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ABSTRACT 

Diabetic retinopathy (DR) features are typically identified through 
ophthalmologist eye examinations, but these images often face 
challenges like low contrast, non-uniform illumination, and colour 
inconsistency, affecting the diagnosis accuracy. Therefore, this study 
introduces two novel techniques to improve image quality. One 
is applying colour image processing techniques to original retinal 
fundus images, overcoming existing algorithm limitations. Firstly, 
a new colour correction algorithm was proposed based on Tuned 
Brightness Controlled Single-Scale Retinex (TBCSSR) named Fuzzy 
TBCSSR Histogram Matching (fTBCSSRhm) to address the issue 
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of colour inconsistency in the dataset. Secondly, based on hybrid 
particle swarm optimisation-contrast stretch (HPSOCS), the hybrid 
of TBCSSR and HPSOCS named eTBCSSR-HPSOCS algorithm is 
introduced to tackle the limitations of the standard Particle Swarm 
Optimisation (PSO) algorithm in HPSOCS, which is prone to local 
optima and exhibits low convergence rates. This technique combines 
the L-component of the LAB colour model with an enhanced velocity 
mechanism in PSO and contrast stretching (lavHPSOCS). Its goal 
is to fine-tune parameters automatically, reduce over-enhancement, 
avoid unwanted artefacts, and preserve intricate details. This approach 
improves optimisation by balancing exploration and exploitation 
and refining velocity control. The proposed algorithm underwent 
both qualitative and quantitative evaluations. Tests on 100 retinal 
fundus images from primary datasets were performed to benchmark 
the algorithm against three existing approaches. The results show 
that the qualitative performance of the proposed enhancement is 
more favourable to ophthalmologist specialists than other images. 
Quantitatively, eTBCSSR-HPSOCS outperforms others with the 
lowest mean squared error (MSE) of 42.72859, the highest peak 
signal-to-noise ratio (PSNR) of 32.768, and entropy of 0.977. 

Keywords: Image colour processing, Image enhancement, 
Optimisation, Retinal fundus image.

INTRODUCTION

Diabetic retinopathy (DR) is a condition characterised by blood vessel 
damage in the retina due to long diabetes duration, uncontrolled 
diabetes, and older age (Magliah et al., 2018).  It is the earliest 
complication sign and is often overlooked when other microvascular 
abnormalities are not recognised (Chew et al., 2018; Solomon et 
al., 2017). Malaysia enforces an annual eye screening routine for 
diabetic patients to detect asymptomatic DR severity (Ministry 
of Health Malaysia, 2015; Rashid, 2023). Morphological features 
(MF) criteria, such as colour, shape, size, and texture, are crucial for 
early screening assessment and DR staging (Colomer et al., 2020; 
Panwar et al., 2020). Finding the critical component of MF criteria in 
determining and understanding DR features is significant in helping 
in early screening assessment and DR staging (Lechner et al., 2017). 
The critical criteria component will help the grader trainer classify the 
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severity of DR based on the abnormal features of the retinal fundus 
image. Digital image processing, which includes image acquisition, 
enhancement, restoration, colour processing, wavelets and 
multiresolution processing, compression, morphological processing, 
segmentation, representation and description, and recognition, can 
improve the quality of fundus images (Gonzalez & Woods, 2017). 
Two approaches to improve retinal fundus image quality are adjusting 
colour inconsistency and enhancing contrast and illumination to 
enable MF visibility and recognition (Cao & Li, 2020).

This research aims to determine the required features for diabetic 
retinopathy screening (DRS) by analysing the critical morphological 
features used by medical practitioners. Four categories of 
morphological features on retinal fundus images are defined through 
literature findings: colour, shape, size, and texture. However, not all 
four features are compulsory for examination during DRS (Colomer 
et al., 2020; DeMarco et al., 2018). This difference in practice and 
theory indicates that without standard features, it can interfere with 
determining critical information, prognosis, treatment planning, 
and the appropriate image processing algorithm (Kim et al., 2020). 
Retinal fundus image datasets come in various sizes and colours, 
and colour image processing is widely used in medical images. 
Enhancement of the dominant colour channel within the standard 
colour of retinal fundus images can affect screening, diagnosis, and 
treatment efficiency (Badano et al., 2015; Raj & Martini, 2019). 
Tuned Brightness Controlled Single-Scale Retinex (TBCSSR) is one 
of the recent advances of the Retinex technique, developed on the 
basic Single-Scale Retinex (SSR) where TBCSSR that can enhance 
colour images while preserving their standard brightness and natural 
appearance (Al-Ameen & Sulong, 2015).

Various image enhancement techniques have evolved over the years, 
including contrast stretching (CS) (Al-amri et al., 2010), histogram 
equalisation (HE) (Gonzalez & Woods, 2008), image negative (IN) 
(Swamy & Sakkara, 2017), brightness enhancement (BE) (Mohammed 
et al., 2013), gray-level slicing (GL) (Dabass & Vig, 2018), and 
CLAHE (Bhatia & Kumar Rawat, 2018). CS is a popular technique 
for medical image enhancement due to its ability to improve contrast 
without altering histogram shape and enhance the visibility of details 
and features (Cao & Li, 2020; Kaur & Choudhary, 2012; Mohanapriya 
& Kalaavathi, 2014). However, CS has drawbacks such as loss of 
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information, colour variation, and colour distortion that may affect 
human perception. Even though there are other studies proposed as 
CS alternatives, such as Dhal et al. (2019) utilised Fuzzy Entropic 
Bi-Histogram Fuzzy Contrast Stretching (FEBHFCS) and Preethi and 
Maheswari (2019) utilised Bare-Bones Particle Swarm Optimization 
on CS. However, this study selects a proposed Hybrid Particle Swarm 
Optimization - Contrast Stretching (HPSOCS) to be improvised as it 
can segment the region of interest based on the bright and dark area 
and conduct CS on the segmented area.  

However, the limitations due to the implementation of the S-component 
of the hue, saturation, intensity (HSI) colour model and standard PSO 
implementation in HPSOCS may produce over or under-saturation 
of white light towards natural colour and a low convergence rate 
in iteration (Harun et al., 2020; Li et al., 2007; Sousa-ferreira & 
Sousa, 2017). Sousa-ferreira and Sousa (2017) mentioned that the 
exploration-exploitation trade-off determines efficient and accurate 
optimisation and controls the standard velocity update. Therefore, 
alternative colour conversion is needed to be converted to a prominent 
region of interest in the retinal fundus image, and integrating with the 
information obtained by the velocity equation through the velocity 
limitation range can give a different best solution (Sousa-ferreira & 
Sousa, 2017). This study comprises six topics: the introduction, related 
work, methodology, design and development, result and evaluation, 
and conclusion and future work.

RELATED WORK

Digital image processing involves manipulating images to obtain 
desired outputs, extracting attributes, and recognising individual 
objects. Gonzalez and Woods (2017) provide an overview of 
digital image processing fundamentals (Figure 1), including image 
acquisition, filtering and enhancement, colour image processing, 
segmentation, and pattern classification. This research includes 
morphological feature identification, image colour processing, and 
image classification. The image colour processing model proposed 
(Figure 2) includes colour correction, colour conversion, segmentation, 
and enhancement.
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Figure 1

Methodologies Applied to Images. Adopted From Gonzalez and 
Woods (2017)

Figure 2

Proposed Image Colour Processing Model

Morphological Feature Identification

Morphology, derived from the Greek word “morphology,” refers to 
studying the structure and form of animals and plants. It is crucial 
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for image understanding and identification, prognosis, and treatment 
planning in the medical field. Morphological features are divided 
according to the type of image data used, such as blood smear images, 
hematoxylins and eosin (H&E) stained images, pap smear images, 
computed tomography (CT) images, cell images, and fundus images. 
Six morphological features can be deployed in image processing for 
medical image datasets: shape, texture, colour, size, intensity, and 
geometrical (Batchelor, 2012; Elloumi et al., 2019; Hegde et al., 
2019; Kumar & Prateek, 2020; Lin et al., 2019; Wei et al., 2019). 
Shape is an object’s visual representation from Kendall (1984), while 
texture refers to the visual-tactile quality of its surface (Shapiro, 
2001). Colour features include colour space, distribution, histogram, 
intensity, contrast, and composition (Jyotismita Chaki, 2021). 

In medical images, size is a critical feature characteristic with 
significant diagnostic and analytical value. Size is often considered 
and utilised in various contexts, such as tumour size, organ size, 
pathological features, anatomical measurements, and region of 
interest (ROI) size (Cai et al., 2023; Larici et al., 2017; Yasui et al., 
2019). Intensity refers to the brightness or luminance of pixels within 
the image, often correlated with the grayscale value of each pixel. 
High-intensity areas are brighter, while low-intensity areas are darker. 
Adjusting the intensity of an image can involve techniques like 
contrast enhancement (CE), histogram equalisation, or applying filters 
to highlight specific features or details (Paulus & Hornegger, 1995). 
Understanding and determining the criteria of morphological features 
discussed in this topic will help researchers define the morphological 
feature that will be finalised for further process. Morphological features 
are essential for understanding and identifying the characteristics of 
an image, which are crucial for prognosis and treatment planning in 
the medical field.

Colour Image Processing

Colour image processing involves manipulating digital images 
containing colour information, typically consisting of three channels: 
Red, Green, and Blue (RGB). Techniques in colour image processing 
include colour correction, enhancement, segmentation, object 
detection, and classification (Gonzalez & Woods, 2017). Common 
techniques include colour space conversion, which converts between 
different colour representations like RGB, CMYK, HSV, and 
Lab (Ibraheem et al., 2012). Colour correction adjusts colours to 
compensate for lighting conditions, white balance, or other factors, 
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making the image more visually appealing or accurate (Fang, 2021). 
Enhancements improve visual quality or highlight specific features 
(Kumar Vishwakarma & Mishra, 2012). Segmentation partitions an 
image into regions based on colour information for object detection 
or image analysis (Garcia-Lamont et al., 2018). Feature extraction 
extracts relevant features from colour images for pattern recognition 
or machine learning (Tian, 2013). Colour-based object detection and 
tracking identify and track objects in images based on their colour 
properties (Deshpande & Emmanuel, 2016). Colour image filtering 
applies filters or transformations to achieve desired effects or remove 
noise (Rastislav Lukac & Plataniotis, 2011). 

Colour inconsistency is an issue in retinal fundus images that needs 
to be handled. Pai (2019) compared three colour normalisation 
techniques: White patch Retinex technique, gamma correction, 
and histogram matching or specification. The finding indicates that 
White patch Retinex produces better image output under various 
lighting conditions. There is also a previous comparison among 
the Retinex method, Histogram Equalization, Gamma Correction 
and Homomorphic filtering techniques by Dileep and Sreenivasa 
Murthy (2011), which found that the Retinex method of colour image 
enhancement gives more contrast-enhanced results without destroying 
any parts of the image that does not require enhancement. Aris et 
al. (2021) also compare six types of colour constancy algorithms, 
namely, gray world (GW), white patch (WP), modified white patch 
(MWP), progressive hybrid (PH), shades of gray (SoG) and gray edge 
(GE) applied on thick and thin smear malaria images. The results 
indicate that the SoG algorithm resultant image has proven to be 
the best colour constancy algorithm, where white patches become 
the closed resultant image. Out of various comparison studies, the 
Retinex technique was the best for exploring the solution for retinal 
fundus image colour inconsistency.

The Retinex technique, introduced by Edwin Land in 1964, is based 
on the human colour vision process, which consists of the retina and 
cortex (Land, 1964). It aims to explain human colour constancy by 
calculating lightness sensations in each channel. A review by Hussein 
et al. (2019) summarised numerous Retinex techniques that evolved 
from the original Retinex technique. Table 1 shows the various 
Retinex techniques based on each technique’s criteria. Instead of the 
various techniques that evolved from the original Retinex, the most 
common adaptive Retinex technique developed through it is Single-
scale Retinex (SSR) proposed by Jobson et al. (1997).
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SSR technique has evolved to meet specific criteria for various 
applications, with a recent advance of the Retinex technique being 
tuned brightness-controlled single-scale Retinex (TBCSSR), which 
was developed on the basic Single-scale Retinex (SSR) technique 
(Al-Ameen & Sulong, 2015). TBCSSR can achieve artefact-free, 
fast implementation, low computation cost, acceptable visual quality, 
and improved contrast while maintaining standard brightness and 
natural appearance. The mathematical equation of TBCSSR has been 
improved by replacing 2σ with M×N and adding a tuning parameter for 
brightness control by Al-Ameen and Sulong (2015). The ameliorated 
sigmoid function is combined with the standard sigmoid function, 
and the final process to produce the contrast-adjusted image with 
an expansion of dynamic range is computed using a normalisation 
procedure. The TBCSSR technique has been improvised by Al-
Ameen and Sulong (2015) to improve image illumination and colour 
consistency, but it only works on grayscale images with one colour 
channel that contains intensity information without wavelength. It can 
lead to biased and inconsistent models. Hussein et al. (2019) suggested 
designing a model that is less dependent on the optimisation parameter 
and focusing on measurable metrics related to image degradation 
level to address this issue.

As discussed above, where the need to cater for the manual setting of 
the parameter in TBCSSR and colour matching, hence, fuzzy rule-
based technique and histogram matching or histogram specification 
are among the standard technique practices by researchers, 
respectively (Grundland & Dodgson, 2007; Kagarlitsky et al., 2009; 
Xiao et al., 2018). There are discussions on techniques that can 
automate the parameter setting, as Huang et al. (2020) surveyed, 
where automatic parameter tuning is classified into three approaches 
based on metaheuristic techniques. In contrast, a discussion of colour 
image-matching techniques has been presented in detail by Faridul et 
al. (2016). A comprehensive overview matching technique offers the 
following: From the literature findings, the fuzzy rule-based technique 
and statistical colour mapping techniques can be explored to address 
this study’s problem. 

Fuzzy regression analysis evaluates the functional relationship 
between dependent and independent variables and identifies the 
best-fit model for characterising the relationship (Shapira et al., 
2013). Histogram specification is considered the best normalisation 



302        

Journal of ICT, 23, No. 2 (April) 2024, pp:293-334

technique, as it allows for robust utilisation of colour information 
in classification and increases separation across lesion-type clusters 
in chromaticity space (Gonzalez & Woods, 2017). In summary, the 
integration of the Retinex, colour matching, and fuzzy techniques can 
be considered in this research due to its ability to help solve colour 
correction issues in the pre-processing stages in image processing.

CE is crucial for enhancing image quality by improving contrast, 
edge increment, and noise decline. Modern techniques in medical 
imaging include histogram equalisation (Singh et al., 2019), contrast 
stretching (Al-amri et al., 2011), image negative (Deepak et al., 2012), 
low light image (Gu et al., 2018), and gray level slicing (Sarangi 
et al., 2014). Recent advances in CE, such as Adaptive Histogram 
Equalization, Contrast-Limited Adaptive Histogram Equalization 
(CLAHE) (Ratanapakorn et al., 2019; Sharif & Shah, 2019), and 
Top-Hat Transformation (Bhateja et al., 2019), are widely used to 
enhance retinal fundus images. These techniques have evolved from 
conventional to modern techniques in the medical field. Low-contrast 
photographs can be caused by nonlinearity, inadequate illumination, 
or the imaging sensor’s limited dynamic range. To improve image 
analysis processes, deepening the contrast of images is essential 
(Fathy et al., 2018). Contrast Stretching (CS) is a traditional image CE 
technique based on global histogram techniques. It extends the range 
of intensity values of a picture to encompass the entire dynamic range 
of an image and works best with low-contrast images.

The enhancement-based technique (CE) is being improved to 
improve efficiency but is limited in accuracy and optimisation due 
to its limitations on specific image spots (Qureshi et al., 2019; Yadav 
et al., 2017). Optimisation is choosing the best element from a set 
of alternatives to provide the best possible decision in a given set of 
constraints (Burke & Kendall, 2014). Recent research has integrated 
various optimisation techniques with image enhancement techniques, 
such as classical CE with Particle Swarm Optimization (PSO) 
(Zakwan et al., 2019), Genetic Technique (Çam et al., 2018), and a 
hybrid of Cuckoo Search Optimization with PSO (Chandrashekar 
& Sreedevi, 2020). PSO is a widely used optimisation technique for 
image enhancement, with its speed and low memory requirements 
making it effective in various applications such as signal processing, 
neural networks, electrical power, and data mining (Paul et al., 2019; 
Subramanya Jois et al., 2019). However, objective functions must 
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compromise between global and local information to achieve good 
results in image enhancement. 

A technique proposed by Harun et al. (2020) combines contrast 
stretching and PSO techniques to optimise segmentation processes 
for the region of interest (ROI) and enhance white blood cell (WBC) 
images. HPSOCS converts RGB colour models to HSI colour models, 
selecting the S-component of the WBC image as input for segmentation 
optimisation. The optimisation process starts with converting RGB 
colour models to HSI colour models, and the fitness function for the 
optimisation is based on the S-component of the WBC image. The 
HPSOCS algorithm has two main concerns: over or under saturation 
of white light towards natural colours and the implementation of 
standard PSO algorithm in HPSOCS, resulting in a low convergence 
rate in iteration. The standard velocity update must consider and 
control exploration-exploitation trade-offs to achieve efficient and 
accurate optimisation (Sousa-ferreira & Sousa, 2017). Therefore, 
alternative colour conversion techniques should be integrated with the 
information obtained by the velocity equation through the velocity 
limitation range to provide a different best solution. 

Limiting velocity in PSO is a common technique used to prevent 
particles from moving too quickly through the search space, improving 
the stability and convergence properties of the algorithm (Barrera 
et al., 2016). Unbounded velocities can lead to erratic behaviour 
or overshooting of the optimum solution. There are various ways 
to impose velocity limitations in PSO, such as velocity clamping, 
coefficient adjustments, dynamic inertia weight, normalisation, 
and adaptive mechanisms. By employing one or a combination of 
these techniques, practitioners can effectively control and limit the 
velocities of particles in PSO, promoting smoother convergence and 
better exploration-exploitation balance. The choice of technique 
depends on the specific characteristics of the optimisation problem 
and the desired behaviour of the algorithm.

METHODOLOGY

Research design is a storyline of the whole research to accomplish 
the objectives. Figure 3 visualises the overall process of this research. 
This research has four main phases: data collection and preparation, 
model design, model development and model evaluation. 
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Figure 3

Research Design of the Proposed Model

Data Collection and Preparation 

The data used in this research is a primary data source that includes 
information collected and processed directly by the researcher, such as 
observations, surveys, interviews, and focus groups. This research’s 
primary data focuses on the retinal fundus image collected and 
processed by the Ophthalmology Clinic, Hospital Universiti Sains 
Malaysia (HUSM). The image was captured using a non-mydriatic 
fundus camera. The criteria for the original retinal fundus image are 
as follows:

•	 Image type: JPG file
•	 Image dimension: 3008 x 2000 pixels
•	 Image size: less than 1 MB each picture
•	 Image resolution: 96 x 96 dpi
•	 Bit depth: 24 bits

One hundred retinal fundus images are collected and named sample 
images. Out of 100 images, 30 retinal fundus images were chosen 
by ophthalmologists as the best and preferred colour retinal fundus 
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image. This image is used as a standard colour image and provides a 
set of reference images for colour correction purposes as a reference 
image.

Model Design and Development

Model design involves morphological features, colour correction, 
and image enhancement with an optimisation algorithm. In the first 
stages, for morphological features, Elloumi et al. (2019), Guo (2020), 
and Martins et al. (2020) identified size, shape, and colour as the 
main morphological features for retinal fundus images, which have 
been discussed with ophthalmologists and have been set as three 
main features to be focused throughout this research. For colour 
correction, a new colour correction algorithm is proposed, namely 
Fuzzy Tuned Brightness Controlled Single-Scale Retinex Histogram 
Matching (fTBCSSRhm) technique, which integrates the Fuzzy Rule-
based and TBCSSR on a green colour channel. TBCSSR is calculated 
using Gaussian Surround Function (GSF) (Equation 1 and Equation 
2), Single-scale Retinex (SSR) (Equation 3) and modified sigmoid 
function (Equation 4 until Equation 7). It is then integrated with 
histogram matching or histogram specification algorithm. The fuzzy 
rule-based model is built using MATLAB and used to determine 
the β value in the TBCSSR algorithm. The algorithm then matches 
the histogram using a reference image as a standard colour retinal 
fundus image. The output is images with the same colour as the 
ophthalmologist’s preferred colour.

1.	 Compute modified Gaussian Surround Function (GSF) using 
Equation 1 and Equation 2:

2.	 Compute the Single-scale Retinex (SSR) using Equation 3:
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Hybrid PSO-Contrast stretching (HPSOCS) for retinal fundus 
images is improved for image enhancement optimisation. HPSOCS 
segmentises the bright and dark regions of interest, enhancing the 
image. However, it selects the S-component as input information, 
leading to over or under-saturation white light. The input information 
is replaced with the L-component of the LAB colour model to maintain 
the standard colour mapping through colour correction. The study also 
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𝑂𝑂𝑆𝑆𝑆𝑆𝑆𝑆(𝑥𝑥, 𝑦𝑦) refers to SSR output, 𝐿𝐿(𝑥𝑥, 𝑦𝑦) refers to low-contrast images 
and ⊗ refers the convolution process. Improvement on the GSF 
equation by following points: First, replacement of 2σ by M×N that 
represents the image dimensions; Second, addition of 𝛽𝛽 as tuning 
parameter for brightness control with fulfils 𝛽𝛽 > 0, otherwise for 𝛽𝛽 ≥
2, the modified sigmoid function is implemented. The standard 
sigmoid function is as in Equation 4:

𝑓𝑓(𝑔𝑔) =  1
1 + 𝑒𝑒−𝛼𝛼(𝑔𝑔)

(4)

Modification of standard sigmoid function is on the 𝛼𝛼 value and 
ameliorated version of the latter by default adjusting constant, 𝛾𝛾 = 2.
Equation 5 for 𝛼𝛼 as follows where 𝑇𝑇 as regulating value by default 
equal to 2:

𝛼𝛼 = 1 + (𝛽𝛽 − 𝑇𝑇) (5)

Hence, the ameliorated sigmoid function is combined as in Equation 
6:

𝑠𝑠(𝑔𝑔) = 1
1 + 𝑒𝑒−(1+(𝛽𝛽−𝑇𝑇))×(𝑔𝑔−𝛾𝛾)

(6)

The final process to produce the contrast-adjusted image, 𝑠𝑠(𝑔𝑔) with 
the expansion of the dynamic range to fit its full natural interval by 
computing a normalisation procedure using Equation 7:

𝑛𝑛(𝑠𝑠) = [𝑠𝑠(𝑔𝑔) − 𝑚𝑚𝑚𝑚𝑚𝑚(𝑠𝑠(𝑔𝑔))]
[𝑚𝑚𝑚𝑚𝑚𝑚(𝑠𝑠(𝑔𝑔)) − 𝑚𝑚𝑚𝑚𝑚𝑚(𝑠𝑠(𝑔𝑔))]

(7)

The 𝑛𝑛(𝑠𝑠) represents the normalised image, and 𝑚𝑚𝑚𝑚𝑚𝑚 and 𝑚𝑚𝑚𝑚𝑚𝑚 are 
employed as the minimum and maximum pixel values of the 𝑠𝑠(𝑔𝑔).

Hybrid PSO-Contrast stretching (HPSOCS) for retinal fundus images 
is improved for image enhancement optimisation. HPSOCS 
segmentises the bright and dark regions of interest, enhancing the 
image. However, it selects the S-component as input information, 
leading to over or under-saturation white light. The input information 
is replaced with the L-component of the LAB colour model to 
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proposes improvements to the standard PSO algorithm by adjusting 
the velocity initialisation of the lightness component and velocity 
limitation, which can control exploration or exploitation tendencies 
in the particle searching space. The new image enhancement 
optimisation is called Lightness Adjusted Velocity of Hybrid Particle 
Swarm Optimization Contrast Stretching (lavHPSOCS).

Model Evaluation

Model evaluation is a performance evaluation process that involves 
two types: model validation and model verification. Validation 
ensures the output meets user needs, like an ophthalmologist in this 
research, while verification ensures the model performs better or 
matches literature models. The model validation process involves two 
sections based on the image and algorithm, with discussions between 
an ophthalmologist and a researcher. Model verification is performed 
by evaluating the enhanced image qualitatively and quantitatively. 
For qualitative analysis, the appointed ophthalmologist was requested 
to conduct subjective analysis by grading the quality of the enhanced 
images. For quantitative analysis, two approaches are used, which 
are based on statistical performance matrixes and comparing among 
several state-of-the-art ones. Statistical performance matrixes include 
Mean Squared Error (MSE), Peak Signals to Noise (PSNR), Structural 
Similarity Index Metric (SSIM), Universal Quality Index (UQI) 
and Image Entropy. The detailed discussion related to the statistical 
evaluation as quantitative evaluation is presented in Equation 8 until 
Equation 12. 

Mean Squared Error (MSE) is defined as follows:
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PSNR is defined as follows:

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  − 10log10
𝑀𝑀𝑀𝑀𝑀𝑀

𝑆𝑆2
(9)

Where, 
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𝑆𝑆 is the maximum pixel value.

SSIM is defined:

𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆(𝑥𝑥, 𝑦𝑦) =  
(2𝜇𝜇𝑥𝑥 + 𝑐𝑐1)(2𝜎𝜎𝑥𝑥𝑥𝑥𝑐𝑐2)

(𝜇𝜇𝑥𝑥
2 + 𝜇𝜇𝑦𝑦

2 + 𝑐𝑐1)(𝜎𝜎𝑥𝑥
2 + 𝜎𝜎𝑦𝑦

2 + 𝑐𝑐2)
(10)

Where, 
𝜇𝜇𝑥𝑥 the average of 𝑥𝑥; 𝜇𝜇𝑦𝑦 the average of 𝑦𝑦; 𝜎𝜎𝑥𝑥

2 the variance of 𝑥𝑥; 𝜎𝜎𝑦𝑦
2 the 

variance of 𝑦𝑦; 𝜎𝜎𝑥𝑥𝑥𝑥 the average of 𝑥𝑥 and 𝑦𝑦; 𝑐𝑐1 = (𝑘𝑘1𝐿𝐿)2, 𝑐𝑐2 = (𝑘𝑘2𝐿𝐿)2

two variables to stabilise the division with a weak denominator; 𝐿𝐿 the 
dynamic range of the pixel-value;  𝑘𝑘1 = 0.01 and 𝑘𝑘2 = 0.03 by
default.

UQI is as follows:

𝑄𝑄(𝑥𝑥, 𝑦𝑦) =  
4𝜎𝜎𝑥𝑥𝑥𝑥𝑥̅𝑥𝑦̅𝑦

(𝜎𝜎𝑥𝑥2 + 𝜎𝜎𝑥𝑥2)[(𝑥̅𝑥)2 + (𝑦̅𝑦)2] (11)

entropy is:

𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 =  − ∑ 𝑃𝑃𝑖𝑖 log2 𝑃𝑃𝑖𝑖
𝑖𝑖

(12)

Where,
𝑃𝑃𝑖𝑖 is the probability that the difference between 2 adjacent pixels is 
equal to 𝑖𝑖

DESIGN AND DEVELOPMENT

This research focuses on three main features in determining the 
classification of the diabetic retinopathy phase: size, shape, and colour. 
The literature review reveals that these three features are crucial for 
ophthalmologists to determine the severity and stage of diabetic 
retinopathy and different types of diagnosis, such as diabetic macular 
oedema. The size and shape of abnormalities on the retinal fundus 
image, such as microaneurysms and haemorrhage, help determine the 
severity and stage of diabetic retinopathy. The shape and colour of the 
retinal fundus image also help determine abnormalities like cotton 
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retinopathy and different types of diagnosis, such as diabetic macular 
oedema. The size and shape of abnormalities on the retinal fundus 
image, such as microaneurysms and haemorrhage, help determine the 
severity and stage of diabetic retinopathy. The shape and colour of the 
retinal fundus image also help determine abnormalities like cotton 
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integrating TBCSSR with a fuzzy rule-based model, resulting 
in the Fuzzy Tuned Brightness Controlled Single-Scale Retinex 
(fTBCSSR). The fTBCSSR is then integrated with a histogram 
matching algorithm, the Fuzzy Tuned Brightness Controlled Single-
Scale Retinex Histogram Matching (fTBCSSRhm), to ensure the 
image complies with the standard colour histogram of the retinal 
fundus image. The fuzzy rule-based model includes an input variable, 
fuzzy knowledge base, inference engine, working memory, and output 
of the β parameter. The model is built using MATLAB’s fuzzy logic 
toolbox. The component of fuzzy ruled-based model integration is 
shown in Figure 4, and the range of fuzzy set values for input and 
output variables is presented in Table 2. 

Histogram colour matching involves comparing the retinal fundus 
image’s histogram with a standard reference histogram from 30 
reference retinal images. These images are chosen by specialist 
ophthalmologists based on the recommended colour of the fundus 
image. As the standard reference histogram was obtained, the process 
of histogram colour matching continued by mapping each colour 
channel from the original retinal fundus image with the standard 
colour channel value using cumulative distribution function (CDF) 
(Equation 13). The complete Colour Correction algorithm known as 
fTBCSSRhm is presented as Algorithm 1, where the highlighted step 
is the proposed technique.

(13)

where,  is mean, is variance and is standard deviation.

Figure 4

The Component of Fuzzy Rule-Based Model Integration.
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Algorithm 1. fTBCSSRhm Algorithm (Colour Correction)
1.   Input: a: original images, d: standard histogram of reference images
2.   for each a
3.   compute fuzzy rule-based model to find  parameter
4.   compute TBCSSR formula with input  parameter  

(Equation 1 until Equation 7)
5.   map histogram with d using equation 6
6.   end for
7.   Output: corrected colour of resultant image 

The study by Harun et al. (2020) proposes a hybrid Particle Swarm 
Optimisation Contrast Stretching (HPSOCS) algorithm to improve 
the segmentation of dark and bright regions of interest in retinal 
fundus images. HPSOCS uses the colour conversion of RGB to 
HSI, with the S-component of HSI used as input for a standard PSO 
algorithm. However, due to the weakness of the S-component of HSI 
and the standard PSO algorithm, this study proposes an alternative 
colour conversion using the L-component of LAB and a limitation 
on the velocity component of PSO called Lightness Adjusted 
Velocity of Hybrid Particle Swarm Optimization Contrast Stretching 
(lavHPSOCS).

The original retinal fundus image is converted into a LAB colour 
channel, influencing particles’ initialisation and subsequent behaviour 
in the PSO algorithm. In this modified approach, an additional factor 
called “lightness” is introduced for each particle, which influences its 
initial velocity and for the main loop in each iteration through the 
velocity limitation range and position limitation range. Two proposed 
velocity adjustments are made during initialisation and in the main 
PSO loop for each iteration.

The first adjustment is on the velocity initialisation, where the 
standard velocity initialisation with the rand (range) is denoted as a 
random value chosen uniformly from the specified range. The second 
adjustment is for the PSO main loop, where the new velocity limit is 
determined using Equations 14-16. By adjusting the velocity limit, 
particles navigate the search space for optimal solutions, allowing 
exploration and exploitation. Balancing between exploration and 
exploitation is crucial for the PSO algorithm to converge towards 
good solutions efficiently.
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The performance of lavHPSOCS algorithm produces six types of  
bright and dark segmented retinal fundus images based on the 
lightness of the images. One bright and one dark segmented image 
is selected for local contrast stretching, and the enhanced bright and 
dark spot image is combined and converted into RGB colour channels 
as required by specialist ophthalmologists’ preferences. The complete 
algorithm for lavHPSOCS is presented in Algorithm 2 (the highlighted 
step is the proposed technique), while the parameter for the PSO is 
presented in Table 3.

Algorithm 2. Lightness-Adjusted Velocity HPSOCS (lavHPSOCS) Algorithm
Input:
	 ORGB – Original Image with RGB colour model
	 P – Swarm size population
	 D – Image with L-component of OLAB as input dimension
	 T – Maximum iteration 
	 LB – Lower bound
	 UB – Upper bound
	 F – Fitness function
Output:
 	            – the best position found
	 SRGB – Segmentise image
	 IRGB – Improved image

2 
 

 

solutions efficiently. 
𝑉𝑉𝑉𝑉𝑉𝑉𝑛𝑛𝑛𝑛𝑛𝑛 = min(𝑚𝑚𝑚𝑚𝑚𝑚(𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜, 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉), 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉) (14) 
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𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 = −𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 (16) 
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bright and dark segmented retinal fundus images based on the 
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1. Start 
2. Convert ORGB to OHSI colour model 
3. Initialise 𝑋𝑋𝑖𝑖 randomly within [LB, UB]D 
4. Initialise 𝑉𝑉𝑖𝑖

𝑛𝑛𝑛𝑛𝑛𝑛_𝑡𝑡  
5. Evaluate the fitness 𝑓𝑓(𝑋𝑋𝑖𝑖)  
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10.   For each data vector, 𝑧𝑧𝑝𝑝 
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(continued)
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Algorithm 2. Lightness-Adjusted Velocity HPSOCS (lavHPSOCS) Algorithm

14.			   Update  and according to equation Error! 
Reference source not found.14), Error! Reference source not found.15) 
and Error! Reference source not found.15)  
15.			   Update  
16.			   Update 
17.		  End for
18.	 End for
19.  End for
20.  Convert SI to SRGB colour model
21.  Compute Contrast Stretching on SRGB 
22.  End

Table 3

Parameter Values For PSO Algorithm

Parameter Value
Number of particles 30
Maximum iteration   6
Inertia weight   1
Inertia Weight Damping Ratio 0.99
Personal Learning Coefficient 1.5
Global Learning Coefficient 2.0

Integration of colour correction (fTBCSSRhm) and image enhancement 
optimisation (lavHPSOCS) is called eTBCSSR-HPSOCS. A full flow 
of the proposed algorithm is shown in Algorithm 3. 

3 
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Algorithm 3. eTBCSSR-HPSOCS Algorithm
Input:
	 ORGB – Original Image with RGB colour model
	 P – Swarm size population
	 D – Image with L-component of OLAB as input dimension
	 T – Maximum iteration 
	 LB – Lower bound
	 UB – Upper bound
	 F – Fitness function
Output:
 	            – the best position found
	 SRGB – Segmentise image
	 IRGB – Improved image

1.	 Start
2.	 Convert ORGB to 
3.	 for each OG colour channel
4.	 	compute fuzzy rule-based model to find β parameter.
5.	 	compute TBCSSR formula with input β parameter (Equation 1 until 

Equation 7)
6.	 	map histogram with d using equation 6
7.	 end for
8.	 Merge OG,new to ORGB,new
9.	 Convert ORGB,new to OLAB colour model

2 
 

 

solutions efficiently. 
𝑉𝑉𝑉𝑉𝑉𝑉𝑛𝑛𝑛𝑛𝑛𝑛 = min(𝑚𝑚𝑚𝑚𝑚𝑚(𝑉𝑉𝑜𝑜𝑜𝑜𝑜𝑜, 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉), 𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉) (14) 

 
𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑎𝑎𝑎𝑎 = 0.1(max _lightness − 𝑚𝑚𝑚𝑚𝑚𝑚_𝑙𝑙𝑙𝑙𝑙𝑙ℎ𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡) (15) 

 
𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 = −𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉𝑉 (16) 

 
The performance of lavHPSOCS algorithm produces six types of 
bright and dark segmented retinal fundus images based on the 
lightness of the images. One bright and one dark segmented image is 
selected for local contrast stretching, and the enhanced bright and dark 
spot image is combined and converted into RGB colour channels as 
required by specialist ophthalmologists' preferences. The complete 
algorithm for lavHPSOCS is presented in Algorithm 2 (the highlighted 
step is the proposed technique), while the parameter for the PSO is 
presented in Table 3. 

 
Algorithm 2. Lightness-Adjusted Velocity HPSOCS 
(lavHPSOCS) Algorithm 
Input: 
 ORGB – Original Image with RGB colour model 
 P – Swarm size population 
 D – Image with L-component of OLAB as input dimension 
 T – Maximum iteration  
 LB – Lower bound 
 UB – Upper bound 
 F – Fitness function 
Output: 
  𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 – the best position found 
 SRGB – Segmentise image 
 IRGB – Improved image 
1. Start 
2. Convert ORGB to OHSI colour model 
3. Initialise 𝑋𝑋𝑖𝑖 randomly within [LB, UB]D 
4. Initialise 𝑉𝑉𝑖𝑖

𝑛𝑛𝑛𝑛𝑛𝑛_𝑡𝑡  
5. Evaluate the fitness 𝑓𝑓(𝑋𝑋𝑖𝑖)  
6. Initialise 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖with a copy of 𝑋𝑋𝑖𝑖  
7. Initialise 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 with a copy of 𝑋𝑋𝑖𝑖 with the best fitness  
8. For each iteration until T, maximum iteration: 
9.  For each particle 𝑖𝑖 in a swarm population size 𝑃𝑃  
10.   For each data vector, 𝑧𝑧𝑝𝑝 

4 
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3. for each OG colour channel 
4.  compute fuzzy rule-based model to find β parameter. 
5.  compute TBCSSR formula with input β parameter 

(Equation 1 until Equation 7) 
6.  map histogram with d using equation 6 
7. end for 
8. Merge OG,new to ORGB,new 
9. Convert ORGB,new to OLAB colour model 
10. Initialise 𝑋𝑋𝑖𝑖 randomly within [LB, UB]D 
11. Initialise 𝑉𝑉𝑖𝑖𝑛𝑛𝑛𝑛𝑛𝑛_𝑡𝑡  
12. Evaluate the fitness 𝑓𝑓(𝑋𝑋𝑖𝑖)  
13. Initialise 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖with a copy of 𝑋𝑋𝑖𝑖  
14. Initialise 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 with a copy of 𝑋𝑋𝑖𝑖 with the best fitness  
15. For each iteration until T, maximum iteration: 
16.  For each particle 𝑖𝑖 in a swarm population size 𝑃𝑃  
17.   For each data vector, 𝑧𝑧𝑝𝑝 
18.    Update 𝑉𝑉𝑖𝑖 
19.    Calculate Euclidean distance  
20.    Evaluate the fitness 𝑓𝑓(𝑋𝑋𝑖𝑖𝑡𝑡) 
21.    Update 𝑉𝑉𝑉𝑉𝑉𝑉𝑛𝑛𝑛𝑛𝑛𝑛,𝑖𝑖 and 𝑋𝑋𝑗𝑗𝑗𝑗𝑡𝑡  according to Equation 7, 

Equation 8 and Equation 9   
22.    Update 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖  𝑋𝑋𝑖𝑖𝑡𝑡 if 𝑓𝑓(𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑖𝑖) < 𝑓𝑓(𝑋𝑋𝑖𝑖𝑡𝑡) 
23.    Update 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 𝑋𝑋𝑖𝑖𝑡𝑡 if 𝑓𝑓(𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔) < 𝑓𝑓(𝑋𝑋𝑖𝑖𝑡𝑡) 
24. End for 
25. Convert SI to SRGB colour model 
26. Compute Contrast Stretching on SRGB  
27. End 
28. Result image: IRGB 

 
 

RESULT AND EVALUATION 
 

A qualitative analysis was conducted using a visual assessment of 20 
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RESULT AND EVALUATION

A qualitative analysis was conducted using a visual assessment of 20 
original retinal fundus images. Table 4 until Table 8 shows 5 out of 20 
retinal fundus image assessments focused on three types of features: 
retinal vessel and retinal haemorrhages, hard exudate, and optic disc. 
The results showed that both TBCSSR and fTBCSSRhm produced 
clear retinal vessels and retinal haemorrhages in all images, as shown 
in Table 4. However, both produced less-illuminated hard exudate and 
the optic disc, with some images showing a slightly reddish colour in 
the centre.

The assessment from Table 4 also indicates that lavHPSOCS produces 
a resultant image with clear features followed by the HPSOCS. At 
the same time, the contrast stretching technique produced an over-
illuminate resultant image on the hard exudate and optic disc. The 
overall visual assessment focusing on the illumination and image 
homogenous in Table 6 shows that only the contrast stretching 
technique produces an over-illuminate resultant with a homogenous 
image even though no over-illuminate resultant image was assessed 
on HPSOCS and lavHPSOCS 4 and 13 resultant images out of 20 
produced a non-homogenous image from HPSOCS and lavHPSOCS 
respectively. It was followed by the lavHPSOCS technique, which 
produced 20 resultant images with clear retinal vessels and retinal 
haemorrhage, 11 with clear hard exudate, and 8 with clear optic disc 
images. The lowest performance of resultant images accessed by 
the specialist is on the lavHPSOCS, where only 19 resultant images 
accessed as clear retinal vessels and retinal haemorrhage, ten resultant 
images have clear hard exudate and 13 resultant images with clear 
optic disc. The balance of resultant images for all techniques contains 
an over-illumined image section, and some images have no hard 
exudate. 

A score given by a specialist ophthalmologist shown in Table 9 
indicates that the lavHPSOCS is rated with ‘very good’ for all five 
questions, which asked about the better resultant image, clarity of 
features and abnormalities, suitability for DR staging, desired colour 
representation and no missing criteria. HPSOCS was also rated as 
‘very good’ for desired colour representation without missing criteria. 
The contrast stretching technique was rated ‘bad’ for all questions. 
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Even though the resultant image looks clearer with pixel distribution 
normalised and a high dynamic range, it is not accepted from a medical 
point of view. A specialist ophthalmologist rated fTBCSSRhm ‘very 
good’ in all five questions related to the resultant image, clarity of 
features and abnormalities, suitability for DR staging, desired colour 
representation, and missing criteria. 
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Despite qualitative analysis results being similar, quantitative analysis 
reveals that eTBCSSR-HPSOCS and lavHPSOCS performs better with 
main evaluation matrices as presented in Table 11. The higher the MSE, 
PSNR, SSIM and UQI, the better the quality of the image obtained. 
While, a lower value of entropy produces better image output. The 
result tabulated in Table 11 indicates that eTBCSSR-HPSOCS have 
better results on the MSE (42.72859), PSNR (32.76795), and entropy 
(0.97734) compared to other algorithms, while lavHPSOCS give 
better result on SSIM (0.994972) and UQI (0.953187) performance 
matrices.  The result indicates the naturality and colour preference of 
the eTBCSSR-HPSOCS and lavHPSOCS resultant image close to the 
original retinal fundus image. The features are legibly seen, and this 
technique has also improved the visual perception of the image. This 
technique can easily identify the areas affected by retinal diseases. 
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CONCLUSION AND FUTURE WORK

This research aims to enhance retinal fundus images and reduce 
constraints related to low quality and human error. Three objectives 
are set: First, to standardise the colour of retinal fundus images, as 
colour is crucial in prescribing morphological features and stages of 
diabetic retinopathy. A new colour correction algorithm, fTBCSSRhm, 
is proposed to address image size uncertainty and standardise the 
colour of retinal fundus images.  Second, to enhance the bright and 
dark regions of interest within standard colour retinal fundus images. 
A new improvised algorithm, eTBCSSR-HPSOCS, is proposed, 
a hybrid of TBCSSR and HPSOCS algorithms. The eTBCSSR-
HPSOCS improves the β parameter using a fuzzy ruled-based 
model and integrates with histogram matching of standard colour 
retinal fundus images. The HPSOCS improves by implementing the 
lightness component of LAB colour space as velocity determination 
in PSO. Third, the performance of the eTBCSSR-HPSOCS will be 
evaluated, and the three algorithms (CS, TBCSSR, and HPSOCS) 
will be compared.  The outcome shows that the eTBCSSR-HPSOCS 
and lavHPSOCS resultant images are naturalistic and have a colour 
preference similar to the original retinal fundus image. This approach 
has enhanced the image’s visual perception while maintaining the 
features’ readability. This approach makes it easy to identify the areas 
impacted by retinal disorders. 

Hence, eTBCSSR-HPSOCS model has been shown to improve 
retinal fundus images to near-natural colour, but it has limitations. 
Some images over-illuminate in certain areas, requiring further image 
enhancement. The study’s data is only limited to 100 retinal fundus 
images from primary data sources. Addressing these limitations 
requires further research, including developing novel colour image 
processing variants, hybridising with other techniques, theoretical 
investigations, empirical studies, and applications in diverse problem 
domains. Further research is needed to address these limitations and 
improve the model’s effectiveness.
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