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Abstract. Diabetic retinopathy is an eye disease generated by long-standing dia-
betes, and it is one of the main causes of vision loss if not diagnosed and treated
properly. Diabetic retinopathy consists of several types of lesions found in the
retina of diabetic individuals. One of the important lesions of diabetic retinopathy
is microaneurysms, which are small red dots that appear due to the local weak-
ness of the capillary walls. This paper presents a novel automatic microaneurysms
detection method, in retinal images by employing fuzzy image processing and
deep learning. Firstly, the paper explores the existing systems of diabetic retinopa-
thy screening, with a focus on the microaneurysms detection methods and deep
learning classification. The proposed system consists of two parts, namely: image
preprocessing with a combination of fuzzy image processing techniques, and also
the microaneurysms classification using deep neural networks. This paper inves-
tigates the capability of a combination of different fuzzy image preprocessing
techniques for the detection of microaneurysms in eye fundus images. In addi-
tion to the proposed microaneurysms detection system, the paper also highlights
a novel dataset for the microaneurysms detection that includes the ground truth
data. The purpose of the proposed automated microaneurysm detection with dig-
ital analysis of eye fundus images is to substitute current practice that is based on
manual diagnosis and visual inspection, and eventually to contribute to producing
a more reliable diabetic retinopathy screening system.

Keywords: Diabetic Retinopathy - Microaneurysms - Fuzzy image processing -
Deep learning - Colour fundus images - Eye screening

1 Introduction

Diabetic Retinopathy (DR) is one of the major complications of diabetes mellitus, which
causes blindness. In the early phases of the disease, diabetic retinopathy is asymptomatic,
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where diabetic patients are unaware of their diabetes condition and the retinopathy
changes. Therefore, screening is necessary for an early detection of DR and to identify
the group at risk of losing vision.

Diabetes mellitus is a growing problem, with high numbers of diabetics reported each
year all over the world. A user/patient friendly and cost effective screening tool is required
to take care of such large number of individuals at risk, without compromising the care
standard. Early detection through the screening and effective risk management would
help avoid complications of diabetes and eventually reduce the mortality. According
to Mathers and Loncar [1], in the year of 2014, the number of diabetic people was
422 million. World Health Organization (WHO) reveals that diabetes is one of the major
causes of blindness, in addition to heart attack, kidney failure, stroke and also lower limb
amputation [2]. In addition, it is claimed in [2] that, recently, approximately 1.3 billion
people live with vision impairment worldwide. Furthermore, people over 50 years form
the majority with vision impairment and it is considered that 80% of all vision impairment
cases are preventable [2]. Diabetic retinopathy is one of the leading reasons of vision
impairment [2], besides glaucoma, cataract, uncorrected refractive errors, age-related
macular degeneration, corneal opacity and trachoma.

Screening of diabetic retinopathy is one of the primary and important ways for
preventing loss of vision. Cunha-Vaz [3] reports that there is an urgent need to create
software with automatic methods to detect retinopathy, mainly by digital analysis of
the retinal photographs. Therefore, the proposed image processing based system aims
to be able to detect the presence of early stage diabetic retinopathy signs, which is
microaneurysms, and direct those patients for further management, i.e., follow-up and
appropriate treatment.

This paper focuses on the microaneurysms detection, one of the earliest and important
features of diabetic retinopathy. Microaneurysms are small dots found on the retina,
resulted from the ballooning out process of a weak capillary wall. Microaneurysms
initially appear as small red dots, which may later become yellowish due to the related
leakage, and which finally occlude [3]. According to Taylor and Batey [4], in a small
number of cases, microaneurysms which are found outside the macular region should not
disturb the sight of the patient, and they are detectable only via photography. However,
the microaneurysms detection at an initial phase is vital, and it is the first step towards
the diabetic retinopathy prevention. Figure 1 shows the fundus photograph image of a
diabetic retinopathy eye showing microaneurysms signs.

The detection of microaneurysms is considered a challenging task. According to the
medical expert from the Department of Ophthalmology, Melaka Hospital, Malaysia, the
counting of microaneurysms is very difficult because of the following issues: (a) In the
case microaneurysms are present, there will be many of them indeed and this will produce
an inaccurate counting. The counting process becomes even more complicated in the
case of overlapping microaneurysms (b) Microaneurysms could be simply confused with
blot haemorrhages, as they have almost the same size. Therefore, this chapter proposes a
novel development of a microaneurysms detection system, by introducing fuzzy image
processing approaches to overcome those challenges. The developed methodology uses
a novel dataset collected from the Melaka Hospital, Malaysia.
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This chapter is structured as follows. Section 2 presents some previous related
research work on automatic methods for diabetic retinopathy detection, focusing on
detection methods for microaneurysms. The section is divided into two sub-sections for
better understanding, comprising the developed microaneurysms detection system and
deep learning methods. Meanwhile, Sect. 3 defines in detail the newly developed dataset,
which highlights the microaneurysms ground truth. Section 4 explains the proposed sys-
tem for the detection of microaneurysms in eye fundus images by implementing fuzzy
image processing techniques and deep learning. Finally, Sect. 5 concludes the proposed
work and presents some future work.

2 Related Work

There are several previously developed systems reported in the literature that aimed
for automatic diabetic retinopathy detection and diagnosis. Some are general detec-
tion systems for diabetic retinopathy, which classify the fundus image into two general
detection classes, i.e., retinopathy absence and retinopathy presence [28—35]. Moreover,
some other systems focus on the diabetic retinopathy features’ detection, namely microa-
neurysms, haemorrhages, exudates and others [6-22, 36—43]. The automatic localisation
of microaneurysms is still considered as a very challenging task, and, thus, further study
is required in order to find appropriate methods for this purpose.

2.1 Microaneurysms Detection

Automatic detection methods aim to highlight the issues of manual screening, such as
time consuming, low sensitivity, high cost and, most importantly, low human detection
ability. Several systems for the detection of microaneurysms have been reported in the
literature [6—22], where various techniques and methods were proposed, which aim to
create a reliable system. However, the reported microaneurysms detection systems have
not implemented fuzzy processing during the preprocessing stage and deep learning for
the classification.

Fig. 1. Microaneurysm representation [5]
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In our earlier work, a basic system for general diabetic retinopathy detection has
been proposed by implementing a combination of non-fuzzy techniques [23]. In addi-
tion, several individual systems for the automatic detection of microaneurysms in colour
eye fundus images have also been reported in [24]. The first system proposed the auto-
matic localisation of microaneurysms in colour eye fundus images using segmentation
of blood vessels and extraction of some related features. The second system highlights
an image processing techniques combination and circular Hough transform, while the
third system performed the microaneurysms detection by implementing fuzzy image
processing. The third developed system proposed the use of a method called circular
Hough transform for the microaneurysms localisation, due to the ability of this method
in detecting circular shapes. The third system which consists of two subsystems, where
the first subsystem proposed image processing techniques combination and also circular
Hough transform method, while the second system variant presented fuzzy image pro-
cessing techniques for the detection of microaneurysms. Both systems were compared
to investigate the ability of implemented fuzzy image processing techniques. From the
obtained results, it was summarised that the fuzzy preprocessing techniques implemen-
tation enable improved contrast enhancement for eye fundus images, and it greatly sup-
ports in the detection of the microaneurysms. The development of the microaneurysms
detection system was enhanced in the fourth developed system, based on the promising
results of the fuzzy histogram equalisation technique implementation to detect microa-
neurysms in the third developed system. The implementation of fuzzy filtering and also
fuzzy edge detection, individually, besides the fuzzy histogram equalisation for the auto-
matic localisation of microaneurysms was proposed in [25]. The reported analysis shows
that the fuzzy pre-processing techniques implementation enhanced the contrast as well
as other improvements, like better segmentation and brightness for fundus images. It
also indicates that the use of fuzzy image processing techniques plays a significant part
in generating a better image quality and performance.

The capability of a combination of different fuzzy image processing techniques has
been investigated later, for the detection of diabetic retinopathy and maculopathy in eye
fundus images, in [26]. This time, the proposed system implements fuzzy techniques in
the image pre-processing part, by using fuzzy filtering, followed by the fuzzy histogram
equalisation and fuzzy edge detection. Firstly, the system classified images into two
classes (DR present or not). Then, a more detailed classification was done by classifying
into ten classes of retinopathy, which provides more details about the disease stage.
In addition to the proposed system, we also proposed a new dataset, which contains
600 colour eye fundus images [27]. We enhanced the combination of different fuzzy
image processing techniques capability for the diabetic retinopathy and maculopathy
detection with the retinal structures segmentation in [27]. This paper presented a novel
combination of diabetic retinopathy detection as well as maculopathy detection in eye
fundus images by implementing fuzzy image processing. The maculopathy detection is
vital, since maculopathy will eventually cause vision loss if the affected macula is not
timely treated. The results showed that employing fuzzy image processing in addition
to the extraction of retinal structures can help create a more reliable diabetic retinopathy
screening system. Hence, the proposed system in this chapter continues our previous
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work and implements a fuzzy techniques combination for the image pre-processing part
for the detection of microaneurysms.

2.2 Microaneurysms Detection

Deep learning is a popular area of machine learning, where a model learns to perform
classification tasks directly from images, texts or sound. A traditional machine learning
classification workflow starts with manually extracting relevant features from the input
data and uses them for classification. On the other hand deep learning automatically
extracts the necessary features from the input data, which eliminates the need for fea-
ture engineering. Deep neural networks utilise multiple nonlinear processing layers to
learn a nested hierarchy of representations. However, deep learning models require large
amounts of training data that is usually costly to acquire, especially in the medical field.

The most popular deep learning approach to image classification is deep convolu-
tional neural networks (DCNNs). The DCNN architecture is well suited to process two-
dimensional data, such as images, as it utilizes the convolution operation. Recently deep
learning has been gaining a lot of attention, where the recent advances in deep learning
help meet user expectations, which is crucial for some applications. Deep learning have
been used extensively in many application areas, such as automated driving, aerospace
and defense, industrial automation, text processing, and others. For example, in medical
research, deep learning has been used to automatically detect cancer cells [46, 47] and
in other medical image processing tasks.

Deep learning has been previously implemented in the screening of diabetic retinopa-
thy [28—43]. Automated diabetic retinopathy detection in eye fundus images employing
deep learning have been proposed in [28—35]. These research works demonstrated and
implemented different methods and structures, neural networks architectures, used dif-
ferent datasets, training and testing methods and grading, with various results and perfor-
mances. In addition, some researchers proposed some image pre-processing techniques
aiming to improve the quality of image and also the recognition of subtle features and,
eventually, targeting to increase the classification accuracy. Among the pre-processing
techniques proposed were resizing, normalisation, denoising, scaling, center, cropping,
extraction of green channel and contrast enhancement, such as histogram equalisation
and contrast limited adaptive histogram equalisation (CLAHE).

The research works demonstrated in [36—43] focus on a more specific detection
of diabetic retinopathy signs, which is the detection of microneurysms. These research
works presented the microaneurysms detection through the integration of a deep learning
classification framework. Chudzik et al. [36] proposed a patch-based CNN for microa-
neurysms detection, with a network fine-tuning scheme called Interleaved Freezing.
During the preprocessing phase, the green plane of the images are extracted followed
by the application of the Otsu thresholding. Lam et al. [37] developed an automated
method of localising microaneurysms and exudates with a limited number of training
data, using five CNN models, i.e., AlexNet, VGG16, GoogleNet, ResNet and Inception-
v3. The original images were cropped, normalised and classified using patch-based
sliding-window approach.

Meanwhile, Hatanaka et al. [38] proposed the combination of three types of detec-
tors, i.e., the double-ring filter, shape index based on the Hessian matrix and Gabor filter
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to conduct automated microaneurysms detection using deep CNNs. Dai et al. [39] devel-
oped an interleaved deep mining technique to cope with the unbalanced microaneurysms
detection. Harangi et al. [40] proposed a deep learning-based approach for the detection
of microaneurysms, with fusion of different individual deep CNN architectures. Shan
and Li [41] implemented a Stacked Sparse Autoencoder (SSAE), as the automatic fea-
ture extractor, to learn from the image patches, and later fed into a Softmax Classifier
(SMC) to categorize a patch into two classes, which are microaneurysms present or
microaneurysms not present. In addition, microaneurysms detection in colour fundus
images using a deep neural network with a dropout training procedure, using maxout
activation function without preprocessing techniques or feature extraction, is presented
by Haloi [42]. Tan and colleagues [43] proposed a 10-layer CNN to automatically seg-
ment and discriminate the diabetic retinopathy signs, such as exudates, haemorrhages
and microaneurysms. The colour input image is normalised, and resulting areas that
receive no light or little light will appear grey. Although the study shows that it is possi-
ble to get a single CNN to segment these diabetic retinopathy features on a wide range
of fundus images with reasonable accuracy, however, the results show lower sensitivity
for microaneurysms compared to the other two signs. This shows that the detection of
microaneurysms is more difficult than the detection of other diabetic retinopathy signs.

It can be concluded that various approaches and different deep learning classifiers
have been introduced to detect the microaneurysms. However, further study is required to
find suitable techniques for the detection of microaneurysms, as the automated microa-
neurysms detection is still considered as a very challenging task. It can be concluded
that within these previously reported diabetic retinopathy and microaneurysms detection
systems using deep learning classification, fuzzy processing has not been implemented
during the pre-processing stage. Therefore, the main impact of this chapter is proposing a
combination of fuzzy image pre-processing techniques in detecting the microaneurysms
with a deep learning classifier. The proposed developed approaches are evaluated with
a new data set, and it offers an understanding into the appropriateness for utilisation in
an automatic screening system for diabetic retinopathy.

3 Experimental Dataset

The newly developed dataset consists of a total of 600 colour fundus images from
a 300 patient’s folder collected from the Eye Clinic, Department of Ophthalmology,
Melaka Hospital, Malaysia. The original images, which are sized 3872 x 2592 pixels
stored in JPEG format, provide high-quality details. The information of the developed
dataset are presented in [26], in Sect. 3-“Proposed System” and in [27], in Sect. 3-
“Experimental Datasets”. Initially, the 600 colour fundus images were classified by
three experts from the Department of Ophthalmology, Melaka Hospital, Malaysia into
ten retinopathy stages: No Diabetic Retinopathy (DR), Mild DR without maculopathy,
Mild DR with maculopathy, Moderate DR without maculopathy, Moderate DR with mac-
ulopathy, Severe DR without maculopathy, Severe DR with maculopathy, Proliferative
DR without maculopathy, Proliferative DR with maculopathy and Advanced Diabetic
Eye Disease.

However, the mentioned dataset in [27] is focusing on the ten retinopathy clas-
sification of diabetic retinopathy and maculopathy detection. By using the same 600
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No (microaneurysms absence)

Yes-Low (microaneurysms presence)

Yes- Moderate / Medium (microaneurysms presence)

Fig. 2. Example of images in the dataset
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images, the manual diagnosis was extended and it focused on the diagnosis of microa-
neurysms by the Consultant Ophthalmologists, Department of Ophthalmologist, Melaka
Hospital, Malaysia. This is another contribution, as this research provides another novel
dataset that focuses on the important sign of diabetic retinopathy, microaneurysms. The
images have been classified into four stages: “No” microaneurysms detected, “Yes-
mild” microaneurysms detected, ‘““Yes-moderate/medium” and “Yes-severe”” number of
microaneurysms detected. Some examples of the images from the newly developed
microaneurysms data set are shown in Fig. 2.

For the manual grading process, an excel file comprising the link to each eye fundus
image and the microaneurysms classes, as presented in Fig. 3, was provided. As presented
in Fig. 3, the microaneurysms presence first concerns two main classifications, i.e., “No”
for microaneurysms not detected, and “Yes” for microaneurysms detected. There are
another three sub-choices for the “Yes” choice, which are “Low”, “Moderate/Medium”
and Severe”, according to an approximate number of microaneurysms estimated by the
expert. The choice of these three cases is dependent on the threshold values for each
class, which have been fixed in advance. If there are just a few microaneurysms detected,
i.e., between one to ten, then the image is classified as “Low”. If more microaneurysms
are detected, i.e., between 11 to 20, it is classified as “Moderate/Medium”. Finally if
there are even more, i.e., more than 20, then the classification will be “Severe”.

Microaneurysms Detection Expert Diagnosis

Note: Please click the image (Column B and D) cell to view the image and Expert Diagnosis (Column C and E) cell for drop-down list. Kindly press SAVE button after enter the informations.

Patient_ID Expert Diagnosis
Right Eye LeftEye
Microaneurysms Presence
patientoo1 image001 R M ~lage001 L m Threshold value:
No
image001 R OD |18 howr - medium age001 L oD YES - Low = No. of MA is 1-10
YES - Moderate/Medium = No. of MA is 11-20

patiento02 image002 R M image002 L M YES - Severe = No. of MA is more than 20

image002 R OD image002 L oD
Patient003 image003 R M image003 L M

image003 R OD image003 L oD
Patient0os image004 R M image00a L M

image00a R OD image00a L oD
patientoos image00s R M image00s L M

Fig. 3. Ground truth file

The findings of the microaneurysms expert diagnosis are presented in Fig. 4. As a
result of the expert grading, the total number of images in each class was as follows:
not detected (“No”) class with 379 images, while the detected (“Yes”) can be divided
into three categories: low (104), moderate/medium (62) and, finally, severe (49). There
were six images unclassified and excluded from the expert manual diagnosis, due to the
poor quality, and it resulted in a total of 594, instead of 600 images. Microaneurysms



Patient028

Patient029

Patient030

Patient031

Patient032

Patient033

Patient034

Patient035

Patient036

image028 R M YES-Low

image028 R OD

image029 R M YES - Moderate/Medium

image029 R OD

image030 R M YES - Moderate/Medium

image030 R OD

image031 R M YES - Severe

image032 R M YES - Moderate/Medium

image033 R M NO

image034 R M YES- Low

image035 R M YES- Low

image036 R M YES - Moderate/Medium
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image028 L M YES-Low

image028 L OD

image029 L M YES - Moderate/Medium

image029 L OD

image030 L M YES - Moderate/Medium

image030 L OD

image031 L M YES - Severe

image032 L M YES-Low

image033 L M NO

image034 L M YES- Low

image035 L M YES - Moderate/Medium

image036 L M YES- Moderate/Medium

Fig. 4. Expert microaneurysm diagnosis file

Table 1. Expert diagnosis summary (Categorisation I)

Microaneurysms presence stage | No. of images
No 379
Yes - Low 104
- Moderate/Medium 62
- Severe 49
Total 594

329

detection is challenging due to the small size of microaneurysms, therefore high quality
images are required to ensure an accurate diagnosis. The ground truth delivered by
the expert can be placed into two categories. Table 1 shows the original classification
made by the expert, which is divided into four classes of microaneurysms detection.
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Table 2. Expert diagnosis summary (Categorisation II)

Microaneurysms detection stage | No. of images

No (microaneursysms absence) | 379

Yes (microaneurysms presence) | 215
Total 594

The second categorisation divides into two cases, which are microaneurysms absence
“No” and microaneurysms presence (“Yes”), as presented in Table 2.

4 Proposed System

The proposed system implements a combination of fuzzy techniques for image pre-
processing, such as fuzzy filtering and fuzzy histogram equalisation. In addition, the
system implements the classification stage using deep learning. These techniques are
implemented using the newly developed dataset for microaneurysms detection.

The proposed microaneurysms detection system has been developed using the Mat-
lab R2018b environment. The system starts with the image acquisition process, where
the system selects images from the folder for further processing. Next, the image pre-
processing task takes place in order to improve the image quality. This task includes the
implementation of the fuzzy image pre-processing techniques. Finally, in the classifica-
tion phase, a deep learning classifier is trained using the generated features, in order to
classify the images into their respective classes. Figure 5 shows the block diagram of
the proposed system for automatic detection of microaneurysms for diabetic retinopathy
screening and classification. The individual stages are discussed in more detail in the
following sections.

4.1 Image Preprocessing

Image preprocessing takes place after the image acquisition process in order to improve
the quality of the image. The present system utilizes the following image pre-processing
techniques: resizing, greyscale, green channel extraction, fuzzy filtering, fuzzy histogram
equalisation and fuzzy edge detection. Figure 6 shows the output image for different
colour channels, meanwhile Fig. 7 shows the output image after fuzzy filtering, fuzzy
histogram equalisation and the fuzzy edge detection process are performed.

4.1.1 Resizing

The original colour fundus images from the newly dataset were resized. The original
images, which are of size 3872 x 2592 in JPEG format, provide high quality and good
details. The resizing is performed for convenient use of the CNN. Most of previous
research suggested that the images are cropped and resized to square number of pixels.
However, in this proposed work, the fundus images are downsized proportional to the
original image size, the new size being 242 x 162, in order to preserve the details of the
original images.
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Image Acquisition

Image Pre-processing
Resizing
Greyscale
Green Channel Extraction
Fuzzy Filtering
Fuzzy Histogram Equalisation

N Fuzzy Edge Detection

Classification
Convolutional Neural Network

Microaneurysms Detection Stage
Microaneurysms absence
Microaneurysms presence
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Fig. 5. Block diagram of the proposed automatic detection of microaneurysms using fuzzy image

processing and deep learning

(b) Greyscale

a)  Original image .
@ & e conversion

(©

Red channel
extraction

(d) Green channel
extraction

Fig. 6. Greyscale, red and green channel extracted image (Color figure online)
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(c) Fuzzy edge detection on

(a) Fuzzy filtering on (b)  Fuzzy histogram equalization on greyscalc image

greyscale image greyscale image

SRS o

(f) Fuzzy edge detection on
green  channel  extracted
image

(d) Fuzzy filtering on green (e) Fuzzy histogram equalization on
channel extracted image green channel extracted image

Fig. 7. Pre-processing the output image with fuzzy approaches

4.1.2 Colour Channel Conversion

The second preprocessing technique is the conversion of the colour fundus image, which
consists of the red, green and blue channels. The colour input images are converted into
greyscale and green channel image. In our previous proposed systems [23-26], the
colour fundus images were converted into a greyscale image. Due to the capability of
the green channel previously presented in [27], the green channel extraction is used
rather than other image colour conversion formats. The reason of the extraction of the
green channel from the colour fundus images has been explained in [27]. The next
pre-processing techniques are performed on the greyscale and green channel inverted
images. Figure 6 shows the output image obtained after the different conversions are
applied, i.e., greyscale conversion, red channel, and green channel, for comparison.

4.1.3 Fuzzy Image Pre-processing

After extracting the green channel from the original colour image, the filtering process
needs to be implemented to improve the image quality or restore the digital image, which
tends to have a variety of noise types. The poor photo quality may be due to the noise
acquired during the acquisition or transmission process. Therefore, noise removal is
required to enhance the image quality, and is important before any processing task. The
proposed system implements the median filter with fuzzy techniques, described by Toh
et al. [44], called the Fuzzy Switching Median (FSM) filter. The proposed technique was
working well in removing noise. The technique has been used in [26, 27] for the diabetic
retinopathy and maculopathy detection. The detailed explanations about the FSM filter
implementation are presented in [25, 44].
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Next, after filtering the image from noise, the fuzzy histogram equalisation is per-
formed on the images, which aims to improve the image’s contrast. The colour fun-
dus images are more challenging compared to the other types of fundus photography
examination, which are angiography and red-free. Therefore, the implementation of the
histogram equalisation by employing fuzzy techniques helps to enhance the contrast of
the fundus images for better visualisation and detection. The technique called Brightness
Preserving Dynamic Fuzzy Histogram Equalisation (BPDFHE) proposed by Sheet et al.
[45] was found to work well on colour fundus images in [24-27], and has been chosen as
a preprocessing technique in this proposed system as well. Detailed explanation about
the proposed fuzzy histogram equalisation, including the comparison implementation
with other histogram equalisation techniques, can be found in [24, 25].

The final fuzzy image processing technique performed is the fuzzy edge detection.
By using membership functions, we are able to overcome the small intensity differences
between two neighbouring pixels problem, by defining the degree with which the pixel
belongs to an edge or a uniform region. A detailed explanation about the proposed
fuzzy edge detection, including the membership functions for the inputs and outputs, is
presented in [25].

4.2 Classification

A Deep CNN model is used for the classification phase. Figure 8 shows the structure of
the proposed network architecture for the microaneurysms detection. The CNN archi-
tecture starts with an image input layer of the size (162 x 242 x 1), where the resized
preprocessed images are inputted. Following that, the model has four convolutional lay-
ers, each followed by arectified linear unit (ReLU), batch normalization and max pooling
layers. The output of the final max pooling layer is then flattened before being inputted
into the output layer which has two neurons. The final layer implements a Softmax
function that is tasked with outputting the probabilities of the input image belonging to
either of the two classes, microaneurysms presence or microaneurysms absence.

162x242x1

7168

76x116x32
38x58x32 38x58x64

1912964 19%3::}25 XIXI2B  9KIAX256 474056 i)

funv3x3. 256 maxpool2x2

conv5x5, 128 max uo\2x) stride (1, 1) stride (2, 2)

conv7x7, 64 maxpool2x2 stride (1, 1) stride (2, 2
stride (1,1)  stride (2, 2)

maxpool2x2

stride (2, 2)

flatten  dense

conviixll, 32
stride (2, 2)

Fig. 8. Proposed deep convolutional neural network structure
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The final error for the model is calculated using the cross entropy function (C):

C= Zzt,jlnyij (D

i=1 j=1

where N is the total number of images, K is 2 (the number of classes), #; is the indicator
that sample i belongs to class j, and y;; is the model’s output for sample i for class j.
Stochastic gradient descent with momentum (SGDM) was used to train the model with
an initial learning rate of 0.0001. 70% of the samples in the dataset are selected randomly
to form the training set, while the remaining 30% is used for testing. Each of the models
was trained for 100 epochs with a batch size of 128.

4.3 Results

The performance analysis summary of the proposed system, which employs different
techniques (System Variants I-V), is presented in Table 3. For System Variant I, there is
no image processing implemented, except the input image resizing process, while Sys-
tem Variant II proposed the implementation of fuzzy image processing techniques, such
as fuzzy filtering and fuzzy histogram equalisation, besides the greyscale conversion.
System Variant III implemented greyscale conversion, fuzzy filtering, fuzzy histogram
equalisation and fuzzy edge detection. The extraction of green channel, fuzzy filtering
and fuzzy histogram equalisation are implemented in System Variant I'V. System Variant
V proposed the fuzzy filtering, fuzzy histogram equalisation and fuzzy edge detection
including the green channel extraction. A total of 594 images, which consist of 379
images from the “microaneurysms not detected” class and 215 images from the “mi-
croaneurysms detected” class are involved in the classification stage. For the validation
phase, the network is trained to predict the labels of the validation data and the final vali-
dation accuracy is calculated. Accuracy means the fraction of examples that the network
predicts correctly. All systems are trained and validated on the same neural network
architecture. The validation accuracy for System I is 66.29%, and the validation accu-
racy for System I is 69.66%. System III and System IV generated validation accuracies
of 69.10%, while System V obtained a validation accuracy of 68.54%.

The experimental results show that the trained network is able to identify and classify
for the two classes, which are microaneurysms presence and microaneurysms absence.
It can be observed that there is a small increment in the validation accuracy between the
no image pre-processsing (System I) and the pre-processing techniques-based systems
(System II, System III, System IV, System V), although the largest accuracy difference
(between 66.29% and 69.66%) is small (3.37%). However, it can be concluded that the
pre-processing techniques, i.e., fuzzy filtering, fuzzy histogram equalisation and fuzzy
edge detection, help increase the accuracy and produce better results. The accuracy
difference could be higher if the proposed system is trained and validated with more input
data. Moreover, the results show that it is possible to segment the diabetic retinopathy
features on a small range of fundus images with reasonable accuracy. In addition, some
changes and improvements on the network architecture, for example, the number of
layers and the layer parameters, have been performed in order to produce better results.
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Table 3. Summary of results
System I | System II System III System IV System V

Techniques Resizing | Resizing, Resizing, Resizing, Resizing,
greyscale, greyscale, green channel | green channel
fuzzy fuzzy filtering, | extraction, extraction,
filtering, fuzzy fuzzy fuzzy filtering,
fuzzy histogram filtering, fuzzy
histogram equalization, | fuzzy histogram
equalisation | fuzzy edge histogram equalization,

detection equalization | fuzzy edge
detection

Number of 594 images

images

Number of classes | 2 classes

Expert grading

No 379 images

(Microaneurysms

not detected)

Yes 215 images

(Microaneurysms

detected)

Training data 70%

Validation data 30%

Training options

Optimization Stochastic gradient descent with momentum (SGDM)

algorithm

Learning rate 0.0001

Maximum epochs | 100

Validation 1

frequency

Validation 66.29% | 69.66% 69.10% 69.10% 68.54%

accuracy

Although the accuracy generated is in the medium range (i.e., not that good), it is
considered acceptable due to some limitations, including the total number of images

available.

5 Conclusions and Future Work

An automatic system for the detection of microaneurysms in colour fundus images
using fuzzy image pre-processing techniques and deep learning has been developed in
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this paper. Although the detection of microneurysms is challenging due to the special
characteristics of the microaneurysms, it can be concluded that the proposed techniques
were able to improve to some degree the contrast and eventually improve the system
performance for the automated microaneurysms detection system.

The system can be enhanced by implementing different other combinations of pre-
processing techniques including those based on fuzzy approaches. The system can
be further extended by implementing retinal structures extraction, such as optic disc
and vessel segmentation for image preprocessing to produce a more reliable microa-
neurysms detection system. The system will also be extended to get more details on
the microaneurysms classification, as proposed by the first categorisation of the novel
dataset (Table 1), namely to classify into no microaneurysms presence, low, moder-
ate/medium and severe cases. Further explorations on deep learning architectures for
classification will be performed in order to increase the microaneurysms detection accu-
racy. Deep learning implementations are considered challenging when dealing with small
or medium size datasets, as it is our case. Other convolutional neural networks, such as
AlexNet, GoogleNet, ResNet VCG16, VCG19, Inception-v3 and Inceptionrestnet-v2,
could be used and validated with the proposed system. An accurate system could be
used to help the diabetic retinopathy screening team to perform better and more efficient
screening. The proposed developed system could be a benchmark for the development of
other retinopathy signs’ detection system, such as for exudates, haemorrhages and neo-
vascularisation. Besides presenting the novel development of an automatic detection for
microaneurysms, this paper also introducing a new dataset of microaneurysms, which
would be useful to researchers and practitioners working in the diabetic retinopathy
screening field.

Deep Learning approaches have great potential for automatic detection of diabetic
retinopathy, but the limitations of such approaches are exactly in the “automatic” thus
“black-box” behaviour. Due to raising legal issues such automatic approaches become
difficult to use in the future, consequently the field of explainable Al [48] becomes more
and more important. Explainable Al develops methods for making such deep learning
approaches transparent. However, for diagnostic and educational purposes there is a
need to go beyond explainable Al; For example, to reach a level of explainable medicine
there is a crucial need for causability. Causability [49] is different from Causality [50]
but closely connected. Causability provides measurements for the quality of explana-
tions produced by explainable Al methods and to enable the medical professional to
understand why an algorithm came up with a certain result, or why a result had a certain
error rate. This calls for contextual understanding which can be fostered by bringing a
human-in-the-loop [51], which adds the component of human expertise to Al processes.
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