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Abstract	
Diabetic	 retinopathy	 (DR)	 is	 a	 leading	 cause	 of	 vision	 impairment,	 requiring	 accurate	 early	 detection	 to	 prevent	
irreversible	blindness.	This	study	proposes	DiabFoRMaxNet,	a	multimodal	deep	learning	framework	for	optimized	DR	
detection	and	classiGication	using	retinal	fundus	and	optical	coherence	tomography	angiography	(OCTA)	images.	The	
framework	integrates	Give	major	stages:	preprocessing,	feature	extraction,	feature	segmentation,	feature	optimization	
and	 classiGication.	 Preprocessing	 combines	 Z-score	 normalization,	 green	 channel	 extraction,	 adaptive	 histogram	
equalization	 and	 bilateral	 Giltering	 to	 enhance	 retinal	 image	 quality.	 AlexNet	 is	 employed	 for	 hierarchical	 feature	
extraction,	 while	 Fully	 Convolutional	 Networks	 (FCN)	 perform	 lesion-aware	 pixel-wise	 segmentation.	 The	 Fossa	
Optimization	Algorithm	(FOA)	reGines	extracted	features	by	reducing	redundancy	and	RankMax	classiGication	improves	
robustness	under	class-imbalanced	conditions.	Using	an	augmented	multimodal	dataset	expanded	from	222	original	
images	 under	 controlled	 augmentation	 protocols,	 DiabFoRMaxNet	 classiGies	 NO	DR,	MILD	DR	 and	MODERATE	DR	
categories	with	high	precision.	Experimental	evaluation	demonstrated	superior	performance	over	conventional	deep	
learning	models,	achieving	99.18%	accuracy	for	retinal	fundus	images	and	99.69%	accuracy	for	OCTA	images,	along	
with	 strong	 sensitivity,	 speciGicity,	 precision	 and	 F1-score.	 The	 proposed	multimodal	 architecture	 enhances	 lesion	
localization,	computational	efGiciency	and	diagnostic	reliability,	indicating	strong	potential	for	scalable	AI-assisted	early	
DR	screening	and	clinical	ophthalmic	decision	support.	
Keywords:	Diabetic	Retinopathy,	DiabFoRMaxNet,	OCTA,	RankMax	ClassiGier,	Retinal	Fundus.	
	

Introduction		
Diabetic	Retinopathy	(DR)	is	a	progressive	retinal	
disorder	caused	by	diabetes	mellitus	and	remains	
one	of	the	leading	causes	of	vision	impairment	and	
blindness	 among	 working-age	 adults	 worldwide.	
The	 disease	 damages	 retinal	 blood	 vessels,	
resulting	 in	 leakage,	 ischemia,	 hemorrhages	 and	
neovascularization,	 which	 gradually	 affect	 visual	
function.	 Early	 diagnosis	 and	 accurate	 grading	of	
DR	are	essential	to	prevent	irreversible	blindness	
and	 to	 support	 timely	 clinical	 intervention.	
Traditionally,	 ophthalmologists	 diagnose	 DR	
through	manual	 inspection	 of	 retinal	 fundus	 and	
Optical	 Coherence	 Tomography	 (OCT)	 images.	
However,	manual	examination	is	time-consuming,	
subjective	 and	 dependent	 on	 clinical	 expertise,	
which	limits	large-scale	screening	and	may	lead	to	
inter-observer	variability.	
Recent	advances	in	ArtiHicial	Intelligence	(AI)	and	
Deep	 Learning	 (DL)	 have	 signiHicantly	 improved	
automated	 DR	 detection	 and	 classiHication.	

Convolutional	 Neural	 Networks	 (CNNs)	 have	
demonstrated	 superior	 capability	 in	 extracting	
discriminative	 retinal	 features	 from	 fundus	 and	
OCT	 images,	 thereby	 enabling	 accurate	 disease	
classiHication	 and	 lesion	 localization	 (1).	 Several	
deep	 learning	 architectures,	 including	 AlexNet,	
ResNet,	 Inception-based	 networks,	 Vision	
Transformers	 (ViTs)	 and	 hybrid	 CNN-RNN	
frameworks	 (2),	 have	 been	 investigated	 for	 DR	
diagnosis.	 In	 addition,	 Fully	 Convolutional	
Networks	 (FCNs),	 attention	 mechanisms	 and	
optimization-based	 feature	 selection	 techniques	
(3)	have	been	introduced	to	improve	segmentation	
accuracy	and	classiHication	efHiciency.	
Despite	 these	 developments,	 several	 challenges	
remain	 unresolved	 in	 existing	 DR	 diagnostic	
systems.	Many	approaches	rely	on	single-modality	
retinal	 imaging,	 limiting	 their	 ability	 to	 capture	
complementary	 pathological	 information.	 Several	
models	also	suffer	from	high	computational	
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complexity,	 overHitting,	 class	 imbalance	 and	
reduced	 generalization	 ability	 when	 tested	 on	
heterogeneous	 datasets	 (4).	 Furthermore,	 some	
hybrid	architectures	achieve	high	performance	at	
the	 cost	 of	 increased	 training	 time	 and	 memory	
consumption,	which	restricts	their	applicability	in	
real-time	 clinical	 environments.	 Conventional	
classiHication	 approaches	 based	 on	 Softmax	
functions	 also	 encounter	 difHiculties	 in	 handling	
uncertain	 probability	 distributions	 and	
imbalanced	class	samples	(5).	
To	address	these	limitations,	this	study	proposes	a	
novel	multimodal	deep	learning	framework	named	
DiabFoRMaxNet	 for	 automated	 detection	 and	
classiHication	of	Diabetic	Retinopathy	using	retinal	
fundus	and	OCT	images.	The	proposed	framework	
integrates	 advanced	 preprocessing,	 efHicient	
feature	 extraction,	 lesion	 segmentation,	 optimi-
zation	 and	 adaptive	 classiHication	 techniques	 to	
improve	 diagnostic	 performance	 while	 reducing	
computational	 complexity.	 The	 architecture	 is	
organized	 into	 Hive	 major	 stages:	 image	
preprocessing,	feature	extraction,	feature	segmen-
tation,	feature	optimization	and	classiHication.	
Initially,	preprocessing	techniques	such	as	Z-score	
normalization,	green	channel	extraction,	Adaptive	
Histogram	Equalization	and	Bilateral	Filtering	are	
applied	 to	 enhance	 retinal	 image	 quality	 and	
suppress	 noise	 (6).	 Subsequently,	 AlexNet	 is	
utilized	 to	 extract	 hierarchical	 spatial	 features	
from	 retinal	 images.	 The	 extracted	 features	 are	
then	 processed	 using	 a	 Fully	 Convolutional	
Network	 (FCN)	 for	 accurate	 lesion	 segmentation.	
To	 improve	 feature	 quality	 and	 eliminate	
redundant	 information,	 the	 Fossa	 Optimization	
Algorithm	 (FOA)	 is	 employed	 as	 a	 feature	
optimization	 strategy.	 Finally,	 the	 RankMax	
classiHier	 replaces	 the	 conventional	 Softmax	
classiHier	 to	 better	 handle	 imbalanced	 data	
distributions	 through	 adaptive	 Euclidean	
projection-based	 classiHication	 (7,	8).	 This	
integrated	 framework	 enables	 accurate	 feature	
learning,	 efHicient	 segmentation	 and	 robust	
classiHication	 suitable	 for	 practical	 clinical	
deployment.	
Several	 recent	 studies	 have	 investigated	 deep	
learning	 techniques	 for	 DR	 detection	 and	
classiHication.	 ModiHied	 Inception-V3-based	
approaches	 achieved	 notable	 classiHication	
performance	 using	 retinal	 fundus	 images;	
however,	 their	 high	 computational	 complexity	

limited	real-time	applicability	(9).	Multi-layer	CNN	
architectures	demonstrated	strong	speciHicity	but	
comparatively	 lower	 sensitivity	 in	 identifying	
early-stage	DR,	increasing	the	possibility	of	missed	
diagnoses	 (10).	 Inception-ResNet-V2	 frameworks	
improved	 classiHication	 accuracy	 by	 combining	
residual	 learning	 and	 multi-scale	 feature	
extraction,	 although	 computational	 burden	 and	
class	 imbalance	 issues	 remained	 signiHicant	
limitations	(11).	
Hybrid	 deep	 learning	 frameworks	 integrating	
Inception-ResNet	 models	 with	 Gated	 Recurrent	
Units	(GRUs)	and	optimization	algorithms	such	as	
Fennec	Fox	Optimization	(FFO)	achieved	improved	
diagnostic	 accuracy	 and	 balanced	 evaluation	
metrics.	Nevertheless,	 increased	 training	comple-
xity	 and	 potential	 overHitting	 restricted	 their	
scalability	in	resource-constrained	clinical	systems	
(12).	 Similarly,	 optimization-driven	 methods	
utilizing	Generative	Adversarial	Net-works	(GANs)	
and	 swarm	 intelligence	 techniques	demonstrated	
enhanced	 classiHication	 accuracy	 but	 introduced	
substantial	computational	over-head	and	reduced	
interpretability	(13).	
In	OCT-based	DR	analysis,	advanced	preprocessing	
frameworks	employing	contrast	enhancement	and	
vessel	 segmentation	 methods	 achieved	 excellent	
classiHication	 performance,	 although	 processing	
complexity	and	generalization	capability	remained	
concerns	 (14).	 Segmentation-oriented	
architectures	 based	 on	 KiU-Net	 and	 Cross-
Attention	 mechanisms	 improved	 retinal	 lesion	
representation	but	exhibited	relatively	lower	Dice	
Similarity	 CoefHicient	 (DSC)	 values,	 indicating	
challenges	in	accurate	boundary	delineation	(15).	
Furthermore,	 hybrid	 ResNet-Vision	 Transformer	
models	 and	CNN-RNN	 frameworks	demonstrated	
the	 capability	 to	 capture	 both	 local	 and	 global	
retinal	 features	 from	 OCT	 images,	 but	 their	
memory	 requirements	 and	 inference	 complexity	
limited	 real-time	 implementation	 (16,	17).	
Biomarker-driven	 OCT	 approaches	 based	 on	
retinal	 layer	 smoothness	 indices	 also	
demonstrated	 high	 diagnostic	 accuracy	 for	 DR	
staging;	 however,	 their	 dependence	 on	 high-
quality	 OCT	 scans	 and	 manual	 structural	
interpretation	reduced	scalability	(18).	
Considering	 these	 limitations,	 the	 proposed	
DiabFoRMaxNet	 framework	 aims	 to	 provide	 a	
computationally	 efHicient	 and	 highly	 accurate	
multimodal	 solution	 for	 automated	 DR	 detection	
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and	 classiHication	 (19).	 By	 integrating	 optimized	
preprocessing,	deep	feature	extraction,	FCN-based	
segmentation,	 FOA-driven	 feature	 optimization	
and	 RankMax	 classiHication,	 the	 proposed	 model	
improves	classiHication	robustness	and	diagnostic	
reliability	for	both	retinal	fundus	and	OCT	imaging	
modalities	(20).	
The	remainder	of	this	manuscript	is	organized	as	
follows.	 Section	 2	 presents	 the	 proposed	
DiabFoRMaxNet	 methodology	 and	 architecture.	
Section	 3	 describes	 the	 experimental	 results	 and	
performance	 evaluation	 analysis.	 Section	 4	
discusses	 the	 obtained	 Hindings	 and	 comparative	
assessment	 with	 existing	 approaches.	 Finally,	
Section	5	concludes	the	study	and	outlines	future	
research	directions	
	

Methodology	

The	 suggested	 methodology	 proposes	 to	 detect	
and	 classify	 DR	 via	 retinal	 fundus	 and	 OCTA	
images.	 The	 approach	 consists	 of	 a	 systematic	
pipeline	with	Hive	essential	stages	shown	in	Figure	
1.	 Image	 Preprocessing,	 Feature	 Extraction,	
Feature	 Segmentation,	 Feature	 Optimization	 and	
ClassiHication.	DiabFoRMaxNet,	an	innovative	deep	
learning	architecture,	performs	feature	extraction,	
segmentation,	 optimization	 and	 classiHication	
tasks.	 Every	 phase	 is	 meticulously	 designed	 to	
optimize	efHiciency,	 reduce	computing	complexity	
and	guarantee	reliability.	
Retinal	fundus	and	OCTA	images	are	obtained	from	
a	publicly	accessible	multimodal	OCTA	and	fundus	
imaging	 dataset	 (21).	 The	 obtained	 images	 are	
exposed	to	preprocessing	to	improve	their	quality	
and	facilitate	feature	extraction.	

	

	
Figure	1:		Proposed	Block

	

The	input	image	can	be	expressed	mathematically	as	Equation	[1]:	
	

I(x, y) = 	 {R(x, y), G(x, y), B(x, y)}			 	[1]	
	

In	Equation	[1],		I(x, y)	is	the	Input	Image	and	𝑅(x, y), G(x, y), B(x, y)	are	the	red,	green	and	blue	intensities	
of	input	image	respectively.	
To	standardize	the	pixel	intensities,	Z	–	Score	Normalization	is	applied	in	Equation	[2],	Where	X	is	original	
pixel	intensity,	μ	is	Mean	intensity	and	σ	is	Standard	Deviation.	
	

X! = "#$
%
		 	 		 															[2]	

	

The	Single-Channel	Extraction	method	isolates	the	green	channel	in	Equation	[3]:	
	

G(x, y) = I(x, y, 2)		 	 														[3]

	

I(x, y, 2)is	intensity	at	pixel	(x, y)	in	channel	c	with	c = 2	denoting	the	green	channel.	
Adaptive	Histogram	Equalization	(AHE)	is	applied	for	contrast	enhancement	in	Equation	[4]:		
	

H&'(i) = 	
((*)#(!"#
(!$%#(!"#

	× (L − 1)		 	 [4]	
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where	H(i)	is	 the	 histogram	value	 at	 intensity	𝑖 ,	𝐻,-. , 𝐻,/0	are	 the	maximum	and	minimum	histogram	
values	and	𝐿	is	the	number	of	intensity	levels	
To	remove	noise	while	preserving	image	features,	Bilateral	Filtering	is	applied	in	Equation	[5]:	
	

𝐼!(𝑥, 𝑦) = 1
2&
∑ 𝐼(𝑖, 𝑗)𝑓3(‖𝑥 − 𝑖, 𝑦 − 𝑖‖)𝑓4(|𝐼(𝑥, 𝑦) − 𝐼(𝑖, 𝑗)|)/,6 				[5]

	

where	𝑓3 	is	 the	 geometric	 distance	 function,	𝑓4 	is	 the	 color	 intensity	 similarity	 function	 and	𝑊7 	is	 a	
normalization	factor.	
	

The	 Feature	 Extraction	 stage	 utilizes	 AlexNet,	 a	
deep	 convolutional	 neural	 network	 (CNN),	 to	
extract	 hierarchical	 features.	 Figure	 2	 illustrates	
the	AlexNet-based	 feature	extraction	architecture	
integrated	 within	 the	 proposed	 DiabFoRMaxNet	
framework.	 The	preprocessed	 retinal	 fundus	 and	
OCTA	 images	 are	 supplied	 to	 multiple	
convolutional	layers	with	ReLU	activation	and	max-
pooling	 operations	 to	 extract	 hierarchical	 spatial	

and	 texture-related	retinal	 features.	The	convolu-
tional	layers	effectively	learn	discriminative	lesion-
associated	patterns,	while	 the	max-pooling	 layers	
reduce	 spatial	 dimensionality	 and	 computational	
complexity.	 Finally,	 the	 fully	 connected	 layers	
generate	 compact	 deep	 feature	 representations	
that	are	subsequently	utilized	for	FCN-based	lesion	
segmentation	and	RankMax-based	diabetic	retino-
pathy	classiHication.	

	

	
Figure	2:	AlexNet	Architecture	for	Feature	Extraction	from	Pre-processed	Retinal	Images.	The	Architecture	
Consists	of	Convolutional	Layers	with	ReLU	Activation	Functions,	Max-pooling	Layers	and	Fully	Connected	
Layers.	Conv	denotes	Convolution	+	ReLU,	MP	denotes	Max	Pooling	and	FC	denotes	Fully	Connected	Layers	
	

The	convolution	operation	is	deHined	as	in	Equation	[6]:	
	

F8(x, y) = ∑ ∑ W8(i, j)X(x + i, y + j) + b89
:;1

<
*;1 											[6]	

	

where	W8	is	the	Convolutional	kernel,	X	is	the	input	image	and	b8	is	the	bias	term.	
ReLU	activation	introduces	non-linearity	in	Equation	[7]:	
	

A(x) = max	(0, x)		 	 																																[7]	
	

A	max-pooling	function	reduces	spatial	dimensions	shown	in	Equation	[8]:	
	

P(x, y) = 	
M
max
i = 0

		
N

max		
j = 0

f8(x + i, y + j)		 	 	[8]	

	

FCN	performs	pixel-wise	 segmentation	of	 retinal	 fundus	 images.	 Instead	of	 fully	 connected	 layers,	 FCN	
applies	convolutional	layers	shown	in	Equation	[9]:	
	

Y(x, y) = f(W ∗ X + b)	 	 	 	 	[9]	
	

where	∗	is	the	Convolution	operation.	To	recover	spatial	resolution,	deconvolution	(transposed	convolution	
expressed	in	Equation	[10])	is	applied:	
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D(x, y) = ∑ ∑ W=9
:;> (x, y)X(x + i, y + j)<

*;> 			 	[10]	
	
	

	

Fossa	Optimization	Algorithm	(FOA)	optimizes	extracted	features	by	mimicking	fossa	hunting	strategies.	
Fossa	explores	the	search	space	using	in	Equation	[11]:	

	

X*?@1 = X*? + αR(XA&B?? − X*?)		 	 																	[11]	
	

where	α	is	the	exploration	rate,	R	is	the	random	number	and	XA&B?	is	the	best	solution	found	so	far.	
Fine-tuning	of	feature	selection	is	performed	using	in	Equation	[12]:	
	

X*?@1 = X*? + β(XA&B?? − X*?)		 	 																	[12]	
	

where	β	controls	the	exploration	intensity.	
Rankmax	modiHies	Softmax	to	prevent	undeHined	probabilities	in	Equation	[13]:	
	

P* =
&'"()*'"*

∑ &'+(),'+,-
+./

			 	 																																	[13]	

	

where	τ	is	the	Lipschitz	constant	adapting	to	each	training	example.	
The	model	is	trained	using	modiHied	cross-entropy	loss	In	Equation	[14]:	
	

L = −∑ y*logP*9
*;1 		 	 	 																[14]	

	

where	y*	is	the	ground	truth	labels.	
	

Proposed	Model	
The	selection	of	AlexNet,	FCN,	FOA	and	RankMax	in	
the	 proposed	 DiabFoRMaxNet	 framework	 was	
based	on	the	objective	of	achieving	high	diagnostic	
accuracy	while	balancing	computational	efHiciency,	
feature	 precision	 and	 classiHication	 stability.	
AlexNet	was	selected	for	feature	extraction	due	to	
its	ability	 to	hierarchically	capture	discriminative	
retinal	 characteristics	 with	 comparatively	 lower	
computational	 complexity	 than	 deeper	
architectures,	 making	 it	 suitable	 for	 multimodal	
medical	 imaging	 applications.	 FCN	 was	
incorporated	 for	 pixel-wise	 segmentation	 to	
preserve	 spatial	 coherence	 and	 improve	 lesion	
localization,	 which	 is	 essential	 for	 accurately	
identifying	 retinal	 abnormalities	 that	 may	 be	
overlooked	by	classiHication-only	frameworks.	
FOA	 was	 employed	 as	 a	 feature	 optimization	
strategy	 to	 eliminate	 redundant	 and	 non-
informative	 features	 while	 balancing	 exploration	
and	 exploitation,	 thereby	 improving	 feature	
compactness	 and	 reducing	 overHitting	 risk.	 This	
optimization	 stage	 enhances	 computational	
efHiciency	and	 strengthens	 the	quality	of	 features	
forwarded	for	classiHication.	RankMax	was	selected	
as	 the	 Hinal	 classiHier	 to	 overcome	 limitations	 of	
conventional	 Softmax	 under	 class-imbalanced	
conditions	 by	 providing	 adaptive	 ranking-based	

decision	stability,	thereby	improving	classiHication	
robustness	across	multiple	DR	severity	classes.	
The	 integration	 of	 these	 components	 provides	 a	
distinct	advantage	over	conventional	deep	learning	
approaches	 by	 combining	 efHicient	 hierarchical	
feature	 extraction,	 lesion-aware	 segmentation,	
redundancy-controlled	optimization	and	imbalan-
ce-resilient	 classiHication	 within	 a	 uniHied	
multimodal	architecture.	Different	standalone	CNN	
or	 transfer	 learning	 models,	 DiabFoRMaxNet	
simultaneously	 improves	 lesion	 localization,	
feature	 discrimination,	 computational	 economy	
and	 classiHication	 reliability,	 which	 collectively	
contributes	 to	 its	 superior	 performance	 across	
retinal	fundus	and	OCTA	datasets.	
DiabFoRMaxNet	 is	 a	 deep	 learning	 framework	
developed	for	the	 identiHication	and	classiHication	
of	 Diabetic	 Retinopathy	 (DR)	 utilizing	 retinal	
fundus	 and	 OCT	 images	 shown	 in	 Figure	 3.	 The	
design	 comprises	 four	 primary	 stages:	 Feature	
Extraction,	 Feature	 Segmentation,	 Feature	
Optimization	 and	 ClassiHication	 (22).	 During	 the	
feature	extraction	phase,	AlexNet,	a	convolutional	
neural	 network	 (CNN),	 is	 utilized	 to	 derive	
hierarchical	spatial	characteristics	 from	the	 input	
photos.	 AlexNet's	 several	 convolutional	 layers,	
activation	functions	and	pooling	operations	enable	
it	 to	 acquire	 resilient	 representations	 of	 diabetic	
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retinopathy-related	 anomalies.	 Subsequent	 to	
feature	 extraction,	 the	 Fully	 Convolutional	
Network	 (FCN)	 is	 employed	 for	 pixel-wise	
segmentation,	 guaranteeing	accurate	detection	of	
DR-affected	areas	in	retinal	pictures.	In	contrast	to	
patch-based	 segmentation	 techniques,	 FCN	
functions	 on	 the	 complete	 image,	 maintaining	
spatial	 coherence	 and	 improving	 lesion	
localization.	 Upon	 completion	 of	 segmentation,	

feature	selection	and	reHinement	are	executed	with	
the	 Fossa	 Optimization	 Algorithm	 (FOA),	 which	
enhances	 the	 extracted	 features	 by	 discarding	
redundant	 and	 irrelevant	 information.	 The	
improved	characteristics	are	ultimately	input	into	
the	RankMax	classiHier,	a	substitute	for	Softmax,	to	
categorize	 the	 severity	 of	 diabetic	 retinopathy,	
thereby	 enhancing	 Hlexibility	 to	 class	 imbalances	
and	augmenting	decision-making	precision.	

	

	
Figure	 3:	 Proposed	 DiabFoRMaxNet	 Architecture	 Illustrating	 the	 Sequential	 Integration	 of	 Alexnet	 for	
Hierarchical	Feature	Extraction,	FCN	For	Pixel-wise	Lesion	Segmentation,	FOA	For	Feature	Optimization	
and	Redundancy	Reduction	and	Rankmax	for	Adaptive	Diabetic	Retinopathy	Severity	ClassiHication	

	

DiabFoRMaxNet's	 innovation	 is	 in	 its	 unique	
amalgamation	 of	 deep	 learning,	 nature-inspired	
optimization	and	adaptive	classiHication	methods,	
resulting	in	a	highly	efHicient	and	resilient	diabetic	
retinopathy	detection	 system	 (23).	 In	 contrast	 to	
traditional	 models	 that	 depend	 exclusively	 on	
feature	 extraction	 and	 classiHication,	
DiabFoRMaxNet	incorporates	FCN-based	segmen-
tation	to	improve	lesion	localization,	facilitating	a	
more	 comprehensive	 evaluation	 of	 retinal	
anomalies.	 The	 integration	 of	 the	 Fossa	
Optimization	Algorithm	(FOA)	for	feature	selection	
differentiates	 this	 model	 from	 conventional	
methods	 (24).	 FOA,	 inHluenced	 by	 the	 strategic	
hunting	behavior	of	fossa,	optimizes	the	retrieved	
characteristics	 by	 adeptly	 balancing	 exploration	
and	exploitation,	hence	diminishing	computational	
complexity	while	enhancing	accuracy.	A	signiHicant	
innovation	 is	 the	 RankMax	 classiHier,	 which	
substitutes	 the	 traditional	 Softmax	 function	with	
an	 adaptive	 Euclidean	 projection	 technique.	 This	
change	 resolves	 the	 problem	 of	 undeHined	
probabilities	 in	 entropy-based	 formulations,	
enhancing	 the	 stability	 and	 efHicacy	 of	 the	
classiHication	 process,	 especially	 for	 imbalanced	

datasets	 (25).	 Through	 the	 integration	 of	 these	
sophisticated	 components,	 DiabFoRMaxNet	
attains	 enhanced	 performance	 in	 diabetic	
retinopathy	detection	while	 preserving	 computa-
tional	economy,	rendering	it	a	potential	instrument	
for	clinical	applications.	
Data	Augmentation	
The	initial	dataset	comprises	222	images,	which	is	
inadequate	for	efHiciently	training	a	deep	learning	
model.	 To	 increase	 the	 dataset	 to	 13,424	photos,	
distinct	 augmentation	 approaches	 are	 employed	
for	 OCTA	 and	 fundus	 images,	 ensuring	 the	
preservation	of	the	original	class	distribution.	
Augmentation	 approaches	 for	 OCTA	 images	
prioritize	 the	preservation	of	vascular	structures.	
Geometric	 transformations,	 including	 rotation	
(±10°	 to	 ±20°),	 scaling	 and	 elastic	 deformations,	
are	employed	to	create	diversity	while	preserving	
vessel	 patterns.	 Intensity-based	 augmentations	
such	 as	 contrast	 stretching,	 histogram	 equaliza-
tion	 and	 adaptive	 gamma	 correction	 improve	
vascular	 visibility.	 Noise-based	 augmentations,	
such	as	Gaussian	noise	injection	and	motion	blur,	
replicate	real-world	variances.	
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Augmentation	 techniques	 for	 fundus	 pictures	
guarantee	 the	 retention	 of	 retinal	 landmarks.	
Geometric	changes	such	as	rotation	(±15°	to	±30°),	
Hlipping	 and	 cropping	 enhance	 the	 diversity	 of	
image	 orientations.	 Photometric	 augmentations,	
such	 as	 brightness,	 contrast	 and	 hue-saturation	
modiHications,	 replicate	 various	 lighting	 condi-
tions.	 Gaussian	 blur,	 speckle	 noise	 and	 CLAHE-
based	 histogram	 adjustments	 are	 utilized	 to	
replicate	authentic	Hluctuations	in	fundus	imaging.	
Approximately	60	augmented	copies	of	each	image	
are	produced,	resulting	in	a	Hinal	dataset	of	13,424	
images,	 so	 assuring	 balanced	 representation	
across	 three	 categories:	 NO	 DR	 (10,880	 photos),	
MILD	DR	(1,560	images)	and	MODERATE	DR	(984	
images).	 The	 dataset	 is	 divided	 into	 a	 70-20-10	
split,	designating	9,397	photos	for	training,	2,685		
for	 validation	 and	 1,342	 for	 testing.	 This	
augmentation	method	 guarantees	 diversity,	 miti-

gates	 overHitting	 and	 improves	 the	 model's	
capacity	 to	 generalize	 across	 several	 imaging	
modalities.	
Dataset	Splitting	
Dataset	 augmentation	 and	 partitioning	 were	
performed	 independently	 for	 OCTA	 and	 Fundus	
images	 to	 preserve	modality-speciHic	 characteris-
tics	and	maintain	balanced	training,	validation	and	
testing	 distributions.	 OCTA	 images	 were	
augmented	 using	 rotation,	 scaling,	 elastic	
deformation,	 intensity	 enhancement,	 Gaussian	
noise	 injection	 and	 motion	 blur,	 while	 Fundus	
images	 underwent	 geometric,	 photometric	 and	
noise-based	 augmentations.	 After	 augmentation,	
each	dataset	contained	6,712	images,	divided	into	
4,698	 training,	 1,342	 validation	 and	 672	 testing	
samples	following	a	70:20:10	ratio,	as	presented	in	
Table	1	and	Figures		4A	and	4B.

	

Table	1:	Dataset	Distribution	
ClassiEication	 Total	

OCTA	
Images	

Training	
(70%)	

Validation	
(20%)	

Testing	
(10%)	

Total	
Fundus	
Images	

Training	
(70%)	

Validation	
(20%)	

Testing	
(10%)	

NO	DR	 5,440	 3,808	 1,088	 544	 5,440	 3,808	 1,088	 544	
MILD	DR	 780	 546	 156	 78	 780	 546	 156	 78	
MODERATE	DR	 492	 344	 98	 50	 492	 344	 98	 50	
Total	 6,712	 4,698	 1,342	 672	 6,712	 4,698	 1,342	 672	
	

	
Figure	4:	Dataset	Distribution.	(A)	Retinal	Fundus	Images	and	(B)	OCTA	Images		

		

Clari<ication	of	Dataset	Expansion	and	
Data	Diversity	Preservation	
To	ensure	methodological	transparency	and	avoid	
overestimation	 of	 model	 performance,	 the	
expansion	from	222	original	multimodal	images	to	
13,424	 images	 was	 achieved	 exclusively	 through	
controlled	data	augmentation	rather	than	through	

the	acquisition	of	additional	independent	samples.	
The	 original	 dataset	 comprised	 unique	 retinal	
fundus	 and	 OCTA	 images,	 while	 augmentation	
techniques—including	geometric	transformations,	
photometric	 adjustments	 and	 noise-based	
variations—were	 applied	 to	 enhance	 training	
diversity	 and	 reduce	overHitting	while	preserving	
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clinically	 relevant	 retinal	 and	 vascular	
characteristics.	 This	 augmentation	 strategy	
improved	 computational	 robustness	 but	 did	 not	
introduce	 new	 biological	 diversity	 beyond	 the	
original	dataset.	
To	eliminate	 the	risk	of	data	 leakage	and	 inHlated	
evaluation	 outcomes,	 dataset	 partitioning	 into	
training,	 validation	 and	 testing	 subsets	 was	
performed	 prior	 to	 augmentation	 at	 the	 source-
image	level.	Consequently,	all	augmented	versions	
derived	 from	 a	 speciHic	 original	 image	 were	
conHined	exclusively	to	the	same	subset	and	were	
not	distributed	across	multiple	subsets.	This	strict	
separation	 ensured	 that	 validation	 and	 testing	
performance	 reHlected	 genuine	 generalization	 to	
unseen	image	groups	rather	than	memorization	of	
augmented	 duplicates.	 Therefore,	 the	 reported	
performance	metrics	of	DiabFoRMaxNet	represent	
controlled	 methodological	 rigor	 under	 limited-
data	conditions.	However,	although	augmentation	
substantially	 improves	 model	 stability	 and	
learning	 efHiciency,	 future	 validation	 using	 larger	
independent	external	datasets	remains	necessary	
to	 further	 conHirm	 real-world	 scalability	 and	
clinical	generalizability.	
Validation	Strategy	and	Test	Set	
Independence	
To	 ensure	 methodological	 rigor	 and	 address	
potential	 concerns	 regarding	 overHitting	 or	
evaluation	 bias,	 a	 strict	 validation	 strategy	 was	
implemented	throughout	the	experimental	design.	
The	 original	 multimodal	 dataset	 was	 partitioned	
into	training	(70%),	validation	(20%)	and	testing	
(10%)	 subsets	 at	 the	 source-image	 level	 prior	 to	
any	 augmentation	 procedures.	 This	 source-level	
partitioning	 ensured	 that	 all	 augmented	
derivatives	 generated	 from	 a	 particular	 original	
image	were	conHined	exclusively	to	the	same	subset	
and	were	never	distributed	 across	other	 subsets.	
Consequently,	 complete	 independence	 between	
training,	validation	and	testing	data	was	preserved,	
eliminating	data	leakage	and	preventing	artiHicially	
inHlated	performance	outcomes.	
To	 further	 evaluate	 model	 robustness	 and	
generalization	stability,	5-fold	cross-validation	was	
additionally	 performed	 across	 the	 training	
framework.	 This	 approach	 enabled	 repeated	
assessment	 of	model	 consistency	 across	multiple	
data	partitions	while	minimizing	fold-speciHic	bias.	
Training	and	validation	accuracy/loss	trends	were	
carefully	 monitored	 to	 detect	 convergence	

behavior	 and	 potential	 overHitting.	 The	
consistently	 narrow	 variation	 across	 folds,	 along	
with	stable	validation	performance,	indicates	that	
the	 near-perfect	 classiHication	 metrics	 were	 not	
solely	a	 consequence	of	memorization	but	 rather	
reHlect	 the	 effectiveness	 of	 the	 multimodal	
architecture	 under	 controlled	 experimental	
conditions.	 Nevertheless,	 external	 validation	 on	
larger	 independent	multicenter	 datasets	 remains	
an	 essential	 future	 step	 to	 further	 conHirm	 large-
scale	clinical	generalizability.	
Experimental	Setup	
The	 experimental	 setup	 for	 this	 research	 on	
diabetic	 retinopathy	 detection	 and	 classiHication	
was	devised	to	guarantee	efHicient	computing	and	
superior	 processing	 performance.	 The	 system	
utilized	 an	 Intel	 Core	 i7-1355U	 processor	
achieving	speeds	of	up	to	5.0	GHz	with	Intel	Turbo	
Boost	 Technology	 2.0,	 comprising	 a	 12	 MB	 L3	
cache,	 10	 cores	 and	 12	 threads.	 The	 system	was	
outHitted	with	16	GB	LPDDR4x-4266	MHz	RAM	and	
1	TB	PCIe	NVMe	TLC	M.2	SSD	storage	to	manage	
extensive	 datasets	 and	 intricate	 deep	 learning	
models,	facilitating	rapid	data	access	and	efHicient	
multitasking.	 The	 study	 was	 performed	 using	
Windows	 11	 Home	 64	 Plus	 Single	 Language,	
featuring	 preloaded	 applications	 such	 as	 McAfee	
LiveSafe	 (12-month	 complimentary	 trial),	 Adobe	
Creative	Cloud	(20	applications	for	1	month)	and	
Adobe	Express	Premium	(2	months	of	free	access).	
The	 display	 conHiguration	 included	 a	 34.3	 cm	
(13.5")	diagonal	3K2K	(3000	×	2000)	OLED	panel,	
providing	 multitouch	 capability,	 ultra-wide	
viewing	angles	(UWVA),	edge-to-edge	micro-edge	
glass,	anti-reHlective	Corning	Gorilla	Glass	NBT	and	
low	 blue	 light	 technology,	 guaranteeing	 visual	
precision	 with	 a	 100%	 DCI-P3	 color	 gamut	 and	
VESA	True	Black	HDR	400	certiHication.	The	Intel	
Iris	 Xe	 Graphics	 of	 the	 system	 enabled	 seamless	
viewing	of	medical	images	and	outputs	from	deep	
learning	models.	MATLAB,	in	conjunction	with	the	
picture	 Processing	 Toolbox,	 Deep	 Learning	
Toolbox	and	Computer	Vision	Toolbox,	was	utilized	
for	 image	 preprocessing,	 feature	 extraction,	
segmentation,	 optimization	 and	 classiHication,	
employing	GPU	acceleration	when	appropriate	 to	
improve	 computational	 performance.	 This	
experimental	 conHiguration	 achieved	 an	 optimal	
equilibrium	 among	 performance,	 speed	 and	
accuracy	 for	 the	 effective	 implementation	 of	 the	
research	workHlow.	 	
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Experimental	Results	
The	 experimental	 Hindings	 unequivocally	 show	
that	 the	 suggested	 DiabFoRMaxNet	 architecture	
outperforms	 popular	 conventional	 deep	 learning	
models	 like	 DenseNet,	 ResNet,	 VGG	 and	 AlexNet	
shown	in	Table	2.	Across	all	evaluation	measures,	
including	 sensitivity	 (99.37%),	 speciHicity	
(99.40%),	 precision	 (99.26%)	 and	 F1-score	
(99.11%),	DiabFoRMaxNet	delivers	an	exceptional	
accuracy	 of	 99.18%	 for	 retinal	 fundus	 images,	
much	surpassing	ResNet-50	(97.42%),	DenseNet-
121	 (97.88%)	 and	 others.	 In	 a	 similar	 vein,	
DiabFoRMaxNet	outperforms	conventional	models	
for	 OCTA	 images,	 with	 a	 maximum	 recorded	
accuracy	 of	 99.69%,	whereas	DenseNet-201	 only	
manages	97.55%.	The	suggested	model's	superior	
performance	 is	 a	 result	 of	 its	 segmentation	
accuracy,	 feature	 reHining	 by	 FOA	 and	 Hinal	
classiHication	through	RankMax.	
Despite	 being	 deep	 and	 well-structured,	
conventional	 architectures	 lack	 the	 specialized	
pipeline	integration	provided	by	DiabFoRMaxNet,	
which	not	only	processes	multimodal	inputs	more	
efHiciently	 but	 also	 guarantees	 minimal	 loss	 of	
pathological	 features	 during	 segmentation	 and	
optimization,	 as	 this	 comparative	 evaluation	
makes	clear.	DiabFoRMaxNet	therefore	becomes	a	
high-performance,	 robust	 and	 modality-aware	
framework	 for	 trustworthy	 DR	 detection	 and	
grading.	
	

Results		
The	 progression	 of	 images	 from	 Figures	 5	 (A-J)	
demonstrates	 the	 transformation	 of	 raw	 retinal	
fundus	and	OCTA	images	respectively,	through	the	
image	 preprocessing	 stages	 of	 the	 proposed	
DiabFoRMaxNet	methodology,	which	is	crucial	for	
improving	diagnostic	accuracy	in	the	detection	and	
classiHication	 of	 Diabetic	 Retinopathy	 (DR)	 (26).	
For	 OCTA	 preprocessing	 starts	 with	 Z-score	
normalization	 to	 make	 the	 intensity	 distribution	
more	 stable	 and	 then	 the	 green	 channel	 is	
extracted	to	make	Hine	vascular	networks	easier	to	
see.	Adaptive	Histogram	Equalization	(AHE)	makes	
areas	that	are	likely	to	have	ischemia	or	capillary	
dropout	look	better	by	increasing	the	contrast.		
Bilateral	 Hiltering,	 on	 the	 other	 hand,	 gets	 rid	 of	
noise	 and	 keeps	 the	 edge	 features	 that	 are	

important	 for	 Hinding	 lesions	 (27).	 The	 fundus	
image	 also	 goes	 through	 the	 same	 systematic	
preparation	 stages.	 The	 green	 channel	 extraction	
makes	 the	 contrast	 between	 blood	 vessels	 more	
noticeable,	the	AHE	makes	small	lesions	easier	to	
see	and	the	bilateral	Hiltering	keeps	the	continuity	
of	 the	vessels	while	cutting	down	on	background	
noise	(28).	These	changes	that	are	speciHic	to	each	
modality	get	the	images	ready	by	bringing	out	early	
signs	 of	 disease	 such	 microaneurysms,	 haemor-
rhages,	or	capillary	dropout.	
These	 systematic	 improvements	 in	 both	 imaging	
modalities	 make	 sure	 that	 DR-related	 vascular	
abnormalities	are	kept,	improved	and	made	more	
uniform	 (29).	 This	 sets	 up	 a	 strong	 base	 for	 the	
next	steps:	feature	extraction	with	AlexNet,	pixel-
wise	segmentation	with	FCN,	feature	optimization	
with	FOA	and	DR	classiHication	with	RankMax.	The	
dual-modality	preprocessing	approach	signiHicant-
ly	 enhances	 the	 model's	 capacity	 to	 extract	
signiHicant	 features	 from	 both	 structural	 and	
microvascular	 data,	 facilitating	 highly	 accurate	
early-stage	DR	diagnosis	with	minimal	computing	
burden.	
The	 sequence	 of	 fundus	 images	 from	 in	 Figures	
5(A–E)	shows	how	the	Image	Preprocessing	stage	
in	the	DiabFoRMaxNet	pipeline	is	used	to	Hind	and	
classify	Diabetic	Retinopathy	(DR).	The	Hirst	image	
in	Figure	5A	is	a	high-resolution	scan	of	the	retina	
that	 shows	 important	 anatomical	 characteristics	
such	the	optic	disc,	macula	and	vascular	tree	(30).	
This	 raw	 input	 gives	 the	 required	 visual	
information,	but	changes	in	lighting,	contrast	and	
noise	levels	can	make	it	impossible	to	see	the	Hirst	
signs	 of	 DR,	 including	 microaneurysms,	
hemorrhages,	 or	 hard	 exudates.	 To	 Hix	 these	
problems,	 we	 Hirst	 use	 Z-score	 normalization,	
which	 gives	 us	 in	 Figure	 5B.	 This	 step	may	 look	
excessive,	but	 it	 really	stabilizes	 the	distributions	
of	 pixel	 intensities	 statistically,	 which	 makes	 the	
features	more	uniform	across	the	dataset	for	deep	
learning	models.	 After	 this,	 the	 green	 channel	 is	
taken	 out	 in	 Figure	 5C,	 because	 it	 shows	 blood	
vessels	 and	 small	 lesions	 better	 than	 the	 red	 or	
blue	 channels.	 This	 channel	makes	 blood	 vessels	
easier	 to	 see,	 which	 is	 especially	 helpful	 for	
spotting	 DR-related	 changes	 like	 venous	 beading	
or	neovascularization.	
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Figure	5:	Composite	representation	of	Pre-processing	Stages	for	Retinal	Fundus	and	OCTA	Images	within	
the	DiabFoRMaxNet	Framework.	(A)	Original	Retinal	Fundus	Image,	(B)	Z-score	Normalized	Retinal	Fundus	
Image,	 (C)	 Green	 Channel	 Extracted	 Retinal	 Fundus	 Image,	 (D)	 Adaptive	 Histogram	 Equalized	 Retinal	
Fundus	Image,	(E)	Bilateral	Filtered	Retinal	Fundus	Image,	(F)	Original	OCTA	Image,	(G)	Z-Score	Normalized	
OCTA	Image,	(H)	Green	Channel	Extracted	OCTA	Image,	(I)	Adaptive	Histogram	Equalized	OCTA	Image,	(J)	
Bilateral	Filtered	OCTA	Image	
	

Then,	as	shown	in	Figure	5D,	Adaptive	Histogram	
Equalization	 (AHE)	 is	 done.	 This	 approach	 for	
enhancing	contrast	changes	the	intensity	levels	in	
small	places,	making	it	easier	to	see	faint	vascular	
structures	 and	 highlighting	 possible	 lesion	
locations	 surrounding	 the	macula	 and	 periphery.	
This	phase	is	 important	for	highlighting	the	early	
signs	of	DR	(31).	Lastly,	the	image	in	Figure	5E	was	
made	using	bilateral	Hiltering.	This	method	gets	rid	
of	 background	 noise	 while	 keeping	 edge	
information,	 which	 is	 important	 for	 keeping	
delicate	 features	 like	 microaneurysms	 and	 thin	
arteries	intact	for	later	examination.	
The	series	of	images	from	in	Figure	5	(F–J)	shows	
how	 the	 input	 OCTA	 image	 changes	 as	 it	 goes	
through	 the	 Image	 Preprocessing	 stage	 of	 the	
proposed	 DiabFoRMaxNet	 technique	 for	 Hinding	
and	 classifying	 diabetic	 retinopathy	 (DR).	 Figure	
5F	 shows	 the	 original	 OCTA	 image,	which	 shows	
the	detailed	retinal	microvasculature,	including	the	
central	foveal	avascular	zone	(32).	This	raw	image	
has	a	lot	of	anatomical	detail,	but	it	might	include	
uneven	 lighting	 and	 noise	 that	 could	 hide	 early	
symptoms	 of	 diabetic	 retinopathy	 (DR),	 like	

microaneurysms,	 ischemia	 zones,	 or	 capillary	
rarefaction.	
As	 illustrated	in	Figure	5G,	Z-score	normalization	
is	 used	 to	 standardize	 intensity	 levels	 and	make	
learning	 easier.	 Even	 if	 this	 change	 doesn't	make	
clinical	details	 look	better,	 it	makes	 sure	 that	 the	
pixel	 distribution	 is	 normalized	 with	 a	 mean	 of	
zero	 and	 a	 variance	 of	 one.	 This	 gets	 the	 image	
ready	 for	 the	 best	 processing	 in	 neural	 network	
layers	 (33,	 34).	 After	 that,	 the	 green	 channel	 is	
taken	 out,	 as	 shown	 in	 Figure	 5H.	 The	 green	
channel	 offers	 better	 contrast	 of	 blood	 arteries	
than	the	red	and	blue	channels	in	fundus	and	OCTA	
imaging.	 This	 extraction	 helps	 bring	 out	 small	
changes	 in	blood	vessels	caused	by	DR.	Figure	5I	
uses	 Adaptive	 Histogram	 Equalization	 (AHE)	 to	
make	 the	 local	 contrast	better.	This	phase	makes	
vascular	structures	bigger	and	makes	darker	areas	
that	are	related	to	 ischemia	or	dropout	stand	out	
more.	This	makes	it	easier	for	later	deep	learning	
models	to	Hind	features	that	show	mild	or	moderate	
DR	(35,	36).	Lastly,	Figure	5J	shows	that	Bilateral	
Filtering	is	used	to	get	rid	of	noise	while	keeping	
critical	 edges.	 The	 Hinal	 image	 keeps	 the	 vessels	
intact	and	smooths	out	the	backdrop,	making	sure	
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that	 the	 Feature	 Extraction	 stage	 using	 AlexNet	
gets	clean	input.	
Performance	Evaluation	Metrics:	To	 assess	 the	
usefulness	 and	 dependability	 of	 the	 proposed	
DiabFoRMaxNet	 model	 in	 detecting	 and	

categorizing	 Diabetic	 Retinopathy	 (DR),	 a	
comprehensive	array	of	performance	metrics	was		
employed,	including	Accuracy,	Sensitivity	(Recall),	
SpeciHicity,	Precision	and	F1-score.	These	metrics	
provide	 a	 comprehensive	 framework	 for	 quanti-
fying	classiHication	results.	

	

Accuracy	denotes	the	ratio	of	accurately	anticipated	cases	to	the	total	predictions	and	is	formally	expressed	
as,	
	

Accuracy = 	 =D@=9
=D@=9@ED@E9

		 	 [15]	
	

In	 this	 context,	 i.e.,	 in	 Equations	 [15-18],	 TP	 denotes	 true	 positives,	 TN	 signiHies	 true	 negatives,	 FP	
represents	 false	positives	and	FN	 indicates	 false	negatives.	Sensitivity	(Recall),	 indicative	of	 the	model's	
proHiciency	 in	 accurately	 identifying	 DR	 instances,	 is	 essential	 for	minimizing	missed	 diagnoses	 and	 is	
deHined	as,	
	

Sensitivity = 	 =D
=D@E9

		 	 	 [16]	
	

SpeciHicity	assesses	the	model's	efHicacy	in	recognizing	healthy	instances	by	reducing	false	positives	and	is	
described	as,	
	

Specicicity = 	 =9
=9@ED

		 	 	 [17]	
	

Precision	quantiHies	the	ratio	of	true	positive	predictions	to	the	total	number	of	positive	predictions	and	is	
computed	as,	
	

Precision = 	 =D
=D@ED

		 	 	 [18]	
		

Table	2:	Comparative	Performance	of	DiabFoRMaxNet	vs	Traditional	Deep	Learning	Models	
Model	 Imaging	

Modality	
Accuracy	
(%)	

Sensitivity	
(%)	

SpeciEicity	
(%)	

Precision	
(%)	

F1-Score	
(%)	

DiabFoRMaxNet	 Retinal	Fundus	 99.18	 99.37	 99.40	 99.26	 99.11	
DiabFoRMaxNet	 OCTA	 99.69	 99.83	 99.85	 99.58	 99.49	
AlexNet	(Baseline)	 Retinal	Fundus	 96.85	 96.10	 95.80	 95.42	 95.76	
ResNet-50	 Retinal	Fundus	 97.42	 96.75	 96.88	 96.55	 96.64	
VGG-16	 Retinal	Fundus	 96.24	 95.30	 95.72	 95.05	 95.17	
DenseNet-121	 Retinal	Fundus	 97.88	 97.40	 96.90	 96.85	 97.12	
ResNet-50	 OCTA	 97.21	 97.65	 96.72	 97.10	 97.37	
VGG-19	 OCTA	 96.92	 96.20	 96.30	 96.45	 96.32	
DenseNet-201	 OCTA	 97.55	 97.88	 97.20	 97.10	 97.49	

Table	 2	 and	 Figure	 6	 show	 the	 comparative	
performance	 analysis	 of	 the	 proposed	
DiabFoRMaxNet	model	with	existing	deep	learning	
models	 using	 Retinal	 Fundus	 and	 OCTA	 images.	
The	 proposed	 model	 achieved	 the	 highest	
performance,	 attaining	 99.18%	 accuracy	 for	
Retinal	 Fundus	 images	 and	 99.69%	 accuracy	 for	
OCTA	 images,	 along	 with	 superior	 sensitivity,	
speciHicity,	 precision	 and	 F1-score	 values.	 In	

comparison,	 baseline	 models	 such	 as	 AlexNet,	
ResNet,	 VGG	 and	 DenseNet	 demonstrated	
comparatively	 lower	 classiHication	 performance	
across	 both	 imaging	 modalities.	 The	 results	
conHirm	 that	 the	 integration	of	 optimized	 feature	
extraction,	 segmentation	 and	 RankMax	 classi-
Hication	 signiHicantly	 enhances	 diabetic	 retino-
pathy	detection	accuracy	and	robustness.	
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Figure	6:	Performance	Comparison	with	Baseline	Models	

	

The	F1-score	is	the	harmonic	mean	of	precision	and	sensitivity,	providing	a	fair	evaluation,	particularly	in	
scenarios	of	class	imbalance.	It	is	calculated	by	Equation	[19]:	
	

F1 − Score = 2 × DF&G*B*HI	×L&IB*?*M*?N
DF&G*B*HI@L&IB*?*M*?N

		 	 [19]	
	

Evolution	Metric	Analysis	
The	 suggested	 DiabFoRMaxNet	 model	 demons-
trated	 outstanding	 performance	 in	 both	 imaging	
modalities	 shown	 in	 Figure	 7.	 In	 retinal	 fundus	
pictures,	 it	 attained	 an	 accuracy	 of	 99.18%,	
sensitivity	 of	 99.37%,	 speciHicity	 of	 99.40%,	
precision	 of	 99.26%	 and	 an	 F1-score	 of	 99.11%.	
The	 OCTA	 images	 yielded	 remarkable	 Hindings,	
with	an	accuracy	of	99.69%,	sensitivity	of	99.83%,	
speciHicity	of	99.85%,	precision	of	99.58%	and	an	
F1-score	 of	 99.49%.	 These	 results	 highlight	 the	
model's	 exceptional	 accuracy	 in	 detecting	 DR	
patients	 while	 signiHicantly	 reducing	 false	
positives.	The	better	performance	on	OCTA	images	
may	 be	 ascribed	 to	 their	 superior	 structural	
resolution,	facilitating	the	model's	ability	to	detect	
subtle	 disease	 alterations.	 These	 evaluation	
parameters	 collectively	 conHirm	 that	
DiabFoRMaxNet	 surpasses	 traditional	 DR	 detec-
tion	 methods	 while	 ensuring	 clinical	 reliability,	
rendering	 it	 appropriate	 for	 practical	 diagnostic	
use.	 When	 applied	 to	 retinal	 fundus	 and	 OCTA	
images,	respectively,	the	confusion	matrices	shown	
in	Figures	8	and	9	demonstrate	 the	 classiHication	
reliability	of	the	suggested	DiabFoRMaxNet	model.	
The	model's	performance	on	a	test	dataset	of	672	

images	 evenly	 split	 across	 three	 DR	 severity	
classes—No	 DR,	 Mild	 DR	 and	 Moderate	 DR—is	
represented	by	each	matrix.	With	540	out	of	544	
No	DR	photos,	75	out	of	78	Mild	DR	images	and	48	
out	of	50	Moderate	DR	images	properly	identiHied,	
the	confusion	matrix	 for	retinal	 fundus	 images	 in	
Figure	 8	 shows	 extremely	 accurate	 predictions.	
There	were	very	 few	cases	of	mild	and	moderate	
DR	 that	 were	 incorrectly	 identiHied;	 they	 were	
either	reduced	to	No	DR	or	confused	with	nearby	
stages.	 Particularly	 in	 retinal	 fundus	 analysis,	
where	early	lesions	may	appear	modest	and	class	
boundaries	 are	 visually	 confusing,	 this	 slight	
overlap	is	to	be	expected.	The	confusion	matrix	for	
OCTA	 images	 in	 Figure	 9	 illustrates	 even	 greater	
classiHication	 accuracy.	 Only	 three	 misclassi-
Hications	 occurred	 throughout	 the	whole	 test	 set,	
with	the	model	correctly	classifying	542	No	DR,	77	
Mild	DR	and	49	Moderate	DR	images.	This	better	
result	demonstrates	the	diagnostic	beneHit	of	OCTA	
imaging,	 which	 helps	 the	 model	 differentiate	
between	 different	 levels	 of	 DR	 severity	 by	
providing	greater	visualization	of	 ischemia	 zones	
and	sharper	microvascular	detail.	
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DiabFoRMaxNet	 generalizes	 well	 across	 both	
modalities,	 as	 evidenced	 by	 the	 nearly	 complete	
diagonal	 dominance	 in	 both	 matrices.	 However,	
OCTA	 provides	 marginally	 better	 discrimination	
because	 of	 its	 structural	 depth	 and	 greater	

sensitivity	 to	 early	 microvascular	 alterations.	
These	Hindings	support	the	model's	resilience	and	
applicability	for	actual	DR	screening	applications,	
particularly	 in	 clinical	 contexts	 where	 precise	
grading	and	early	diagnosis	are	essential.	

	

	
Figure	7:	Comparative	Performance	Metrics	of	the	Proposed	DiabFoRMaxNet	Model	Across	Retinal	Fundus	
and	OCTA	Modalities.	Blue	Diagonally	Patterned	Bars	Represent	Retinal	Fundus	Image	Performance,	While	
Orange	 Diagonally	 Patterned	 Bars	 Represent	 OCTA	 Image	 Performance	 Across	 Accuracy,	 Sensitivity,	
SpeciHicity,	Precision	and	F1-Score	Evaluation	Metrics	
	

	
Figure	8:	Confusion	Matrix	of	the	Proposed	DiabFoRMaxNet	Model	for	Retinal	Fundus	Diabetic	Retinopathy	
ClassiHication	 Across	 NO	 DR,	 Mild	 DR	 and	 Moderate	 DR	 Categories.	 The	 Blue	 Color	 Gradient	 Scale	
Represents	 ClassiHication	 Frequency,	 Where	 Darker	 Shades	 Indicate	 Higher	 Sample	 Concentration	 and	
Lighter	Shades	Indicate	Lower	Frequency	of	Predictions	
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Figure	9:	Confusion	Matrix	of	the	Proposed	DiabFoRMaxNet	Model	for	OCTA	Images	Diabetic	Retinopathy	
ClassiHication	 across	 NO	 DR,	 Mild	 DR	 and	 Moderate	 DR	 Categories.	 	 The	 Blue	 Color	 Gradient	 Scale	
Represents	 ClassiHication	 Frequency,	 Where	 Darker	 Shades	 Indicate	 Higher	 Sample	 Concentration	 and	
Lighter	Shades	Indicate	Lower	Frequency	of	Predictions		

	

	
Figure	 10:	 Receiver	 Operating	 Characteristic	 (ROC)	 Curves	 of	 the	 Proposed	 Diabformaxnet	 Model	 for	
Retinal	Fundus	and	OCTA	Modalities	across	Diabetic	Retinopathy	Severity	Classes,	Illustrating	ClassiHication	
Performance	through	True	Positive	Rate	Versus	False	Positive	Rate	

	

The	 proposed	 DiabFoRMaxNet	 model	 performs	
exceptionally	 well	 in	 categorizing	 diabetic	
retinopathy	 stages—NO	 DR,	 MILD	 DR	 and	
MODERATE	 DR—using	 both	 Retinal	 Fundus	 and	
OCTA	imaging	modalities,	as	seen	by	the	ROC	curve	
shown	 in	 Figure	 10.	 Every	 curve	 represents	 a	
distinct	class	within	a	modality	and	they	all	show	

an	almost	perfect	trajectory	that	closely	resembles	
the	 plot's	 top-left	 border,	 signifying	 a	 high	 true	
positive	rate	and	a	 low	false	positive	rate.	Perfect	
classiHication	capability	is	shown	by	an	Area	Under	
the	Curve	(AUC)	of	1.00	for	each	class	across	both	
modalities.	A	random	classiHier	with	an	AUC	of	0.5	
is	 represented	 by	 the	 diagonal	 reference	 line,	
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emphasizing	 the	 suggested	 model's	 greater	
discriminative	 potential.	 These	 Hindings	 demon-

strate	 that	 DiabFoRMaxNet	 is	 highly	 appropriate	
for	clinical	diagnosis	and	screening.	

	

	
Figure	11:	5–fold	Cross	Validation	Curve	of	a	Proposed	Model		

	

The	 proposed	 DiabFoRMaxNet	 model's	 5-fold	
cross-validation	 accuracy	 curves	 are	 shown	 in	
Figure	11	for	the	Retinal	Fundus	and	OCTA	image	
datasets,	 respectively.	 The	 model	 exhibits	 strong	
generalization	 and	 continuously	 maintains	
excellent	accuracy	over	all	Hive	folds.	The	accuracy	
values	 for	 OCTA	 images	 range	 from	 99.60%	 to	
99.75%,	slightly	outperforming	the	fundus	moda-

lity	across	all	 folds,	while	 the	accuracy	values	 for	
Retinal	 Fundus	 images	 vary	 narrowly	 between	
99.10%	 and	 99.25%.	 The	 stability	 and	
dependability	of	the	DiabFoRMaxNet	model	for	the	
classiHication	 of	 diabetic	 retinopathy	 across	 both	
imaging	modalities	are	conHirmed	by	its	consistent	
performance	over	several	folds.	

	

	
Figure	12:	Loss	Curve	for	the	DiabFoRMaxNet	Model	

	

The	 training	 and	 validation	 loss	 trends	 over	 20	
epochs	 during	 5-fold	 cross-validation	 for	 the	
DiabFoRMaxNet	model	are	depicted	by	the	plotted	
loss	 curve	 shown	 in	Figure	12.	The	model	 learns	
efHiciently	in	the	early	phases,	as	evidenced	by	the	
training	loss	(blue	line),	which	drops	quickly	in	the	

Hirst	 epochs	 before	 eventually	 plateauing.	 Good	
generalization	 performance	 is	 suggested	 by	 the	
validation	 loss	(red	 line),	which	 likewise	declines	
but	at	a	somewhat	slower	pace.	The	model	appears	
to	 maintain	 a	 balance	 between	 learning	 and	
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preventing	 overHitting	 if	 there	 are	 no	 signiHicant	
Hluctuations	or	divergence	between	the	two	curves.	
The	 distribution	 of	 prediction	 errors	 for	 the	
DiabFoRMaxNet	model	is	shown	in	Figure	13.	Since	
the	majority	of	mistakes	are	cantered	close	to	zero,	

the	 predictions	 and	 actual	 values	 are	 typically	
rather	 similar.	 The	 bars'	 tight	 spread	 indicates	
great	 accuracy	 and	 little	 variance,	 demonstrating	
the	model's	potent	prediction	power.	

	

	
Figure	13:	Error	Histogram	

	

Figure	14:	Schematic	Summary	of	the	Proposed	DiabFoRMaxNet	Framework.	(A)	Multimodal	retinal	
image	inputs	and	methodological	pipeline,	(B)	Key	Hindings,	(C)	Clinical	Outcomes	
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	Figure	 14	 summarizes	 the	 complete	
DiabFoRMaxNet	 framework	 from	 multimodal	
retinal	 image	 acquisition	 to	 optimized	 diabetic	
retinopathy	 classiHication,	 highlighting	 method-
logical	 innovations,	 superior	 diagnostic	 perfor-
mance	and	potential	clinical	applicability.	
	

Discussion	
The	 experimental	 results	 conHirm	 that	 the	
proposed	 DiabFoRMaxNet	 framework	 substan-
tially	 outperforms	 several	 recent	 diabetic	 retino-
pathy	 detection	 approaches	 reported	 in	 the	
literature	(11,	14,	16).	For	retinal	fundus	analysis,	
the	 proposed	 model	 achieved	 99.18%	 accuracy,	
signiHicantly	exceeding	previously	reported	models	
with	lower	classiHication	performance.	Similarly,	in	
OCTA-based	 analysis,	 the	 achieved	 accuracy	 of	
99.69%	demonstrates	superior	capability	compar-
ed	 to	existing	OCT/OCTA	frameworks	(9,	16,	19).	
These	 improvements	 are	 primarily	 attributed	 to	
the	 integrated	 multimodal	 design,	 FCN-based	
lesion	 segmentation,	 FOA-driven	 feature	 reHine-
ment	 and	 RankMax	 classiHication	 strategy,	 which	
collectively	enhance	feature	discrimination,	reduce	
redundancy	and	improve	class	imbalance	handling	
(23,	24).	Comparative	evaluation	conHirms	that	the	
proposed	 framework	 offers	 improved	 diagnostic	
precision,	 computational	 efHiciency	 and	 stronger	
clinical	applicability	for	early	DR	screening.	
Beyond	 numerical	 performance	 outcomes,	
DiabFoRMaxNet	 demonstrates	 important	
methodological	 and	 clinical	 signiHicance	 for	
diabetic	 retinopathy	 diagnosis.	 The	 multimodal	
integration	 of	 retinal	 fundus	 and	 OCTA	 imaging	
enables	improved	utilization	of	both	structural	and	
microvascular	 retinal	 biomarkers,	 thereby	
strengthening	disease	characterization	and	early-
stage	detection	capability	(6,	7,	8).	The	combined	
architecture	 of	 preprocessing,	 feature	 extraction,	
segmentation,	 optimization	 and	 adaptive	
classiHication	 provides	 a	 systematic	 framework	
that	 enhances	 lesion	 localization,	 reduces	 redun-
dant	 feature	 representation	 and	 improves	
classiHication	stability	(3,	15,	23).	
From	a	clinical	perspective,	 the	strong	diagnostic	
performance	 suggests	 potential	 applicability	 in	
early	 DR	 screening,	 reliable	 severity	 assessment	
and	 scalable	 AI-assisted	 ophthalmic	 evaluation.	
This	 framework	may	be	particularly	beneHicial	 in	
settings	 requiring	 efHicient	 large-scale	 screening	
support	 (24,	 29).	 However,	 further	 external	

validation	 remains	 necessary	 to	 conHirm	 broader	
real-world	clinical	generalizability.	
	

Conclusion		
DiabFoRMaxNet,	 a	 unique	 hybrid	 deep	 learning	
architecture	designed	for	multimodal	DR	detection	
and	 classiHication,	 is	 presented	 in	 this	 study.	 The	
methodology	 tackles	 important	 issues	 including	
lesion	 localization	 accuracy,	 feature	 redundancy	
and	imbalanced	dataset	classiHication	by	carefully	
combining	 FCN-based	 lesion	 segmentation,	 FOA-
driven	 feature	 reHinement	 and	 an	 adaptive	
RankMax	 classiHication	 strategy.	 By	 merging	
fundus	 and	 OCTA	 pictures,	 the	 dual-modality	
technique	 guarantees	 the	 extraction	of	 structural	
and	microvascular	retinal	biomarkers,	signiHicantly	
enhancing	diagnostic	reliability.	The	advantage	of	
DiabFoRMaxNet	 in	 terms	 of	 accuracy,	 sensitivity,	
speciHicity,	 precision	 and	 F1-score	 across	 both	
modalities	 is	 conHirmed	 by	 a	 comparative	
performance	 analysis	 against	 traditional	 deep	
learning	models.	Its	robustness	and	generalization	
ability	are	demonstrated	by	the	stability	of	5-fold	
cross-validation	and	small	prediction	errors,	while	
its	discriminative	capability	is	further	highlighted	
by	 the	 perfect	 ROC-AUC	 values.	 Crucially,	 the	
suggested	 paradigm	 is	 feasible	 for	 real-world	
screening	 systems	 since	 it	 preserves	 compu-
tational	efHiciency	while	achieving	state-of-the-art	
performance.	 DiabFoRMaxNet	 is	 positioned	 as	 a	
useful	 tool	 for	 ophthalmologists	 because	 to	 its	
good	 alignment	 with	 clinical	 requirements,	
especially	 in	 locations	 with	 limited	 resources	
where	early	DR	identiHication	is	crucial.	
Limitations	of	Study	
Despite	 the	 strong	 performance	 of	
DiabFoRMaxNet,	this	study	has	certain	limitations.	
The	original	dataset	size	was	limited	and	although	
data	augmentation	improved	model	robustness,	it	
does	 not	 replace	 true	 biological	 diversity	 from	
larger	 independent	 datasets.	 The	 model	 was	
evaluated	 on	 a	 single	 dataset	 without	 external	
multicenter	 validation,	which	may	 affect	 broader	
clinical	 generalizability.	 Additionally,	 the	
framework	 currently	 focuses	 on	 only	 three	 DR	
severity	 classes	 and	 does	 not	 include	 advanced	
stages	 such	 as	 Severe	 or	 Proliferative	 DR.	
Variations	 in	 imaging	 quality	 and	 acquisition	
settings	 may	 also	 inHluence	 real-world	
performance.	 Future	 work	 should	 therefore	
emphasize	 larger	 external	 validation,	 expanded	
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disease-stage	 classiHication	 and	 broader	 clinical	
deployment	testing.	
Future	Scope	
Even	 while	 DiabFoRMaxNet	 performs	 excep-
tionally	 well	 in	 identifying	 and	 categorizing	 DR	
from	 OCTA	 and	 fundus	 pictures,	 there	 are	 a	
number	of	interesting	research	avenues	that	could	
improve	 its	 capabilities	 even	more.	 First,	 a	more	
thorough	 grading	 system	 appropriate	 for	 long-
term	 patient	 monitoring	 would	 be	 offered	 by	
expanding	 the	 algorithm	 to	 anticipate	 new	 DR	
severity	 levels,	 such	 as	 severe	 and	 proliferative	
stages.	 Second,	 by	 providing	 quantitative	 and	
visual	explanations	for	every	choice,	explainable	AI	
(XAI)	 mechanisms	 like	 Grad-CAM	 or	 SHAP	 will	
increase	 clinical	 acceptance	 and	 build	
ophthalmologists'	 trust.	Third,	 the	 system	can	be	
extended	to	handle	3D	volumetric	OCT/OCTA	data,	
which	 would	 allow	 for	 better	 identiHication	 of	
minute	 microvascular	 changes	 and	 deeper	
vascular	 layer	 analysis.	 Furthermore,	 combining	
domain	 adaptation	 and	 transfer	 learning	 would	
make	it	easier	to	apply	the	model	to	datasets	from	
various	 imaging	 equipment	 or	 demographic	
groups,	 guaranteeing	 increased	 generalizability.	
When	 combined	 with	 real-time	 inference	 and	
integration	 into	 teleophthalmology	 platforms,	 a	
cloud-based	 deployment	 of	 DiabFoRMaxNet	 has	
the	 potential	 to	 greatly	 increase	 accessibility	 in	
underserved	 and	 rural	 areas.	 Last	 but	 not	 least,	
investigating	 multi-disease	 retinal	 analysis—in	
which	DR	detection	is	coupled	with	screening	for	
hypertensive	 retinopathy,	 age-related	 macular	
degeneration	 (AMD)	 and	 glaucoma—could	 turn	
DiabFoRMaxNet	 into	 a	 complete	 AI-assisted	
ophthalmic	 diagnostic	 system,	 bridging	 the	 gap	
between	 operational	 clinical	 tools	 and	 research	
prototypes.	
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