12 23.73 63.39

Qasis
Database:
Sagittal
Plane
Images

20.34

27.21 20.97 29.01 19.94 28.98 24.55 41.02

Qasis
Database:
Axial Plane
Images

18.95

41.01 22.01 4297 21.05 42.02 23.46 69.79

5.4. Impact of the Proposed Enhancement Method on the Segmentation Process

Figure 10 depicts the validation of the McCann Retinex algorithm in the context
of retinal blood vessel segmentation and brain tumor region segmentation. We used
the DRIVE [46] and STARE [34] databases for retinal blood vessel segmentation and the
Oasis brain MRI database for brain tumor segmentation.

Green Channel McCann Retinex Post-Processing Vessel
i . Segmented
Retinal Image Algorithm Steps
Image
MR Brain Image McCann Retinex Post-Processing Brain Tumor
’ Algorithm Steps Segment Region

Figure 10. Impact of the Proposed Enhancement Method on the Segmentation Process: Application
of Retinal Blood Vessels and Brain Tumor Segmentation.

We obtained segmented vessels and a segmented tumor region using our proposed
postprocessing steps [16]. The measurement parameter section defined the sensitivity,
specificity, accuracy, and AUC used to evaluate the performance. We obtained a sensitivity
of 0.801 and 0.782, a specificity of 0.953 and 0.951, an accuracy of 0.953 and 0.0949, and
an AUC of 0.841 and 0.836 on the DRIVE and STARE databases’ segmented images of retinal
vessels, as shown in Figure 11.
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Figure 11. Impact of the Proposed Enhancement Method on the Segmentation of Retinal Blood
Vessels. The first column represents the color retinal fundus images, the second column represents
the ground truth images, and the third column represents the segmented tumor image.

We achieved a sensitivity of 0.83, a specificity of 0.95, and an accuracy of 0.97 on the Oa-
sis database of the brain MRI and the segmented brain tumor region; as shown in Figure 12,
the tumor was detected. This performance demonstrates the capability of the enhancement
techniques. They can be used in many medical imaging applications to diagnose eye
diseases and allow early image details.

Figure 12. Impact of the Proposed Enhancement Method on Brain Tumor Segmentation. The first

column represents the MR brain image, the second column represents the ground truth image, and
the third column represents the segmented tumor image.

The computation time was based on the size of the database, because some databases
contain large images, particularly in medical imaging. Some images are large in size and
require significant processing time. In our proposed algorithm, the image enhancement
technique on the HRF image database took 6.15 s, and on MR brain images, it took 4.23 s.
With the postprocessing module, it took 7.91 s on the HRF database and 5.65 s on the MRI
brain images.

6. Conclusions

This research work provides a solution to the problems of using medical images such
as retinal fundus color images and brain MRI for disease diagnosis. These images suffer
from noise and low-varying contrast that impact the segmentation process for retinal blood
vessel and brain tumor extraction. The first step required implementing the preprocessing
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or image enhancement step. Many traditional techniques have been used to resolve noise and
the low-varying contrast problem; however, there remained a requirement for a novel method
based on the nature of the image. In this work, the McCann Retinex algorithm was used to solve
the low-varying contrast of these two types of images. The iterative McCann Retinex algorithm
was used as an improvement technique to speed up the postprocessing steps.

In this research work, the impact of the iterative McCann Retinex algorithm was
analyzed on the FAZ of retinal fundus images and MRI brain images. The optimal iteration
was chosen according to the improvement in the PSNR and the contrast of the image.
There were 20 iterations to analyze the performance on the HRF retinal image database
and the Oasis brain MRI database. The main contribution of this research was the analysis
of the low-varying-contrast enhancement on the two databases. It is observed that the brain
MRI exhibited higher contrast and less noise, whereas the retinal fundus images exhibited
noise issues as well as varying to low contrast; however, our challenge was to implement
the algorithm for both databases for disease diagnosis.

The proposed method improved the noise reduction and contrast in both databases,
and it resulted in better image quality. This improvement provides another motivation
to reduce the invasive method of FFA, because temporary injection-based FFAs improve
contrast but impact patient health. However, this proposed method overcomes the problem
of low-varying contrast, is safer, and facilitates the postprocessing steps to obtain a well-
segmented image. This study used the High-Resolution Fundus (HRF) and Oasis databases.
With our technique, the average PSNR enhancement on the Oasis database images was
about 3 dB with an average contrast of 57.4. The average PSNR enhancement over the HRF
database images was approximately 2.5 dB with a contrast average of 40 over the database.
Such enhancement of contrast and noise level may be a better option for imaging well-
segmented retinal blood vessels and accurate detection of brain tumors, as validated with
comparable performance against existing methods.

The proposed method was also validated in the postprocessing steps to observe its
impact. The well-segmented image was obtained with an accuracy of 0.953 and 0.0949
on the DRIVE and STARE databases. The brain MRI was of good quality; however, due
to the poor position of the patient, the image suffered from a lack of contrast between
the white and gray matter of the MRI cerebral images, and it would be expensive to redo
an MRI. The brain tumor was detected from the Oasis brain MRI database with an accuracy
of 0.97. Preprocessing techniques are needed to overcome this problem and establish
an accurate diagnosis of a brain tumor. Our image enhancement technique, along with the
postprocessing steps, successfully segmented an accurate brain tumor. There is still room
for improvement in this work, as this image enhancement technique can apply to other
medical images such as breast cancer databases and ultrasound databases. We can use
this image enhancement technique with some adjustment to process the grayscale image
of the signal and obtain well-segmented images.
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