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Abstract: Diabetic retinopathy (DR) is a leading cause of visual impairment and blindness in patients with diabetes, making early and
accurate screening essential for timely clinical intervention. This paper presents an automated framework for DR detection and severity
assessment using retinal fundus images, classical image processing techniques, and lesion-based feature extraction. The proposed
method consists of five main stages: image preprocessing, blood-vessel detection, optic-disc removal, microaneurysm and hemorrhage
detection, and rule-based severity classification. In the preprocessing stage, fundus images are converted to grayscale, enhanced using
contrast-limited adaptive histogram equalization (CLAHE), and processed with circular masking to remove non-retinal background
regions. The feature extraction stage identifies retinal blood vessels and detects key DR-related lesions, particularly microaneurysms
and hemorrhages. The extracted lesion features are then used to classify the severity of DR through an interpretable rule-based
decision process. The framework was evaluated using 1,000 fundus images representing different DR severity levels and achieved
an overall classification accuracy of 93.75%. The results indicate that the proposed approach offers an effective, transparent, and
low-complexity solution for automated DR screening. Therefore, it can provide practical support for ophthalmologists and healthcare
systems, particularly in large-scale screening programs and resource-constrained clinical environments. This work also contributes to
the United Nations Sustainable Development Goal 3 (Good Health and Well-Being) by supporting early, accessible, and cost-effective
screening for diabetic eye disease.
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1 Introduction
Diabetes mellitus is a major global public-health problem,
and its burden continues to increase worldwide. As the
number of patients with diabetes rises, the frequency of
chronic microvascular complications also increases,
among which diabetic retinopathy (DR) remains one of
the most clinically important because it threatens vision
and quality of life. DR develops progressively as
long-term metabolic dysregulation damages the retinal
microvasculature, leading to structural and functional
changes that may remain clinically silent in the early

stages. Consequently, patients may present only after
substantial retinal injury has occurred, making systematic
screening essential for timely diagnosis and treatment [1,
2,3].

Diabetic retinopathy is characterized by a spectrum of
retinal abnormalities that reflect disease severity and
progression. In the early non-proliferative stage, the retina
may exhibit microaneurysms, small hemorrhages, hard
exudates, and subtle vascular alterations. As the disease
advances, additional signs such as venous beading,
intraretinal microvascular abnormalities, widespread
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ischemia, and finally neovascularization may appear, with
severe cases progressing to proliferative diabetic
retinopathy and irreversible visual loss [4,5]. Because
these lesions are directly visible in color fundus
photographs, retinal imaging has become the cornerstone
of large-scale DR screening programs and
computer-aided diagnosis systems [6,7,3].

A major clinical challenge is that manual grading of
fundus images is labor-intensive, time-consuming, and
dependent on the availability of trained ophthalmologists
or retinal specialists. This limitation becomes more
serious in large screening programs, rural settings, and
low-resource health systems where the volume of patients
is high but specialist access is limited. For this reason,
automated analysis of retinal images has attracted
sustained interest for more than two decades as a practical
means of improving screening coverage, reducing
workload, and prioritizing patients who need urgent
referral [8,9,10].

To standardize clinical assessment, several grading
systems have been developed for DR. The Early
Treatment Diabetic Retinopathy Study (ETDRS)
established a rigorous photographic grading protocol that
remains a reference framework in clinical research. Later,
the International Clinical Diabetic Retinopathy Disease
Severity Scale provided a simplified and widely adopted
classification scheme for routine clinical use and
communication among physicians. These grading systems
are particularly relevant for automated image analysis
because they define the lesion patterns and severity
thresholds that screening algorithms attempt to identify
[7,6].

From a technical perspective, automated DR detection
methods can be broadly divided into classical
image-processing approaches, machine-learning systems
based on handcrafted features, and more recent
deep-learning methods. Classical approaches usually rely
on preprocessing, contrast enhancement, vessel
segmentation, optic-disc localization, candidate lesion
extraction, and rule-based or feature-based classification.
Their main strengths are interpretability, relatively low
computational cost, and the ability to map algorithmic
decisions to clinically meaningful retinal structures such
as blood vessels, exudates, hemorrhages, and
microaneurysms. These properties remain attractive in
screening environments where transparency, simplicity,
and modest hardware requirements are important design
constraints [8].

In recent years, deep learning systems have achieved
strong performance in the detection of referable DR from
fundus photographs. Landmark studies demonstrated that
data-driven models can achieve high sensitivity and
specificity in large validation cohorts, and autonomous AI
systems have further demonstrated the feasibility of
point-of-care DR screening in primary care settings.
Nevertheless, such systems generally depend on large
annotated datasets, substantial computational resources,
and careful external validation across populations and

imaging devices. In contrast, classical lesion-oriented
pipelines still offer an important practical alternative
when explainability, lighter deployment, and explicit
lesion analysis are desired [9,10,11].

Recent image-based diagnostic studies have also
explored segmentation and feature-extraction strategies
for disease recognition, as well as feature-fusion deep
learning models for medical-image classification, further
demonstrating the value of structured visual feature
analysis in automated diagnosis [12,13].

Motivated by these considerations, this paper presents
an automated DR screening framework based on classical
image processing and lesion feature extraction from
retinal fundus images. The proposed approach
emphasizes image enhancement, anatomical structure
analysis, and the detection of clinically relevant
pathological signs before assigning a DR severity label.
Rather than treating the image as a black-box input to an
end-to-end predictor, the method follows a structured
pipeline in which each stage corresponds to a
recognizable diagnostic objective, including retinal
preprocessing, vessel analysis, lesion detection, and
disease grading.

The main objective of this work is therefore to
develop a computationally efficient and clinically
interpretable screening method for diabetic retinopathy
that can support ophthalmologists in early detection and
triage. Such a framework is particularly relevant for
scalable screening programs and resource-constrained
settings, where robust automated prescreening may help
reduce diagnostic burden while preserving transparency
in decision-making.

The remainder of this paper is organized as follows.
Section 2 surveys related work on automated diabetic
retinopathy screening. Section 3 details the proposed
image-processing-based methodology. Section 4
describes the experimental setup and reports the results
with discussion. Section 5 outlines directions for future
work. Section 6 concludes the paper.

2 Related Work

The increasing prevalence of diabetes and its
complications has made systematic diabetic retinopathy
(DR) screening a continuing priority for healthcare
systems [1]. Epidemiological evidence indicates that DR
affects a substantial fraction of individuals with diabetes
and remains a major contributor to vision impairment,
particularly when diagnosis and referral are delayed [2].
Clinically, DR manifests through characteristic vascular
and lesion patterns that reflect progressive microvascular
damage and retinal ischemia [3]. Because many
early-stage cases are asymptomatic, screening programs
rely heavily on retinal imaging, most commonly color
fundus photography, to identify lesion cues that warrant
closer monitoring or treatment.
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2.1 Clinical grading standards and screening
endpoints

The design and evaluation of automated DR screening
systems are strongly influenced by clinical grading
protocols. The ETDRS photographic grading scheme
provides a detailed and reproducible reference standard
that remains widely used in research and algorithm
validation [7]. For large-scale screening and routine care,
simplified grading systems were later proposed to
improve practicality and inter-clinician communication,
including the International Clinical Diabetic Retinopathy
Disease Severity Scale [6]. These frameworks define the
lesion types and severity thresholds that automated
methods typically target, and they motivate algorithmic
emphasis on early lesion detection (e.g.,
microaneurysms), bright lesions (e.g., hard exudates), and
vascular abnormalities associated with more advanced
stages.

2.2 Datasets and benchmarking resources

Progress in automated DR analysis has been supported by
public datasets and standardized evaluation protocols.
The Messidor database has been widely used for
benchmarking screening and grading methods, and it has
supported comparisons across diverse algorithmic
strategies [14]. Similarly, DIARETDB1 provides
annotated images and an evaluation protocol aimed at
systematic assessment of DR lesion detection and related
tasks [15]. The availability of such datasets has
encouraged reproducible performance reporting and has
enabled the community to compare preprocessing
strategies, lesion detectors, and grading pipelines under
shared experimental conditions.

2.3 Classical image-processing pipelines for
retinal analysis

Earlier automated screening approaches predominantly
relied on classical image processing with explicit
modeling of anatomical structures and pathological
lesions. These systems commonly begin with illumination
correction, contrast enhancement, and background
suppression to normalize acquisition variability and
improve lesion visibility. A key step in many pipelines is
the localization of anatomical landmarks, such as the
optic disc and fovea, which supports region-of-interest
definition and reduces false positives in bright-lesion
detection. For example, Sinthanayothin et al. proposed
automated localization of the optic disc, fovea, and retinal
vessels to facilitate downstream analysis in screening
contexts [16].

Blood vessel segmentation is another foundational
component because the vasculature provides anatomical

context and assists in the interpretation of red lesions and
neovascular patterns. Staal et al. presented a ridge-based
vessel segmentation approach that has been widely
referenced and used as a baseline in retinal image analysis
and DR-related pipelines [17]. Vessel maps are often used
to suppress vessel-like responses when detecting
microaneurysms, to define candidate search regions, and
to compute vessel-derived descriptors relevant to disease
progression.

2.4 Lesion detection: exudates and
microaneurysms

A substantial body of classical work has focused on
detecting individual DR lesions, particularly exudates and
microaneurysms, due to their diagnostic relevance and
visibility in fundus images. Bright-lesion (exudate)
detection frequently employs morphological processing,
color/intensity feature modeling, optic-disc suppression,
and candidate validation. Walter et al. presented an
influential image-processing method for detecting
exudates in color fundus images, illustrating how
carefully designed preprocessing and candidate extraction
can support computer-assisted DR diagnosis [18].
Subsequent studies explored morphological and
clustering-based segmentation strategies to improve
robustness in low-contrast or non-mydriatic imaging
conditions. Sopharak et al. proposed morphology-driven
exudate detection for non-dilated retinal images,
emphasizing practical screening constraints [19]. More
recent classical pipelines incorporated refined contour
modeling and region-wise classification to improve lesion
boundary accuracy and reduce false detections, such as
the approach by Harangi and Hajdu [20].

Microaneurysm detection has received particular
emphasis because microaneurysms are among the earliest
observable DR signs and are strongly associated with
disease onset and progression. Many methods use
multiscale filtering, candidate extraction near vessels, and
shape/intensity constraints, followed by classifier-based
verification. To facilitate direct comparison across
microaneurysm detectors, the Retinopathy Online
Challenge (ROC) provided a common dataset and
evaluation methodology; Niemeijer et al. reported
comparative results and highlighted the variability across
detectors when tested under standardized conditions [21].
Such benchmarking efforts clarified which preprocessing
and candidate verification strategies generalize better
across image quality and device differences.

2.5 Feature-based machine learning and hybrid
screening systems

Between purely rule-based pipelines and end-to-end deep
learning, many systems combine handcrafted features
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with conventional classifiers. Related feature-based
medical image diagnosis approaches using handcrafted
texture descriptors have also been reported in other
biomedical imaging applications, such as chest
sarcoidosis classification using gray-level co-occurrence
matrix features and machine learning [22]. These
approaches typically compute lesion counts, lesion areas,
vessel-derived descriptors, and image-level quality
indicators, and then use classifiers such as SVMs,
ensembles, or probabilistic models to determine disease
presence or severity. Antal and Hajdu proposed an
ensemble-based screening framework that integrates
outputs from multiple retinal image processing
components (anatomical, lesion-specific, and
image-level) and then aggregates decisions using a
machine-learning ensemble, demonstrating competitive
screening performance on public data [23]. This line of
work is closely aligned with classical interpretability
goals because intermediate measurements remain
clinically meaningful and can be inspected to justify the
final grade.

2.6 Deep learning for DR screening and clinical
deployment

Deep learning has become the dominant paradigm for
referable DR detection due to its ability to learn
discriminative representations from large labeled datasets.
Gulshan et al. demonstrated high diagnostic performance
for detecting referable DR using deep neural networks
validated across multiple datasets [9]. Ting et al. further
reported strong performance across multiethnic
populations and for related eye diseases, reinforcing
generalization considerations in real-world screening
[10]. Additional studies explored CNN-based grading and
severity classification, including work by Pratt et al. on
CNN models for DR categorization [24] and by Gargeya
and Leng on deep-learning-based DR identification with
external validation on public datasets [25]. Beyond
retrospective evaluation, autonomous AI screening has
been validated in clinical workflow settings; Abràmoff et
al. reported a pivotal trial of an autonomous diagnostic
system deployed in primary care, demonstrating
feasibility under operational constraints [11]. More
broadly, deep neural networks combined with
optimization strategies have also shown strong
performance in other medical image diagnosis tasks,
further illustrating the translational potential of
data-driven screening frameworks [26].

2.7 Study rationale and positioning

Although deep learning has achieved strong screening
accuracy, practical deployment can be constrained by
requirements for large curated training datasets, careful

external validation across devices and populations, and
computational considerations [9,10,11]. Classical
image-processing and lesion-oriented pipelines remain
relevant where interpretability, modular design, and
lightweight implementation are priorities. Motivated by
these considerations, this study follows a structured
classical approach that emphasizes preprocessing, explicit
extraction of clinically meaningful features (e.g., vessels
and lesions), and severity grading guided by established
clinical concepts [7,6]. This design aligns with scalable
prescreening needs and can be particularly suitable for
resource-constrained environments where transparent
decision logic and fast execution are required [1,2].

3 Methodology

This section describes the proposed classical
image-processing pipeline for diabetic retinopathy (DR)
screening from color fundus images. The proposed
method comprises five stages: (i) preprocessing
(grayscale conversion, CLAHE enhancement, and
background masking), (ii) blood-vessel detection, (iii)
optic disc (OD) removal, (iv) microaneurysm and
hemorrhage detection, and (v) rule-based severity
grading.

Figure 1 summarizes the overall workflow of the
proposed diabetic retinopathy screening system. Starting
from the acquired fundus image, the pipeline performs
preprocessing to enhance contrast and suppress
background artifacts, then extracts anatomical and
lesion-related features through vessel analysis, optic-disc
suppression, and detection of microaneurysms and
hemorrhages. Finally, the detected lesion burden is
mapped to a DR severity grade using a lightweight
rule-based decision stage.
Figure 2 provides a detailed view of the proposed
technique and clarifies how the major processing blocks
interact to produce the final screening-oriented output.
Starting from the input colour fundus image, the pipeline
applies contrast normalization and field-of-view masking
to reduce illumination variability and suppress non-retinal
background. A vessel-enhancement stage based on
Gaussian smoothing and multi-orientation matched
filtering produces an explicit vessel map, which is
subsequently used to suppress vessel-like structures
during lesion analysis. The optic disc is then localized as
a bright, approximately circular region and masked to
reduce false detections caused by bright anatomical
structures and strong peripapillary gradients. After these
confounders are handled, red-lesion candidates are
generated using morphology-based enhancement and
connected-component extraction, and then refined in two
dedicated streams: microaneurysm detection (favoring
small, near-circular blobs) and hemorrhage detection
(region-based extraction with boundary refinement and
size/shape filtering). Finally, lesion features (counts and
burden descriptors) are aggregated at the image level and
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Fig. 1 Overall structure of the proposed classical image-processing-based diabetic retinopathy screening pipeline.

passed to a transparent rule-based classifier that assigns
one of four lesion-burden categories (No DR, Mild,
Moderate, Severe) and an optional derived binary
screening decision (non-referable vs referable). This
figure is included to emphasize the workflow’s
interpretability and to show the intermediate outputs
available for audit (vessels, optic disc mask, lesion maps)
alongside the final decision.

3.1 Notation

Let the input RGB fundus image be denoted by
IRGB : Ω → {0, . . . ,L − 1}3, where Ω ⊂ Z2 is the pixel
grid and L is the number of intensity levels (typically
L = 256). After preprocessing, the working grayscale
image is I : Ω →{0, . . . ,L−1}.

3.2 Fundus image preprocessing

3.2.1 Grayscale conversion

To reduce computational complexity while preserving
lesion visibility, the color image is converted to grayscale.
A standard luminance mapping can be used:

I(x,y) = 0.299R(x,y)+0.587G(x,y)+0.114B(x,y), (1)

where (R,G,B) are the RGB channels of IRGB. In practice,
many retinal pipelines rely strongly on the green channel
due to its higher vessel/lesion contrast; either strategy is
compatible with the remainder of the method.

3.2.2 Contrast enhancement using CLAHE

Fundus images frequently exhibit non-uniform
illumination and low local contrast. While standard
Histogram Equalization (HE) can improve global
contrast, it often over-amplifies background noise and
creates unnatural artifacts in retinal images. Therefore,
contrast-limited adaptive histogram equalization
(CLAHE) is specifically chosen and applied in this
framework. By operating on local image tiles and
clipping the histogram to limit noise amplification,
CLAHE effectively enhances the visibility of subtle
structures—such as microaneurysms and thin
vessels—without distorting the surrounding tissue [27,
28]. For a local tile, let nk be the number of pixels in the
tile having gray level k ∈ {0, . . . ,L − 1}, and let
N = ∑

L−1
k=0 nk be the number of pixels in that tile. The

cumulative distribution function (CDF) is:

CDF(r) =
r

∑
k=0

nk

N
, r ∈ {0, . . . ,L−1}. (2)

Histogram equalization maps an input level r to an
enhanced level s by

s = (L−1)CDF(r). (3)

CLAHE implements this mapping locally (per tile) and
additionally clips the histogram to limit noise
amplification, then interpolates the results across tile
boundaries [27,28]. The enhanced image is denoted by
Iclahe. To explicitly model the contrast-limiting operation
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Fig. 2 Detailed structure of the proposed technique of image processing-based detection of diabetic retinopathy from fundus images.

used in CLAHE, the histogram of each local tile is
clipped according to

ñk = min(nk,nclip), (4)

where nclip is the clipping limit. The excess histogram
mass is redistributed across the L gray levels as

nCLAHE
k = ñk+

1
L ∑ j = 0L−1(n j − ñ j). (5)

Accordingly, the local CLAHE-enhanced intensity can be
written as

Iclahe(x,y) = (L−1)
I(x,y)

∑
k=0

nCLAHE
k

N
. (6)

3.2.3 Background removal via circular masking

To suppress non-retinal background, borders, and camera
artifacts, circular masking is applied [29]. Let (x0,y0) be

the fundus center and R be the radius of the valid retinal
field-of-view (FOV). The binary mask M : Ω →{0,1} is:

M(x,y) =

{
1, (x− x0)

2 +(y− y0)
2 ≤ R2,

0, otherwise.
(7)

The masked image is then computed by pointwise
multiplication:

Ifov(x,y) = Iclahe(x,y)M(x,y). (8)

3.3 Blood vessel detection

Vessel extraction provides anatomical context and reduces
false positives during lesion detection.

3.3.1 Gaussian smoothing

Noise suppression and smoothing are performed using
Gaussian filtering:

Gσ (x,y) =
1

2πσ2 exp
(
−x2 + y2

2σ2

)
, (9)
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Ig = Ifov ∗Gσ , (10)

where ∗ denotes 2D convolution and σ is chosen to be
small so that noise is reduced while vessel structures are
preserved.

3.3.2 Matched filtering for vessel enhancement

Vessels can be enhanced by convolving the image with a
vessel-shaped kernel (a matched filter) [30]. Let hθ

denote a matched filter oriented at angle θ . The response
at orientation θ is:

Rθ = Ig ∗hθ , (11)

and a common multi-orientation enhancement is the
maximum response:

Rmax(x,y) = max
θ∈Θ

Rθ (x,y), (12)

where Θ is a discrete set of orientations spanning [0,π).

3.3.3 Morphological refinement and binarization

To remove small artifacts, bridge gaps, and regularize
vessel boundaries, morphological operators are applied
[31,32]. With structuring element B, erosion and dilation
are:

R⊖B, R⊕B, (13)

and opening/closing are:

R◦B = (R⊖B)⊕B, R•B = (R⊕B)⊖B. (14)

A binary vessel map is then obtained using thresholding:

V (x,y) =

{
1, Rmorph(x,y)≥ τv,

0, otherwise,
(15)

where Rmorph is the morphologically refined response and
τv is a chosen threshold (e.g., fixed or data-driven [33]). In
this study, τv is selected adaptively using Otsu’s between-
class variance criterion:

τv = argmax
t

[
ω0(t)ω1(t)(µ0(t)−µ1(t))

2
]
, (16)

where ω0(t) and ω1(t) are the probabilities of the
background and foreground classes at threshold t, and
µ0(t) and µ1(t) are their corresponding mean intensities.

3.4 Optic disc removal

The optic disc is a bright, approximately circular region
where major vessels converge and may be confused with
bright lesions. The optic disc is removed by detecting the
brightest approximately circular region using intensity

thresholding and suppressing it before lesion analysis. Let
Q = Q1,Q2, . . . ,Qm denote the set of bright connected
components obtained after thresholding the enhanced
image. The optic-disc candidate is selected as

Q∗
OD = arg max

Qi∈Q
[Ī(Qi)+λ ·Circ(Qi)] . (17)

where Ī(Qi) is the mean intensity of component Qi,
Circ(Qi) is its circularity, and λ controls the relative
contribution of the circularity term. The optic-disc mask
is then defined as

MOD(x,y) =

{
1, (x,y) ∈ QOD ⊕BOD,

0, otherwise,
(18)

where BOD is a structuring element used to slightly dilate
the detected optic-disc region. The optic-disc-suppressed
image is then computed as

InoOD(x,y) = Ifov(x,y)(1−MOD(x,y)) . (19)

3.5 Microaneurysm and hemorrhage detection

The method focuses on dark lesions (microaneurysms and
hemorrhages) after OD suppression and vessel processing.

3.5.1 Top-hat filtering for enhancing dark lesions

To enhance small dark structures against the background,
a black top-hat transform is utilized. This specific
morphological operation was selected because it is highly
effective at isolating elements that are smaller than the
chosen structuring element while ignoring larger, uniform
background variations. By using a disk-shaped structuring
element scaled slightly larger than the average
microaneurysm diameter, the transform successfully
emphasizes these early pathological signs while
suppressing broader illumination gradients [31,32]:

Tbh = (InoOD •B)− InoOD, (20)

where B is typically a disk-shaped structuring element.
This emphasizes dark blobs smaller than the structuring
element scale. After optic-disc and vessel suppression, the
initial red-lesion candidate mask is obtained as

L0(x,y) = 1{Tbh(x,y)≥ τℓ}(1−V (x,y))
× (1−MOD(x,y))M(x,y),

(21)

where τℓ is the lesion-candidate threshold and 1{·} denotes
the indicator function.
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3.5.2 Candidate extraction and contrast-based labeling

Candidates are obtained by thresholding Tbh and
performing connected-component (blob) analysis. Not all
detected blobs correspond to true microaneurysms;
therefore, candidate regions are filtered according to a
predefined small-diameter range and then assessed using
a local contrast measure. For a candidate region S and its
surrounding ring region R:

µS =
1

|S | ∑
(x,y)∈S

InoOD(x,y), (22)

µR =
1
|R| ∑

(x,y)∈R

InoOD(x,y), (23)

C = µR −µS , (24)

where higher C indicates a darker spot relative to its
surroundings and is more likely to be a microaneurysm.

3.5.3 Hemorrhage segmentation and shape filtering

Hemorrhages typically appear as larger dark regions than
microaneurysms, so their detection often benefits from
region-based segmentation. To identify hemorrhage
candidates, we first apply region growing, then refine the
detected boundaries, and finally use shape- and size-based
filtering to remove unlikely regions. In the standard
region growing approach, a region H is initialized from a
seed pixel p0 and iteratively expanded by adding
neighboring pixels p ∈ N (H) that satisfy a homogeneity
criterion [34]:

p ∈ H if |InoOD(p)−µH | ≤ τg, (25)

where µH is the current region mean and τg is a tolerance.
Edges can be refined using the Canny detector [35] to

separate hemorrhage boundaries from vessels/background.
Finally, candidates are filtered by area and circularity. With
lesion area A and perimeter P, circularity is:

Circ =
4πA
P2 , (26)

where values close to 1 indicate near-circular shapes, and
lower values indicate elongated structures (often vessels)
[36]. The final output of this stage is a binary lesion map
L containing labeled microaneurysm and hemorrhage
detections. Let C = C1,C2, . . . ,CK denote the connected
components extracted from L0. Each component Ck is
described using its area Ak, perimeter Pk, circularity
Circk, and local contrast Cloc

k . Microaneurysm candidates
are retained according to

MMA =
{

Ck ∈ C : AMA
min ≤ Ak ≤ AMA

max,

Circk ≥ ηMA,

Cloc
k ≥ τMA

}
.

(27)

where AMA
min and AMA

max define the expected size range of
microaneurysms, ηMA is the minimum circularity
threshold, and τMA is the minimum local-contrast
threshold.

Hemorrhage candidates are retained according to

MH =
{

Ck ∈ C : Ak ≥ AH
min,

Circk ≤ ηH,

Cloc
k ≥ τH

}
.

(28)

where AH
min is the minimum area used to distinguish larger

hemorrhagic regions from small microaneurysm-like
blobs, ηH is the circularity threshold used to allow
irregular hemorrhage shapes, and τH is the minimum
contrast threshold.

3.6 Rule-based classification (severity grading)

DR severity is graded by counting detected lesions and
applying threshold-based rules. Let N be the number of
detected lesion components (microaneurysms and
hemorrhages) in L. The total lesion burden used for
grading is therefore computed as

N = |MMA|+ |MH| . (29)

The severity grade G ∈ {0,1,2,3} is assigned by:

G(N) =


0, N ≤ 1 (No DR / Normal),
1, 2 ≤ N ≤ 5 (Mild DR),
2, 6 ≤ N ≤ 20 (Moderate DR),
3, N > 20 (Severe DR).

(30)

This decision logic provides a lightweight and
interpretable grading mechanism because it is directly
linked to lesion burden, and each stage can be inspected
visually (preprocessed image, vessel map, OD mask,
lesion candidates, and final labeled lesions).

All operational parameters and classification
thresholds used in this study were determined empirically
based on a validation subset of the JSIEC dataset. For
vessel binarization, the threshold τv was dynamically set
using Otsu’s method to adapt to varying illumination
across different fundus images. For hemorrhage region
growing, the tolerance τg was calibrated to restrict region
expansion to adjacent pixels within a 15% intensity
variance from the region mean, preventing the
over-segmentation of dark background areas. Finally, the
lesion count boundaries G(N) (0–1 for No DR, 2–5 for
Mild, 6–20 for Moderate, and >20 for Severe) were
established by aligning the algorithmic detection
sensitivity with the clinical severity definitions provided
by the International Clinical Diabetic Retinopathy
Disease Severity Scale.
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4 Experimental Work and Results

This section describes the dataset and evaluation protocol
used to validate the proposed technique, followed by
quantitative results, qualitative examples, error analysis,
and comparison with related screening approaches.

4.1 Dataset description and evaluation protocol

In this research, 1000 color fundus images
(approximately 3000× 3000 pixels) are used to evaluate
the accuracy and efficiency of the proposed technique.
The dataset is derived from the Joint Shantou
International Eye Centre (JSIEC) in Shantou, Guangdong
province, China, and consists of 1000 images drawn from
a larger JSIEC collection (reported as 209,494 fundus
images) that has been used for training, validation, and
testing platforms for automatic retinal disease detection
[37,38]. The multi-disease context (automatic detection
of 39 fundus diseases and conditions) is described in [39].

For DR grading, the selected fundus images were
categorized into four severity classes: No DR, Mild,
Moderate, and Severe. The evaluation dataset was
balanced across these classes, with 250 images per class.
Such a balance is important for fair assessment because
the difficulty of accurate grading typically increases with
disease severity due to greater variability in lesion
presentation and increased visual overlap among
advanced stages.

The full pipeline is implemented in MATLAB.
Figures 3–6 illustrate representative examples from the
four stages (No DR, Mild, Moderate, Severe) and visually
demonstrate the main processing steps (preprocessing,
vessel extraction, optic-disc suppression, lesion detection,
and rule-based grading) using regenerated high-resolution
MATLAB outputs.

4.2 Quantitative results

4.2.1 Stage-wise accuracy and overall accuracy

Table 1 summarizes the quantitative performance of the
proposed approach. The evaluation was conducted on
1,000 fundus images, equally distributed across the four
DR severity classes, with 250 images in each class. For
clarity of presentation, Table 1 reports normalized counts
per 100 images in each class, while the reported
percentages and overall accuracy correspond to the full
evaluation set. The proposed method achieved its highest
class-wise accuracy for No DR (98%) and its lowest
class-wise accuracy for Severe DR (90%), with an overall
accuracy of 93.75%. The gradual decline in performance
with increasing disease severity is expected, since
advanced stages typically exhibit denser pathology and
greater overlap in lesion appearance and distribution,
making threshold-based grading more challenging.

Table 1 Stage-wise classification performance of the proposed
classical image processing technique (Evaluated on N = 1000
images; n = 250 per severity class).

Stage
True

prediction
False

prediction
Accuracy

(%)
No DR 98 2 98
Mild 95 5 95
Moderate 92 8 92
Severe 90 10 90
Overall – – 93.75

For completeness, let C ∈ N4×4 denote the multi-class
confusion matrix, where Ci j represents the number of
images belonging to true class i that were predicted as
class j:

Ci j = |{n : yn = i ∧ ŷn = j}| . (31)

The overall accuracy is then defined as

Acc =
∑

3
i=0 Cii

∑
3
i=0 ∑

3
j=0 Ci j

. (32)

4.2.2 Sensitivity / recall (computable from the reported
counts)

For each class i (one-vs-rest view), sensitivity (recall) is

Sensi =
TPi

TPi +FNi
=

Cii

∑
3
j=0 Ci j

. (33)

Because Table 1 provides true and false predictions per
class, the stage-wise accuracies equal the class-wise
sensitivities under the table’s implied denominators:

SensNo DR = 0.98, SensMild = 0.95,
SensModerate = 0.92, SensSevere = 0.90.

(34)

4.2.3 Confidence intervals

To quantify statistical uncertainty, a 95% confidence
interval for the overall classification accuracy was
estimated using the full evaluation set of 1,000 fundus
images, distributed equally across the four DR severity
classes. The confidence interval was calculated as

CI95% = Acc±1.96

√
Acc(1−Acc)

N
. (35)

For the observed overall accuracy of 93.75%, the
approximate 95% confidence interval is [92.25%,
95.25%]. These results suggest that the reported
performance is reasonably stable with respect to sampling
variation in the evaluated dataset.
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4.2.4 Confusion Matrix and Diagnostic Metrics

To provide a comprehensive clinical evaluation of the
proposed framework, Table 2 presents the multi-class
confusion matrix derived from the 1,000 evaluated fundus
images.

For class i, the one-vs-rest quantities are defined as

TPi =Cii, (36)

FNi =
3

∑
j=0
j ̸=i

Ci j, (37)

FPi =
3

∑
j=0
j ̸=i

C ji, (38)

TNi =
3

∑
p=0
p̸=i

3

∑
q=0
q̸=i

Cpq. (39)

Specificity, precision, and F1-score are then computed as

Speci =
TNi

TNi +FPi
, (40)

Preci =
TPi

TPi +FPi
, (41)

F1i =
2×Preci ×Sensi

Preci +Sensi
. (42)

From this matrix, we computed the one-vs-rest
sensitivity (recall) and specificity for each diagnostic
stage. The system achieved a sensitivity of 98.0% for ‘No
DR’, 95.2% for ‘Mild’, 92.0% for ‘Moderate’, and 90.0%
for ‘Severe’. Correspondingly, the one-vs-rest specificity
remained exceptionally high across all stages: 99.2% for
‘No DR’, 98.3% for ‘Mild’, 95.9% for ‘Moderate’, and
98.4% for ‘Severe’. The high sensitivity and specificity in
the early stages confirm the method’s viability as a rapid
prescreening tool to filter out normal cases, while the
progressive drop in sensitivity for advanced stages
correlates with the increased morphological complexity
and feature overlap of severe retinopathy.

4.3 Qualitative results (visual inspection)

Figures 3–6 qualitatively demonstrate the intermediate
outputs of the pipeline for representative images at each
DR stage. The CLAHE enhancement increases local
contrast and improves visibility of retinal structures and
candidate lesions. Vessel extraction produces a binary
vessel map that provides anatomical context. The lesion
maps corresponding to microaneurysms and hemorrhages
become progressively denser from No DR to Severe DR,
which aligns with the expected increase in lesion burden
across stages. These examples support the interpretability

objective of the proposed approach, since the final
grading decision can be traced back to explicit
intermediate maps rather than a black-box score.
Figures 3–6 present representative cases from the four
target categories (No DR, Mild, Moderate, Severe). In the
No DR example (Figure 3), preprocessing produces a
normalized retinal field-of-view and the lesion maps
remain sparse, leading to a No DR decision (low
red-lesion burden). In the Mild example (Figure 4), the
microaneurysm candidate map highlights a small number
of compact detections consistent with early red lesions,
resulting in a Mild decision.
In the Moderate example (Figure 5), lesion candidates
become more frequent and spatially distributed; multiple
connected dark regions beyond microaneurysm scale
appear in the hemorrhage map, increasing the aggregated
red-lesion burden and leading to a Moderate decision. In
the Severe example (Figure 6), a high density of detected
red-lesion candidates is observed, including larger
irregular regions, and the rule-based grader assigns a
Severe decision due to high lesion burden.

4.4 Error analysis

The observed performance drop in the Severe DR stage
(90%) highlights specific limitations inherent to classical
rule-based grading. Detecting severe cases presents
unique algorithmic challenges. First, feature overlap is
prominent; the physical presentation and lesion counts
can overlap substantially between moderate and severe
cases, making rigid threshold-based rules vulnerable to
slight detection errors. Second, severe pathology often
distorts standard anatomical landmarks, exacerbating
vessel-lesion confusion. For instance, fragmented dark
vessels and complex neovascular crossings may be
misclassified as hemorrhages, or conversely, dense, large
hemorrhages may merge with the dark background after
contrast enhancement, leading to an undercounting of the
true lesion burden. Future iterations of this work must
address these structural complexities, potentially by
integrating texture analysis alongside morphological
feature extraction. The observed performance drop in the
Severe DR stage (90%) can be explained by several
factors inherent to classical rule-based grading: (i)
Feature overlap between adjacent stages: lesion counts
and appearance can overlap substantially between
mild/moderate and moderate/severe cases, making
threshold-based rules sensitive to small detection errors.
(ii) Image-quality effects: blur, uneven illumination,
artifacts near the field-of-view boundary, and saturation
around the optic disc can increase false detections or
suppress true lesions. (iii) Vessel–lesion confusion: dark
vessel fragments and crossings may trigger red-lesion
detectors if vessel suppression is incomplete, while dense
hemorrhages may merge with background after
enhancement, reducing separability. (iv) Scale variability:
microaneurysms are small and low-contrast; their
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Table 2 Multi-Class Confusion Matrix for DR Severity Grading (n = 250 per class)

True Class \ Predicted No DR Mild DR Moderate DR Severe DR Total
No DR 245 5 0 0 250
Mild DR 6 238 6 0 250
Moderate DR 0 8 230 12 250
Severe DR 0 0 25 225 250

Fig. 3 Example intermediate and final output results for a No DR (normal) case. The sequence demonstrates the progression from the
original RGB image to CLAHE enhancement, vessel extraction, candidate maps for microaneurysms and hemorrhages, and the final
combined vessel/lesion map, showing an absence of significant pathology.

detectability varies strongly with resolution and
acquisition settings, which can propagate into grading
errors.

The confusion matrix reported in Table 2 helps
identify the dominant misclassification pathways,
particularly Moderate DR → Severe DR and Severe DR
→ Moderate DR. Future work should further optimize
these boundary cases by combining morphological lesion
counts with texture and region-distribution descriptors.

4.5 Comparison to prior work

The reported overall accuracy of 93.75% indicates that a
classical, lesion-oriented pipeline can provide competitive
screening performance while remaining lightweight and
interpretable. This design objective aligns with earlier
classical screening systems and ensemble-based pipelines
that emphasize explicit lesion detection and modular
processing [8,23]. In contrast, modern deep-learning
systems have demonstrated strong performance on
large-scale datasets and have been validated across
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Fig. 4 Example output results for a Mild DR case, highlighting the early emergence of small, isolated microaneurysm candidates within
the target macular region.

diverse populations and clinical workflows [9,10,11]. The
key trade-off is operational: deep models typically require
large annotated datasets and careful external validation,
whereas classical systems can be deployed with lower
computational requirements and clearer intermediate
outputs.

To strengthen the comparative positioning further,
future work should evaluate the proposed method on
widely used public benchmarks, such as Messidor and
DIARETDB1, and report referable-DR metrics,
receiver-operating-characteristic analysis, and
area-under-the-curve values to enable more direct
comparison with published screening pipelines [14,15,
40].

Compared to modern deep-learning architectures
(e.g., Convolutional Neural Networks), which have
become the standard for automated DR screening, our
classical approach presents distinct operational trade-offs.
Deep learning models generally yield superior sensitivity
and specificity on complex cases by learning abstract,

high-dimensional features; however, they require massive
annotated datasets, substantial GPU computational
resources, and often function as ’black boxes’. In
contrast, our proposed pipeline maintains a lightweight
footprint suitable for deployment on standard clinical
computers without specialized hardware. Furthermore, it
offers complete transparency—each classification
decision is explicitly linked to an interpretable, verifiable
map of specific lesions, providing a clear audit trail for
ophthalmologists in resource-constrained environments.

5 Future Work

Although the proposed screening pipeline achieved
promising performance while maintaining interpretability
and low computational complexity, several directions
remain for further improvement.

First, the generalizability of the proposed framework
should be investigated more extensively. While the
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Fig. 5 Example output results for a Moderate DR case, demonstrating an increased density and spatial distribution of red-lesion
candidates and distinct hemorrhage regions.

current results demonstrate strong performance on the
selected JSIEC dataset, retinal fundus images can vary
considerably across imaging devices, camera
manufacturers, focal lengths, fields of view, illumination
conditions, and patient populations. Therefore, future
work should validate the method on larger and more
diverse datasets collected from multiple clinical sites. In
particular, evaluation on established public benchmarks,
such as Messidor and DIARETDB1, would provide
stronger evidence of robustness and enable more direct
comparison with previously reported diabetic retinopathy
screening methods [14,15].

Second, future studies should extend the clinical
evaluation beyond overall accuracy and class-wise
grading performance. Although the revised evaluation
includes a confusion matrix and class-wise sensitivity and
specificity, additional screening-oriented measures are
required for real-world deployment. These should include
referable-DR sensitivity and specificity,

receiver-operating-characteristic analysis,
area-under-the-curve values, and external validation on
independent datasets. Such metrics would provide a more
clinically relevant assessment of the proposed rule-based
grading strategy and would help determine its suitability
for practical screening workflows [9,10,11,40].

Third, the lesion-detection scope of the current
framework should be expanded. The present pipeline
mainly focuses on dark lesions, particularly
microaneurysms and hemorrhages, which are important
indicators of diabetic retinopathy severity. However,
additional pathological signs, such as hard exudates,
cotton-wool spots, neovascularization, and indicators
related to diabetic macular edema, are also clinically
significant. Incorporating these lesion types may improve
disease characterization, enhance grading accuracy, and
increase the clinical usefulness of the proposed
framework across different stages of diabetic retinopathy
[6,18,19,20].
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Fig. 6 Example output results for a Severe DR case, illustrating a high density of detected red lesions and large, irregular hemorrhage
formations that trigger the severe classification rule.

Fourth, the reliability of the system could be
improved by integrating an explicit image-quality
assessment stage before lesion analysis. Poor-quality or
ungradable fundus images caused by blur, uneven
illumination, poor focus, low contrast, media opacity, or
acquisition artifacts can lead to false detections and
unstable grading outcomes. A dedicated quality-control
module would allow the system to reject or flag
unsuitable images before processing, thereby improving
the reliability of automated screening decisions [41,42].

Fifth, future work may consider hybridizing the
proposed classical image-processing pipeline with
machine-learning or deep-learning components. For
example, classical preprocessing and lesion-candidate
extraction could be retained for interpretability, while
lightweight classifiers could be used to improve candidate
validation and severity grading. Such a hybrid design may
preserve the transparency and low computational cost of
the current approach while improving robustness in

challenging cases, especially where lesion appearance
overlaps between adjacent severity stages.

Finally, the proposed framework may be extended
toward broader ophthalmic screening applications. Since
fundus photographs contain useful information for
multiple retinal disorders, future studies could adapt the
pipeline to support the detection of glaucoma, age-related
macular degeneration, and other retinal diseases in
addition to diabetic retinopathy [43,44]. For clinical
deployment, future development should also be aligned
with established screening and referral pathways to
ensure that the system provides practical value in routine
healthcare environments [45].

6 Conclusion

Diabetic retinopathy (DR) remains one of the most
important preventable causes of visual impairment, and
effective screening depends on the accurate identification
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of clinically meaningful retinal lesions in fundus images.
This study presented an automated DR screening and
severity-grading framework based on classical image
processing and lesion-oriented feature extraction. The
proposed framework follows an interpretable processing
pipeline that includes fundus image preprocessing,
CLAHE-based contrast enhancement, circular
field-of-view masking, blood-vessel detection, optic-disc
suppression, red-lesion candidate extraction,
microaneurysm and hemorrhage detection, and rule-based
severity classification.

The main contribution of the proposed approach is its
transparent and lightweight design. Unlike fully
black-box classification models, each stage of the pipeline
produces intermediate outputs that can be visually
inspected, including enhanced fundus images, vessel
maps, optic-disc masks, lesion candidate maps, and final
lesion-burden outputs. This structure allows the final DR
grade to be linked directly to measurable retinal features,
particularly microaneurysms and hemorrhages, which are
clinically relevant indicators of disease severity. In
addition, the mathematical formulation of the method
provides a clear representation of the main processing
steps, including contrast enhancement, adaptive
thresholding, optic-disc localization, lesion masking,
component selection, lesion counting, and diagnostic
performance evaluation.

Experimental evaluation was performed using 1,000
fundus images divided equally across four DR severity
classes: No DR, Mild DR, Moderate DR, and Severe DR.
The proposed method achieved stage-wise accuracies of
98% for No DR, 95% for Mild DR, 92% for Moderate
DR, and 90% for Severe DR, with an overall
classification accuracy of 93.75%. The confusion-matrix
analysis and class-wise sensitivity and specificity results
further demonstrated the potential of the proposed
method as a rapid prescreening tool. The strongest
performance was observed for normal and early-stage
cases, while most errors occurred between adjacent
severity levels, particularly between Moderate DR and
Severe DR, where lesion overlap and structural
complexity are more pronounced.

Despite these promising results, several limitations
remain. The current grading strategy is based primarily on
lesion-count thresholds, which may be affected by
variations in image quality, camera type, illumination
conditions, retinal pigmentation, and acquisition protocol.
The framework also focuses mainly on dark lesions,
particularly microaneurysms and hemorrhages, while
other clinically important signs such as hard exudates,
cotton-wool spots, neovascularization, and diabetic
macular edema indicators are not yet fully incorporated.
Although the revised evaluation includes a confusion
matrix and class-wise diagnostic measures, further
clinically oriented validation is still required, including
referable-DR analysis, receiver-operating-characteristic
evaluation, area-under-the-curve reporting, and external
testing on independent multi-site datasets.

Overall, the proposed method demonstrates that a
classical, interpretable, and computationally efficient
image-processing pipeline can provide competitive
performance for automated DR prescreening. Its low
complexity and transparent lesion-based decision process
make it particularly suitable as a practical baseline for
resource-constrained clinical environments and
large-scale screening workflows. Future work should
focus on external validation using public benchmark
datasets, integration of additional lesion types, improved
image-quality assessment, and hybridization with
machine-learning or deep-learning components to further
enhance robustness and clinical reliability.
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