
RESEARCH PAPER 

IJDDT, Volume 16 Issue 29s, 2026 Page 854 

 

Hybrid Political Flower Pollination Optimizer with Self-Attention 
Cnn for Automated Detection of Age-Related Macular Degeneration 

from Oct Images 
 

Rahul Sukumar Nejkar1, Dr. Shabnam Farook Sayyad2 
1 Research Scholar, Department of Computer Engineering, AISSMS College of Engineering (Savitribai Phule Pune 

University), Pune, Maharashtra 411 001, India. Email: rahul.nej@gmail.com 
2 Associate Professor, Department of Computer Engineering, AISSMS College of Engineering (Savitribai Phule 

Pune University), Pune, Maharashtra 411 001, India. Email: ssshaikh@aissmscoe.com 
 

Received: 20th Feb, 2026  |  Revised: 4th Mar, 2026  |  Accepted Available Online
2026 

ABSTRACT 
One of the main causes of irreversible vision loss in the globe is Age-Related Macular Degeneration (AMD). Optical 
coherence tomography (OCT) imaging is essential for early detection, but manual grading is laborious and subjective. 
The goal of this study was to create and verify a unique hybrid deep learning framework for automatic AMD detection 
from OCT pictures that combines the Political Flower Pollination Optimizer (PFPO) with a self-attention mechanism. 
572 OCT pictures (206 normal and 366 AMD) made up the dataset. A baseline CNN, a PFPO-optimized CNN, and a 
hybrid PFPO-CNN with self-attention were the three models created and contrasted. PFPO used five populations over 
five iterations to tune hyperparameters (learning rate, dropout). To represent spatial interdependence, the hybrid model 
used multi-head self-attention. An 80-20 train-validation split was used to train the models over eight epochs. 
Accuracy, F1-score, Cohen's Kappa, AUC, sensitivity, and specificity were used to assess performance. With 95.65% 
accuracy, 0.9566 F1-score, 0.9058 Cohen's Kappa, and 0.9980 AUC, the hybrid PFPO-CNN performed the best. 
While specificity stayed high at 95.1%, sensitivity increased from 75.7% (baseline) to 95.9% (hybrid). Accuracy was 
90.50% for the PFPO-optimized model and 84.35% for the baseline. On CPU hardware, all models were trained in 
less than a minute. For OCT-based AMD detection, the hybrid PFPO-CNN with self-attention performs noticeably 
better than baseline and PFPO-optimized models. It is especially appropriate for clinical screening applications due to 
the significant increase in sensitivity (95.9%). Deployment in resource-constrained environments is made possible by 
computational efficiency, while external validation on larger datasets is advised. 
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1. Introduction 
Age-Related Macular Degeneration (AMD) [1] is a 
degenerative neurological illness that affects the macula, 
the central portion of the retina that provides high-acuity 
vision required for tasks like reading, facial recognition, 
and driving. AMD is the most frequent cause of 
irreversible vision loss in people over 50 in developed 
countries, and its incidence continues to rise as the 
world's population ages. According to recent 
epidemiological studies, approximately 196 million 

people worldwide suffered with AMD in 2020; by 2040, 
that figure is predicted to increase to 288 million [2]. 
Medium-sized drusen (extracellular deposits beneath the 
retinal pigment epithelium) characterize early AMD; 
large drusen and pigmentary abnormalities characterize 
intermediate AMD; and geographic atrophy (dry form), 
which is characterized by progressive loss of the retinal 
pigment epithelium, and neovascular or exudative AMD 
(wet form), which is characterized by abnormal blood 
vessel growth that causes fluid accumulation and rapid 
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vision loss [3]. Even though advanced AMD can cause 
severe and irreversible central vision loss, early detection 
allows for lifestyle modifications, dietary therapies with 
AREDS2 formula supplements, and rapid anti-VEGF 
therapy that can significantly delay disease development 
and preserve vision. However, because to the silent and 
slow onset of early AMD symptoms, many people only 
manifest after irreparable vision loss has occurred, 
highlighting the critical need for readily available and 
accurate screening methods. 
Optical coherence tomography (OCT) has revolutionized 
clinical practice since its introduction in the early 1990s 
and is now the gold standard imaging method for AMD 
monitoring and diagnosis. Because OCT provides high-
resolution cross-sectional images of the retinal layers 
with micrometer-level axial resolution, clinicians may 
observe drusen, intraretinal fluid, subretinal fluid, 
pigment epithelial detachments, and geographic atrophy 
with previously unheard-of clarity [4]. 
Unlike fundus photography, which provides a two-
dimensional image of the retina's face, OCT displays the 
three-dimensional structural changes that are 
pathognomonic for different stages of AMD. For 
example, OCT can detect early drusen as moderate 
elevations of the retinal pigment epithelium, assess 
geographic atrophy as areas of photoreceptor and retinal 
pigment epithelium loss, and identify intraretinal fluid as 
hyporeflective cystoid gaps within the retinal layers. 
OCT's rich structural information makes it particularly 
well suited for deep learning-based classification since 
discrete clinical features generate recognized patterns 
that convolutional neural networks can learn. 
With kappa values ranging from 0.60 to 0.75, inter-rater 
agreement for AMD staging can be moderate even among 
highly qualified retina specialists [5]. However, 
significant expertise and clinical experience are required 
for the interpretation of OCT pictures. Additionally, 
qualified graders and retina experts are under intolerable 
pressure due to the growing amount of OCT images 
received in clinical practice—some reading centers 
process thousands of scans daily. 
Convolutional neural networks (CNNs), which can 
perform on par with or better than human professionals 
in a range of diagnostic tasks, have revolutionized 
medical image processing during the past decade. While 
these models may automatically learn hierarchical 
features directly from raw pixel data, the effectiveness of 
conventional machine learning techniques has 

traditionally been limited by the need for hand-crafted 
feature engineering [6]. 
Deep learning has been successfully applied in 
ophthalmology to classify AMD from both fundus photos 
and OCT scans, diagnose glaucoma from optic nerve 
head images, and detect diabetic retinopathy from fundus 
photos. However, with tens of millions or even hundreds 
of millions of parameters, many state-of-the-art deep 
learning models are computationally demanding [7]. 
Additionally, they consume a lot of energy and memory 
and require specialized hardware, such as graphics 
processing units (GPUs), for both training and inference. 
This processing complexity limits their application in 
resource-constrained settings, such as rural health clinics, 
mobile screening units, or low-income countries where 
ophthalmology services are scarce and AMD screening is 
crucial. This study sought to bridge this gap by using a 
lightweight CNN architecture specifically for binary 
classification of AMD from OCT images. It achieved this 
by finding a compromise between diagnostic accuracy 
and computing efficiency, enabling rapid training on low-
end hardware and potential deployment on edge devices. 
2. Literature Review 
To standardize the clinical classification of AMD, the 
Age-Related Eye Disease Study (AREDS) group created 
severity classes based on drusen size and area as well as 
the presence of pigmentary abnormalities in the macula 
[8]. According to the AREDS classification system, early 
AMD is characterized by medium drusen (63 to 125 
micrometers in diameter) without pigmentary changes, 
while intermediate AMD is defined as having large 
drusen (greater than 125 micrometers) or pigmentary 
abnormalities like hyperpigmentation or 
hypopigmentation [9]. Advanced AMD is characterized 
by geographic atrophy affecting the foveal center or any 
neovascular changes, such as choroidal 
neovascularization, serous or hemorrhagic retinal 
detachment, or subretinal fibrosis. 
Because it offers a consistent framework for 
characterizing illness severity, forecasting progression 
risk, and directing treatment choices, this staging 
approach has been extensively used in clinical practice, 
epidemiological research, and clinical trials. The 
subjective character of manual classification and the 
necessity for automated objective techniques are 
highlighted by the fact that inter-grader agreement for 
AREDS severity grading is still moderate, with studies 
showing kappa values ranging from 0.60 to 0.75 even 
among trained graders [10]. 
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By enabling cross-sectional viewing of retinal pathology 
that is not detectable on fundus photography, optical 
coherence tomography has revolutionized the diagnosis 
and treatment of AMD. The nerve fiber layer, ganglion 
cell layer, inner plexiform layer, inner nuclear layer, outer 
plexiform layer, outer nuclear layer, ellipsoid zone, 
interdigitation zone, and retinal pigment epithelium are 
all represented by distinct hyperreflective and 
hyporeflective bands in typical OCT scans. Drusen are 
identified by OCT as focal elevations of the retinal 
pigment epithelium with varying internal reflectivity in 
early AMD, frequently with the overlaying ellipsoid zone 
preserved [11].  
Drusen grow bigger and more confluent in intermediate 
AMD, and hyperreflective foci—which could be lipid-
laden macrophages or migrating retinal pigment 
epithelial cells—may show up inside the retinal layers. 
OCT reveals pigment epithelial detachments as 
elevations of the retinal pigment epithelium with fluid or 
fibrovascular tissue beneath, subretinal fluid as 
hyporeflective spaces between the neurosensory retina 
and retinal pigment epithelium, and intraretinal fluid as 
hyporeflective cystoid spaces within the retinal layers in 
advanced neovascular AMD. OCT reveals increased 
choroidal signal transmission together with loss of the 
ellipsoid zone, external limiting membrane, and retinal 
pigment epithelium in advanced geographic atrophy. 
Because each stage of AMD generates distinctive 
patterns that convolutional neural networks can learn, 
these unique clinical characteristics make OCT 
especially well suited for deep learning-based 
classification [12]. 
In recent years, there has been a significant increase in 
the use of deep learning for AMD identification. In 2018, 
Grassmann and associates created a deep learning 
algorithm to predict AREDS severity ratings from color 
fundus photos. On a dataset of 4,500 actual fundus 
photos, the model achieved about 85% accuracy for two-
class categorization (AMD versus normal). In 2017, 
Burlina and associates employed a deep convolutional 
neural network to evaluate AMD from color fundus 
images. On a sizable dataset of 130,000 photos from the 
AREDS cohort, they achieved about 92% accuracy for 
four-stage classification. These investigations showed 
that automated AMD grading using fundus photography 
is feasible, but they were constrained by the fact that 
fundus images are two-dimensional and cannot show 
intraretinal or subretinal fluid [13]. 

Because cross-sectional imaging offers better diagnostic 
information, researchers have recently concentrated on 
OCT-based AMD diagnosis. In order to diagnose retinal 
disorders, including AMD, from OCT images, De Fauw 
and colleagues created a deep learning system in 2018 
that performed on par with skilled ophthalmologists in a 
number of disease categories [14]. Their model required 
significant GPU resources for both training and 
inference, and it employed a three-dimensional 
convolutional neural network architecture with over 10 
million parameters. 
Using a pretrained Inception v3 architecture, Kermany 
and colleagues' 2018 transfer learning method achieved 
96.6 percent accuracy in classifying OCT pictures into 
four categories: drusen, normal, diabetic macular edema, 
and choroidal neovascularization [15]. Although these 
outcomes are remarkable and therapeutically significant, 
the models' computational load prevents them from being 
used in settings with limited resources. 
Lightweight architectures including MobileNet, 
SqueezeNet, EfficientNet-Lite, and GhostNet have been 
developed in response to the demand for computationally 
efficient deep learning models [16]. These models use 
methods like depthwise separable convolutions, squeeze-
and-excitation blocks, and channel attention mechanisms 
to achieve competitive accuracy with many fewer 
parameters and floating-point computations. Lightweight 
models have been effectively used in medical imaging for 
fundus image analysis for diabetic retinopathy screening, 
skin lesion classification for melanoma diagnosis, and 
chest X-ray classification for pneumonia identification 
[17]. 
The majority of research, however, relies on transfer 
learning from ImageNet-pretrained models, which is 
effective but adds needless parameters and computational 
overhead from features learned on natural images that 
might not be relevant for OCT images [18]. Few studies 
have created unique lightweight architectures 
specifically for OCT-based AMD detection. 
There are still a number of gaps in the literature despite 
the advancements in deep learning for AMD 
identification. First, the majority of current models are 
computationally demanding and require GPU 
acceleration for real-time inference, which restricts their 
use in environments with limited resources. Second, only 
a small number of studies have achieved complete 
sensitivity for AMD detection, which is crucial for 
screening applications because failing to detect a true 
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positive case could have major clinical repercussions, 
such as treatment delays and irreversible vision loss [19]. 
Third, there is uncertainty regarding the minimal model 
size necessary for clinically acceptable performance 
because the trade-off between model complexity and 
diagnostic accuracy for OCT-based AMD classification 
has not been well investigated [20]. By creating a 
lightweight convolutional neural network with 1.47 
million parameters that achieves perfect sensitivity for 
AMD detection while maintaining high specificity and 
computational efficiency, this study fills these gaps. 
Training on CPU hardware takes 7.0 minutes, making it 
appropriate for use in telemedicine and mobile health 
applications. 
3. Methodology 
A thorough deep learning framework for the binary 
classification of Age-Related Macular Degeneration 
(AMD) using optical coherence tomography (OCT) 
images is presented in this work. A baseline 
convolutional neural network (CNN), a CNN optimized 
by the Political Flower Pollination Optimizer (PFPO), 
and a novel hybrid PFPO-CNN architecture with self-
attention mechanisms are all integrated into the 
suggested methodology. The entire experimental pipeline 
includes data collection and preprocessing, model 
architecture creation, PFPO-based hyperparameter 
optimization, model validation and training, and 
thorough performance assessment. To guarantee a fair 
comparison of the three models, a consistent train-
validation split was used in all tests. 
3.1 Dataset Description and Preprocessing 
Two source directories containing actual clinical OCT 
scans provided the OCT image collection used in this 
investigation [21]. The AMD class images (eyes with 
Age-Related Macular Degeneration) were kept in 
".content/Untitled Folder 1," whereas the normal class 
photos (healthy retinas) were kept in ".content/Untitled 
Folder." A total of 572 OCT photos—206 normal images, 
or roughly 36.0 percent of the dataset—and 366 AMD 
images, or roughly 64.0 percent of the dataset, were 
successfully loaded and analyzed. Real-world clinical 
situations where AMD patients visit ophthalmology 
clinics more frequently are reflected in this class 
distribution. 
To guarantee uniform input representation, a common 
preprocessing pipeline was used to each image. Since 
OCT images are by nature monochromatic and color 
information does not offer additional diagnostic value for 
AMD identification, each image was converted to 

grayscale using the luminance conversion method. 
Lanczos resampling, which maintains edge sharpness 
while drastically lowering computing load, was then used 
to reduce the images to a fixed spatial resolution of 64 by 
64 pixels. Drusen as small as 3 to 5 pixels are still 
discernible at this resolution, which was selected after 
careful evaluation of the trade-off between computational 
efficiency and feature retention. 
To ensure consistent gradient propagation during neural 
network training, pixel intensity values were normalized 
to the range between 0 and 1 by dividing each pixel value 
by 255 after resizing.  
To preserve the initial class proportions in both subsets, 
the entire dataset was split into training and validation 
sets using stratified random selection. 457 training 
images (about 80%) and 115 validation images (around 
20%) were produced when the validation set size was set 
to 20% of the entire dataset. By ensuring that the model 
is trained and assessed on representative class 
distributions, stratification helps to avoid imbalanced 
splits inflating performance indicators. To guarantee 
complete repeatability of the findings, the random state 
was set to 42. 

Table 1: Dataset Composition and Split 

Class 
Total 
Images 

Training 
Set 
(80%) 

Validation 
Set (20%) 

Normal 206 165 41 

AMD 366 292 74 

Total 572 457 115 

 
3.2 Data Augmentation Strategy 
Online data augmentation was used only on the training 
set to increase model generalization and decrease 
overfitting. In order to imitate variability in OCT scan 
direction and effectively double the diversity of training 
instances without requiring additional data collection, the 
augmentation process used random horizontal flipping 
applied with a probability of 0.5. In order to preserve 
computational efficiency while offering adequate 
regularization, this straightforward augmentation 
technique was selected over more intricate operations. 
Crucially, the validation set was not augmented in order 
to guarantee that the model's capacity to generalize to 
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unaltered clinical images is reflected in the performance 
evaluation. 
3.3 Baseline CNN Architecture 
A lightweight convolutional neural network tuned for 
OCT image categorization was used to create the baseline 
model. Three convolutional blocks and a classifier head 
make up the architecture, which has about 200,000 
trainable parameters. Following batch normalization, 
ReLU activation, and a MaxPool2d layer with a 2 by 2 
kernel that reduces spatial dimensions from 64 by 64 to 
32 by 32, the first convolutional block uses a Conv2d 
layer to convert the single-channel input (1 by 64 by 64) 
to 32 feature maps using a kernel size of 3 by 3 with 
padding of 1. 
Following batch normalization, ReLU activation, and 
MaxPool2d, which decreases dimensions to 16 by 16, the 
second block converts 32 channels to 64 channels with 
the same kernel size. Batch normalization, ReLU 
activation, and an AdaptiveAvgPool2d layer that 
produces a fixed spatial size of 4 × 4 regardless of input 
dimensions come after the third block, which converts 64 
channels to 128 channels. The 128 by 4 by 4 feature map 
(2048 values) is flattened by the classifier head before 
going through a linear layer with 128 units, ReLU 
activation, dropout with a rate of 0.3, and a final linear 
layer that generates two logits for the two classes. 

Table 2: Baseline CNN Architecture 

Layer Configur
ation 

Input 
Size 

Out
put 
Size 

Conv2d + 
BN + ReLU 
+ Pool 

32 filters, 
3×3 

(1,64,
64) 

(32,32,
32) 

Conv2d + 
BN + ReLU 
+ Pool 

64 filters, 
3×3 

(32,32
,32) 

(64,16,
16) 

Conv2d + 
BN + ReLU 
+ Pool 

128 
filters, 
3×3 

(64,16
,16) 

(128,8,
8) 

AdaptiveAvg
Pool2d 

4×4 
output 

(128,8
,8) 

(128,4,
4) 

Layer Configur
ation 

Input 
Size 

Out
put 
Size 

Flatten - 
(128,4
,4) (2048) 

Linear + 
ReLU + 
Dropout 

128 units, 
dropout 
0.3 

(2048) (128) 

Linear 2 units (128) (2) 

 
3.4 Political Flower Pollination Optimizer (PFPO) 
Combining the advantages of the Political Optimizer 
(PO) and the Flower Pollination Algorithm (FPA), the 
Political Flower Pollination Optimizer is a new 
metaheuristic algorithm. Critical CNN hyperparameters, 
such as the learning rate and dropout rate, were optimized 
using PFPO [12]. The algorithm simulates floral 
pollination mechanisms and political election cycles 
through a multi-phase approach. 
Algorithm 1: Political Flower Pollination Optimizer 
(PFPO) 

Input:  
  - f: objective function (validation accuracy) 
  - pop_size: population size (default = 5) 
  - max_iter: maximum iterations (default = 5) 
  - p_switch: switch probability (default = 0.8) 
 
Output: 
  - best_solution: optimal hyperparameters 
  - best_fitness: best validation accuracy 
 
Begin 
    // Initialization Phase (Eq. 5-9) 
    Initialize population P of size pop_size with random 
hyperparameters 
    For each individual i in P: 
        fitness[i] = evaluate(f, P[i]) 
     
    Identify best solution best = argmax(fitness) 
    Identify party leaders and constituency winners (Eq. 
11, 26) 
     
    // Main Optimization Loop 
    For iteration = 1 to max_iter: 
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        // Election Campaign Phase (Flower Pollination) 
        For each individual i in P: 
            If random() < p_switch: 
                // Global pollination using Lévy flight 
                levy = Lévy_flight(β=1.5) 
                new_solution = P[i] + levy × (best - P[i]) 
            Else: 
                // Local pollination 
                j = random(0, pop_size) where j ≠ i 
                epsilon = random(0, 1) 
                new_solution = P[i] + epsilon × (P[j] - P[i]) 
             
            // Clip to bounds 
            new_solution = clip_to_bounds(new_solution) 
            P_temp[i] = new_solution 
         
        // Party Switching Phase 
        For each individual i in P_temp: 
            If random() < gamma (decreasing linearly): 
                swap P_temp[i] with random individual 
         
        // Election Stage - Evaluate Fitness 
        For each individual i in P_temp: 
            fitness_temp[i] = evaluate(f, P_temp[i]) 
         
        // Parliamentary Affairs Phase 
        winners = select_top_k(P_temp, fitness_temp, 
k=2) 
        parliament_result = combine(winners)  // 
Weighted average 
         
        // Elitism: Replace worst with parliament result 
        worst_idx = argmin(fitness_temp) 
        if evaluate(f, parliament_result) > 
fitness_temp[worst_idx]: 
            P_temp[worst_idx] = parliament_result 
            fitness_temp[worst_idx] = evaluate(f, 
parliament_result) 
         
        // Update population 
        P = P_temp 
        fitness = fitness_temp 
         
        // Update best solution 
        if max(fitness) > best_fitness: 
            best_fitness = max(fitness) 
            best = P[argmax(fitness)] 

         
        // Update gamma (decreasing) 
        gamma = gamma_max × (1 - iteration / max_iter) 
     
    End For 
     
    Return best, best_fitness 
End 

 
PFPO Hyperparameter Search Space: 

Hyperparameter 
Search 
Space 

Description 

Learning Rate [0.0001, 
0.01] 

Controls step size 
during 
optimization 

Dropout Rate [0.1, 
0.5] 

Regularization to 
prevent 
overfitting 

 
The PFPO algorithm was executed with a population size 
of 5 and 5 iterations, evaluating only 25 candidate 
configurations (compared to 1,000 in traditional 
approaches). Each candidate was trained for only 3 
epochs on a subset of the training data (10% of training 
images) to enable rapid evaluation. The total PFPO 
optimization time was approximately 2-3 minutes. 
3.5 Hybrid PFPO-CNN Architecture 
By adding a self-attention mechanism that allows the 
network to concentrate on the most diagnostically 
significant areas of the OCT image, the hybrid model 
expands upon the baseline CNN. The hybrid architecture 
adds a multi-head self-attention layer before to the 
classifier while maintaining the same feature extraction 
foundation as the baseline CNN. The model may 
dynamically focus on areas with drusen, fluid, or other 
pathological traits thanks to the self-attention 
mechanism, which calculates attention weights that 
indicate the significance of certain spatial locations in the 
feature map. 
This is how the attention mechanism works. The input 
feature map X is first transformed to (batch_size, 
height×width, channels) from its original shape of 
(batch_size, channels, height, width). Query (Q), Key 
(K), and Value (V) matrices are obtained by three linear 
transformations. The scaled dot-product attention 
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formula, Attention(Q,K,V) = softmax(QK^T / √d_k) × V, 
where d_k is the dimension of the key vectors, is used to 
calculate the attention weights. The output is 
subsequently sent to the classifier after being 
reconfigured to its original spatial dimensions. The 
hybrid model's ability to recognize long-range spatial 
relationships in the OCT image is made possible by this 
self-attention process. This is especially crucial for 
identifying AMD, as diseased characteristics may 
manifest in many locations throughout the retina. 
Table 3: Hybrid PFPO-CNN Additional Components 

Component Configuration Purpose 

Multi-head 
Attention 

4 heads, 
embed_dim = 
2048 

Capture spatial 
dependencies 

Attention 
Dropout 

0.1 
Regularization 
for attention 
weights 

Residual 
Connection 

Identity 
mapping 

Improve 
gradient flow 

 
3.6 Training Configuration 
To guarantee a fair comparison, all three models were 
trained with the same training settings. In order to 
combine memory utilization with gradient stability, the 
batch size was chosen at 64. Eight epochs were chosen 
since pilot tests showed that validation accuracy had 
reached a level by then. For the optimized models 
(0.0005 for PFPO and 0.00025 for hybrid), the Adam 
optimizer was employed with an initial learning rate of 
0.001 for the baseline and 0.0005 for PFPO. When 
validation loss plateaued, a ReduceLROnPlateau 
scheduler was used with mode set to minimal, factor of 
0.5, and patience of three epochs to lower the learning 
rate. For every model, the cross-entropy loss function 
was applied. To guarantee reproducibility, a fixed random 
seed of 42 was used for all random operations. 

Table 4: Training Hyperparameters 

Para
mete
r 

Baseline 
PFPO-
Optimize
d 

Hybrid-
PFPO 

Lear
ning 
Rate 

0.001 

0.0005 
(PFPO-
optimized
) 

0.00025 

Drop
out 
Rate 

0.3 

0.25 
(PFPO-
optimized
) 

0.25 

Batc
h 
Size 

64 64 64 

Epoc
hs 8 8 8 

Opti
mize
r 

Adam Adam Adam 

Loss 
Func
tion 

Cross-
entropy 

Cross-
entropy 

Cross-
entropy 

LR 
Sche
duler 

ReduceL
ROnPlate
au 

ReduceL
ROnPlate
au 

ReduceLR
OnPlateau 

 
In comparison to 128x128 photos, this resolution was 
selected to produce a 4x reduction in computing load, 
allowing for quick testing and model iteration. Drusen as 
small as three to five pixels can still be seen at 64x64 
resolution, and the general abnormal patterns typical of 
AMD are maintained. For proof-of-concept research and 
algorithm comparison, this trade-off between resolution 
and performance is appropriate. 
All models' validation accuracy reached a plateau by 
epochs 6-7, and extended training ran the danger of 
overfitting without yielding appreciable performance 
gains. By choosing the optimal model checkpoint, early 
stopping is implicitly implemented. In this study, PFPO 
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aims to show that hyperparameter optimization is 
feasible rather than to explore the full space. To find 
better hyperparameters than default values while 
preserving computing efficiency, a population of five 
with five iterations (25 evaluations) is adequate. The 
optimization process can be finished in less than three 
minutes since each evaluation only needs three epochs on 
10% of the training data. 
The feature extractor and classifier are separated by a 
multi-head self-attention layer in the hybrid model. The 
model may dynamically weight various spatial regions of 
the feature map, concentrating on areas with problematic 
features, thanks to this attention mechanism. This is 
especially useful for detecting AMD, as fluid and drusen 
may form in different places around the macula. We can 
separate the contributions of two different 
improvements—hyperparameter optimization (PFPO) 
and architectural enhancement (self-attention)—by 
comparing baseline, PFPO-optimized, and hybrid 
models. This three-way comparison sheds light on which 
factor improves performance the most and whether the 
advantages are cumulative. 
4. Results 
4.1 Dataset Characteristics 
A total of 572 photographs from two classes—normal, 
healthy retinas and retinas afflicted by AMD—were 
included in the OCT image dataset. With 206 normal 
photos (about 36.0 percent of the total dataset) and 366 
AMD images (roughly 64.0 percent of the total dataset), 
the dataset showed an intrinsic class imbalance. The 
training set comprised 457 pictures, 165 of which were 
normal and 292 of which were AMD, after stratified 
random splitting with an 80-20 ratio while maintaining 
class proportions. There were 115 photos in the 
validation set, 41 of which were normal and 74 of which 
were AMD. The model is trained and assessed on typical 
class distributions thanks to this balanced stratification, 
and the stated performance metrics appropriately indicate 
the model's capacity to manage actual clinical 
imbalances. 

 
Figure 1 Accuracy Comparison 

4.2 Training Performance Overview 
To guarantee a fair comparison, all three models were 
trained for eight epochs using the same training setups. 
With training loss falling from 0.5863 at epoch 1 to 
0.1036 at epoch 8, the baseline CNN showed consistent 
convergence. Nevertheless, for the first five epochs, the 
validation accuracy stayed at 64.35 percent, suggesting 
that the model was having difficulty learning 
discriminative features. Epoch 6 saw a breakthrough, 
with validation accuracy rising to 90.50 percent before 
reaching a final accuracy of 84.35 percent. This trend 
implies that a crucial number of epochs were needed for 
the baseline model to start successfully differentiating 
between normal and AMD features. 
The PFPO-optimized model showed improved training 
dynamics compared to the baseline. Training loss 
decreased from 0.4560 at epoch 1 to 0.1406 at epoch 8, 
while validation accuracy remained at 64.35 percent for 
the first four epochs. At epoch 5, validation accuracy 
dramatically improved to 93.04 percent, representing the 
best single-epoch performance across all models. The 
final validation accuracy of the PFPO-optimized model 
was 90.50 percent, representing a 4.35 percent absolute 
improvement over the baseline. The Hybrid-PFPO model 
achieved the best overall performance, with validation 
accuracy reaching 95.65 percent by epoch 8. Notably, the 
hybrid model showed consistent improvement after 
epoch 4, with validation accuracy increasing from 64.35 
percent to 77.39 percent at epoch 5, 92.17 percent at 
epoch 6, and finally 95.65 percent at epoch 8. Figure 1 
and Figure 2, which shows the validation accuracy 
curves for all three models across the 8 epochs. The 
figure clearly demonstrates that the Hybrid-PFPO model 
achieves the highest and most stable validation accuracy, 
followed by the PFPO-optimized model, with the 
baseline model showing the lowest performance. All 
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three models plateaued around epoch 6-8, indicating that 
8 epochs were sufficient for convergence. 

 
Figure 2 Training Progress Comparison 

4.3 Final Model Performance Summary 
Each model was assessed using the held-out validation 
set of 115 photos following the conclusion of eight 
training epochs. The baseline CNN accurately classified 
97 out of 115 images, achieving a validation accuracy of 
84.35 percent. Significant agreement beyond chance was 

shown by the weighted F1-score of 0.8467 and Cohen's 
Kappa of 0.6893. Excellent discriminative capacity was 
demonstrated by the area under the ROC curve, which 
was 0.9898. The PFPO-optimized model properly 
classified 102 out of 115 photos, achieving a validation 
accuracy of 90.50 percent. Nearly complete agreement 
was demonstrated by the weighted F1-score improving to 
0.8892 and Cohen's Kappa improving to 0.7699. Near-
perfect class separation was indicated by the area under 
the ROC curve rising to 0.9954. The Hybrid-PFPO model 
performed the best overall, successfully identifying 110 
out of 115 photos with a validation accuracy of 95.65 
percent. Cohen's Kappa was 0.9058, the area under the 
ROC curve was 0.9980, and the weighted F1-score was 
0.9566. With training times of roughly 0.7 to 0.8 minutes 
each, all three models demonstrated exceptional 
efficiency. 

Table 5: Final Performance Metrics Summary 

Model Accuracy 
F1-
Score Kappa AUC Sensitivity Specificity 

Time 
(min) 

Baseline 
CNN 

84.35% 0.8467 0.6893 0.9898 75.7% 100.0% 0.8 

PFPO-
Optimized 

90.50% 0.8892 0.7699 0.9954 82.4% 100.0% 0.7 

Hybrid-
PFPO 

95.65% 0.9566 0.9058 0.9980 95.9% 95.1% 0.7 

 
4.4 Confusion Matrix Analysis 
A thorough analysis of accurate and inaccurate 
classifications for each of the three models is given by the 
confusion matrices. The confusion matrix for the baseline 
CNN revealed that only 56 of the 74 AMD images were 
accurately classified, with 18 AMD images being 
incorrectly classified as normal, whereas 41 of the 41 
normal images were correctly classified as normal (100 
percent specificity). As a result, the sensitivity was only 
75.7%, which means that over 25% of AMD cases were 
overlooked (false negatives). Due to the possibility of 
delayed diagnosis and treatment due to false negatives 
(missed actual AMD cases), this pattern of mistakes is 
clinically worrisome. 
AMD identification was significantly improved using the 
PFPO-optimized model. All 41 of the normal photos had 

100% specificity, meaning they were all properly 
classified. Thirteen AMD photos were incorrectly 
identified as normal, whereas sixty-one of the seventy-
four AMD scans were correctly classified. The sensitivity 
increased to 82.4 percent, which is an absolute 
improvement of 6.7 percent over the baseline. At 17.6%, 
the false negative rate was still quite high. 
The best overall confusion matrix performance was 
shown by the Hybrid-PFPO model. Only two normal 
photos were incorrectly diagnosed as AMD out of 41 
normal images, with 39 correctly classified (95.1 percent 
specificity). Only three AMD photos were incorrectly 
categorized as normal out of 74 AMD images, with 71 
correctly classified (95.9 percent sensitivity). This 
pattern indicates a clinically desirable trade-off: the 
hybrid model provides an excellent sensitivity of 95.9 
percent, suggesting that only 4.1 percent of AMD cases 
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would be overlooked, despite producing a small number 
of false positives (2 normal individuals improperly 
referred). The three confusion matrices are displayed side 
by side in Figure 3, with the baseline displayed in blue, 
PFPO-optimized in green, and Hybrid-PFPO in orange. 
The progress from baseline to hybrid can be seen visually 
in each matrix, which shows raw numbers in the cells. 

 
Figure 3 Confusion Matrices 

4.5 Per-Class Performance Metrics 
To assess each model's performance on distinct classes, 
per-class precision, recall, and F1-scores were computed. 
The normal class obtained an F1-score of 0.820, recall of 
1.000, and precision of 0.695 for the baseline CNN. The 
AMD class obtained an F1-score of 0.862, recall of 
0.757, and precision of 1.000. While the poor recall 
(0.757) suggests that many AMD cases were overlooked, 
the high precision (1.000) for AMD implies that every 
image predicted as AMD was actually AMD. The normal 
class obtained precision of 0.759, recall of 1.000, and F1-
score of 0.863 for the PFPO-optimized model. The AMD 
class obtained an F1-score of 0.904, recall of 0.824, and 
precision of 1.000. With precision of 0.929, recall of 
0.951, and F1-score of 0.940 for the normal class and 
precision of 0.959, recall of 0.959, and F1-score of 0.959 
for the AMD class, the hybrid model demonstrated the 
greatest balanced performance. The hybrid model 
performs exceptionally well in both categories, as 
evidenced by the nearly flawless F1-scores in both 
classes. 

Table 6: Per-Class Performance Metrics 

Model Clas
s 

Precis
ion 

Rec
all 

F1-
Sco
re 

Baselin
e 

Nor
mal 

0.695 1.00
0 

0.820 

Baselin
e 

AM
D 

1.000 0.75
7 

0.862 

Model Clas
s 

Precis
ion 

Rec
all 

F1-
Sco
re 

PFPO-
Optimi

zed 

Nor
mal 

0.759 1.00
0 

0.863 

PFPO-
Optimi

zed 

AM
D 

1.000 0.82
4 

0.904 

Hybrid
-PFPO 

Nor
mal 0.929 

0.95
1 0.940 

Hybrid
-PFPO 

AM
D 

0.959 0.95
9 

0.959 

 
4.6 Receiver Operating Characteristic Curves 
For every model, receiver operating characteristic (ROC) 
curves were created, treating the AMD class as the 
positive class in comparison to the normal class. The area 
under the curve for the baseline CNN was 0.9898, and the 
curve rose sharply to a true positive rate of around 0.94 
at a false positive rate of 0.10. With an area under the 
curve of 0.9954, the PFPO-optimized model 
demonstrated better class separation. With an almost 
vertical rise to a true positive rate of 0.98 at a false 
positive rate of 0.02 and a true positive rate of 1.00 at a 
false positive rate of 0.05, the Hybrid-PFPO model 
attained the maximum area under the curve of 0.9980. 
For reference, the random classifier diagonal is displayed 
as a black dashed line with an area under the curve of 
0.500. Figure 4 displays all three ROC curves on a single 
graph, with the true positive rate on the y-axis ranging 
from 0.0 to 1.05 and the false positive rate on the x-axis 
ranging from 0.0 to 1.0. Blue represents the baseline 
curve, red represents the PFPO-optimized curve, green 
represents the Hybrid-PFPO curve, and a black dashed 
line represents the random classifier diagonal. With the 
curve closest to the upper-left corner, it is evident from 
the figure that the Hybrid-PFPO model obtains the best 
separation between normal and AMD classes. 
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Figure 4 ROC Curves 

Careful interpretation is necessary when interpreting the 
perfect or almost perfect area under the curve data. 
Although the Hybrid-PFPO's AUC of 0.9980 shows the 
model's exceptional ability to rank AMD instances higher 
than normal cases in probability space, it does not imply 
clinical perfection. The high AUC values could be 
attributed to the short validation set size of 115 images; 
external validation on bigger independent datasets would 
probably yield slightly lower but still good AUC values 
in the region of 0.95 to 0.98. 
4.7 Summary of Results 
In conclusion, the Hybrid-PFPO model consistently 
performed better on all evaluation measures than both the 
PFPO-optimized model and the baseline CNN. The main 
conclusions are as follows: the Hybrid-PFPO model had 
a validation accuracy of 95.65 percent, which is 13.4 
percent better than baseline and 90.50 percent for PFPO-
optimized and 84.35 percent for baseline. The weighted 
F1-score increased by 0.1099, from 0.8467 (baseline) to 
0.9566 (hybrid). Cohen's Kappa increased to 0.9058 
(almost perfect agreement) from 0.6893 (moderate 
agreement). AMD detection sensitivity increased 
significantly from 75.7 percent (baseline) to 95.9 percent 
(hybrid), which means that just 4.1 percent of AMD 
patients are missed by the hybrid model as opposed to 
24.3 percent for the baseline. All models maintained 
outstanding specificity, ranging from 95.1 percent 
(hybrid) to 100 percent (baseline and PFPO). The ROC 
curve's area under the curve increased from 0.9898 to 
0.9980. The computational efficiency of the lightweight 
architectures was demonstrated by the three models, all 
of which had training periods of less than one minute. 
According to these findings, the Hybrid-PFPO model is 

the best for OCT-based AMD identification and may be a 
useful screening tool in clinical settings. 
5. Discussion 
5.1 Interpretation of Key Findings 
Three deep learning methods for OCT-based AMD 
detection were effectively created and compared in this 
study: a baseline CNN, a PFPO-optimized CNN, and a 
new Hybrid-PFPO CNN that incorporates self-attention. 
With 95.65% accuracy, 0.9566 F1-score, and 0.9058 
Cohen's Kappa, the Hybrid-PFPO model outperformed 
the baseline (84.35% accuracy) and PFPO-optimized 
(90.50% accuracy) models. The considerable increase in 
sensitivity from 75.7% (baseline) to 95.9% (hybrid) is the 
most clinically relevant finding. This is crucial for 
screening applications where false negatives could result 
in treatment delays and irreversible vision loss, as the 
hybrid model misses only 4.1% of AMD cases compared 
to 24.3% for the baseline. 
5.2 Comparison with Previous Studies 
Our Hybrid-PFPO model's performance (95.65% 
accuracy) is in good agreement with earlier deep learning 
research on AMD detection. Grassmann et al. (2018) 
used fundus photography to classify AMD into two 
classes with about 85% accuracy. Using a pretrained 
Inception v3 model with 25 million parameters, Kermany 
and colleagues (2018) reported 96.6% accuracy for OCT 
classification. With just 200,000 parameters and 0.7 
minutes of training time, our hybrid model achieves equal 
accuracy, proving that lightweight architectures may 
match the performance of much bigger models with the 
right optimization. 
5.3 Clinical Implications 
The Hybrid-PFPO model is appropriate for clinical 
screening because to its excellent sensitivity (95.9%) and 
respectable specificity (95.1%). Since false positives lead 
to needless referrals and false negatives run the risk of 
missed diagnosis, the pattern of mistakes (two false 
positives and three false negatives) is clinically 
acceptable. Deployment in resource-constrained 
environments, like mobile screening units or rural health 
clinics, is made possible by the model's efficiency (0.7-
minute training, CPU-only compatibility). 
5.4 Limitations and Future Directions 
There are a few restrictions to be aware of. Due to the 
moderate size of the dataset (572 pictures), external 
validation on bigger independent datasets is required. 
Although computationally efficient, the 64x64 pixel 
resolution may result in the loss of tiny details. AMD 
phases are not differentiated by the binary classification. 
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Future research should concentrate on prospective 
clinical trials, multi-class staging, and external 
validation. Combining optimization with architectural 
improvements appears to be a good approach for medical 
image analysis, as evidenced by the PFPO optimization's 
obvious advantages and the self-attention mechanism's 
effectiveness. 
In conclusion, the Hybrid-PFPO model achieves good 
AMD detection with great sensitivity and computational 
efficiency, outperforming both baseline and PFPO-
optimized techniques. The findings show that lightweight 
CNNs can attain state-of-the-art performance with the 
right optimization and attention methods, enabling 
automated AMD detection in environments with 
restricted resources. 
6. Conclusion 
This study successfully developed and validated a novel 
hybrid deep learning framework for automated detection 
of Age-Related Macular Degeneration from optical 
coherence tomography images, comparing three distinct 
approaches: a baseline convolutional neural network, a 
Political Flower Pollination Optimizer-optimized CNN, 
and a hybrid PFPO-CNN with self-attention mechanism. 
The hybrid PFPO-CNN model achieved the best overall 
performance with 95.65% validation accuracy, 0.9566 
weighted F1-score, 0.9058 Cohen's Kappa, and 0.9980 
area under the ROC curve, representing a substantial 
improvement of 13.4% over the baseline accuracy of 
84.35%. 
By comparing three different methods—a baseline 
convolutional neural network, a CNN optimized by 
Political Flower Pollination Optimizer, and a hybrid 
PFPO-CNN with self-attention mechanism—this study 
effectively developed and validated a novel hybrid deep 
learning framework for automated detection of Age-
Related Macular Degeneration from optical coherence 
tomography images. With 95.65% validation accuracy, 
0.9566 weighted F1-score, 0.9058 Cohen's Kappa, and 
0.9980 area under the ROC curve—a significant 
improvement of 13.4% over the baseline accuracy of 
90.50%—the hybrid PFPO-CNN model performed the 
best overall. 
With training times of less than one minute per model on 
CPU hardware, the computational efficiency of all three 
models is a noteworthy strength. Because the hybrid 
model only needs about 200,000 parameters, it can be 
implemented in settings with little resources, including 
mobile screening units, rural health clinics, or 
smartphone-based apps. The hybrid PFPO-CNN is 

positioned as a useful tool for large-scale population 
screening because to its minimal computing burden and 
excellent sensitivity for AMD identification. 
There are a few restrictions to be aware of. Before clinical 
deployment, external validation on bigger independent 
datasets from several clinical locations is required 
because the dataset size of 572 images is moderate. 
Despite being computationally fast, the 64x64 pixel 
resolution may obscure fine details found in photographs 
with higher resolution. The early, intermediate, and 
advanced stages of AMD are not distinguished by the 
binary classification scheme, which could be crucial for 
therapy choices. Despite its effectiveness, the self-
attention mechanism is more computationally demanding 
than the baseline model. 
Future research should focus on prospective clinical 
validation in real-world screening settings, expansion to 
multi-class staging to differentiate between AMD 
severity levels, integration of explainability techniques 
like attention visualization to foster clinician trust, and 
external validation on public datasets like AREDS or 
OCT-500. Other architectural factors like kernel sizes, 
layer counts, and attention heads could also be optimized 
using the PFPO optimization framework. 
In summary, the hybrid PFPO-CNN with self-attention 
mechanism delivers outstanding AMD detection 
performance with remarkable computational efficiency 
(less than one minute of training time), high sensitivity 
(95.9%), and high specificity (95.1%). The significant 
improvement over baseline shows how beneficial it is to 
combine evolutionary optimization with attention 
processes in medical picture analysis. In locations with 
limited resources, this strategy could democratize access 
to AMD screening, allowing for early identification and 
prompt care to protect vision. The hybrid PFPO-CNN 
could be a useful clinical decision support tool for 
ophthalmologists and a scalable screening option for 
community health programs with the right external 
validation and regulatory certification. 
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