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Abstract: Retinal diseases gradually weaken eyesight and may even potentially lead to blindness. Recognizing changes in the retina based 
on OCT imaging allows for the detection of diseases at their early stages and thus for making an appropriate diagnosis. In this study, acquired 
vitelliform lesions (AVL), drusen, and healthy cases are identified utilizing various CNN-based architectures, such as the Convolutional Gated 
Recurrent Units U-Net, Deep CNN-GRU Network, Residual Attention CNN. The dataset consisting of OCT images was created using  
photographs gathered from two research centres and publicly available OCT database. The single models obtained to be very effective in 
recognition the retinal diseases, obtaining the accuracy of 93.80%, 94.03%, and 95.18% for the Convolutional Gated Recurrent Units U-Net, 
Deep CNN-GRU Network, Residual Attention CNN, respectively. These models outperformed the pre-trained deep learning architectures, 
VGG-16, ResNet-18, InceptionV3, and DenseNet-121. In order to further enhance the performance of AVL, drusen, and normal cases  
identification up to 97.09% accuracy, bagging, boosting, and stacking of ensemble learning methods for all models are applied. Moreover, 
in order to eliminate the black box effect and indicate on what basis the classifier makes conclusions, two interpretability techniques are 
employed: Gradient Weighted Class Activation Maps (Grad-CAM) and Shap values. This study gives the in-depth insight into AVL, Drusen, 
and normal cases identification. Moreover, it provides the most effective CNN-based architecture with high accuracy to support  
ophthalmologists. 

Key words: retinal diseases, Acquired Vitelliform Lesions, DRUSEN, Convolutional Gated Recurrent Units U-Net, Deep CNN-GRU Network, 
Residual Attention CNN, ensemble learning, XAI

1. INTRODUCTION 

Abnormalities that occur in retina may have a severe impact on 
human vision and even may lead to blindness. These changes in 
retina structure are allied with various pathologies, such as diabetic 
macular edema (DME), choroidal neovascularization (CNV), age-
related macular degeneration (AMD), or acquired vitelliform lesions 
(AVL) [1–7].  

Age-related macular degeneration is a severe retinal disease 
that affects central part of vision. It usually appears in the elderly 
due to a combination of genetic and behavioural factors. It is esti-
mated that until 2040 AMD will expand to 288 million cases [8–10]. 
Small yellow deposits beneath the retina, known as drusen, are 
hallmark features of dry this distortion [11]. 

Acquired vitelliform lesions encompass a broad spectrum of ret-
inal diseases [6,12]. In addition to hereditary Best disease, which 
occurs in younger patients, there is AVL, which often occurs in older 
individuals, such as AMD [13]. The vitelliform lesion represents an 
accumulation of lipofuscin, melanosomes, melanolipofuscin, and 

outer segment debris in the subretinal space, between the photo-
receptors layer and retinal pigment epithelium [14].The AVL and 
drusen may be easily confused that is why accurate method of their 
identification is of great importance. 

Optical Coherence Tomography (OCT) is a groundbreaking 
and non-invasive imaging method often applied to monitor retinal 
distortions and detect all abnormalities [4]. This technique supports 
ophthalmologists by providing very accurate and high-resolution of 
retinal structure.  

Convolutional Neural Network (CNN) architectures play a piv-
otal role in retinal diseases imaging identification [6,15–18]. The 
convolutional operations provide feature extraction and thus lever-
age depth-wise and spatial information for enhancing prediction 
process. Many studies have proposed custom-based models, cre-
ating from scratch, to obtain high effectiveness for various retinal 
pathologies. A great number of papers concern on pre-trained, 
deep learning state-of-the-art architectures, where the final layer is 
training to tune the model for specific tasks identification. Due to the 
fact that each model leverages the unique features, various types 
of ensemble learning are widely employed [14,19]. They main goal 
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is to improve the overall accuracy of the final model. Moreover, this 
approach possesses a great number of advantages, like reducing 
overfitting, reducing their dependency on noisy data. 

To eliminate the black box effect and indicate on what basis the 
classifier makes conclusions, various interpretability techniques are 
employed [20]. The Gradient Weighted Class Activation Maps 
(Grad-CAMs), Testing with Concept Activation Vectors (TCAVs), 
and Shapley values determine the human-interpretable context for 
imaging with great success [21–23]. These visualizations create a 
simple interpretation how model works. 

Due to the fact that the majority of retinal disorders are identi-
fied in their advanced stages, there is a low probability of recovery 
because of the lack of adequate healthcare infrastructure [3]. More-
over, there are no sufficient professionals in the rural areas. An-
other aspect that should be emphasized is that retinal diseases are 
usually diagnosed employing manual procedures that extremely 
rely on clinicians’ expertise. Thus, the main motivation of this study 
focuses on proposing a new, automated OCT-image based model 
that supports ophthalmologists with high reliability. This solution will 
provide significant assistant in quickly diagnosis of AVL and Drusen 
disorders. The architecture should also include healthy cases and 
distinguish them from the pathological images. 

The main aim of this study to develop an accurate automatic 
tool to identify AVL and Drusen distortions, and to distinguish them 
from healthy cases. For this purpose, the CNN-based models are 
proposed. Moreover, three ensemble learning methods, bagging, 
boosting, and stacking, are applied to create the most effective ar-
chitecture. 

The main contributions of this study are as follows: 

− Gathering the dataset providing OCT imaging of AVL, Drusen, 
and healthy cases. The dataset is obtained from two research 
centres and Kaggle OCT dataset; 

− Employing the Deep CNN-GRU Network [24], Convolutional 
Gated Recurrent Units U-Net [18], and Residual Attention to 
AVL, Drusen, and healthy cases identification. Their perfor-
mance is verified using accuracy, precision, recall, and F1-
score metrics. These CNN-based architectures obtained hight 
reliability with average accuracy of 90.50%, 89.59%, and 
92.12%, respectively. The precision for AVL class extends 
60%, which outperforms the state-of-the-art models such as 
VGG-16, ResNet-18, InceptionV3, and DenseNet-121; 

− Applying the Gradient‑weighted Class Activation Mapping 
(Grad-CAM) to visualize the most relevant image areas based 
on which the above-mentioned CNN models provide their deci-
sion-making; 

− Employing bagging, boosting, and stacking ensemble learning 
techniques to provide the most effective model for AVL, 
Drusen, and healthy cases recognition. The stacking method 
states to be the most effective, achieving 97.93% average ac-
curacy. It should be emphasized that ensemble learning mod-
els provide precision at a level exceeding 94.44%; 

− Comparing the proposed models with the state-of-the-art pre-
trained architectures to evaluate which architecture is the most 
convenient for the gathered dataset. The Deep CNN-GRU Net-
work, Convolutional Gated Recurrent Units U-Net, and Resid-
ual Attention as well as the models obtain with bagging, boost-
ing, and stacking ensemble learning outperform the VGG-16, 
ResNet-18, InceptionV3, and DenseNet-121. 
This study gives an in-depth insight into AVL, Drusen, and nor-

mal cases identification.  
 
 

2. RELATED WORKS 

CNN architectures have gained a lot of interest recently for ret-
inal eyes diseases detection. The well-known, pre-trained, deep 
learning models are often applied to identify various retina patholo-
gies. There are a group of studies presenting new architectures. A 
branch of the field concerns the models combining various archi-
tectures to enhance classifiers performance. 

A lightweight CNN model was proposed for distinguishing 
heathy cases from these with various pathology, such as: cataract, 
diabetic retinopathy, and others [25]. The study utilized two da-
tasets: the Ocular Disease Intelligence Recognition and Retinal 
Fundus Multi-Disease Image Dataset. For feature extractions dif-
ferent types of family wavelet were selected. The developed archi-
tectures provided high performance, reaching 96.21% accuracy us-
ing 3-level decomposition biorthogonal wavelet. Another lightweight 
CNN-based model, namely RetNet, for accurate CNV, DME, 
Drusen, and normal cases with Retinal Diseases Classification 
photos dataset was proposed in [15]. The architecture consists of 
22 layers, including six 2D convolutional, and three dense ones. It 
achieved 95.41% accuracy, outperforming the state-of-the-art mod-
els, such as ResNet-50, InceptionV3, EfficientNet B0, Xception, 
and VGG-16.  

Diabetic retinopathy pathologies, such as CNV, DME, Drusen, 
together with healthy cases were recognized using the  model uti-
lizing complex of 1-Dimensional convolutional neural networks [1]. 
The study was performed using Mendeley database containing 
OCT images. All data were pre-processed with constrained normal-
ized subband adaptive filter. The proposed architecture provided to 
be extremely effective, reaching up to 98.12% accuracy. This 
model outperformed convolutional and deep convolutional neural 
networks. CNV, DME, Drusen, and normal cases were identified 
with the proposed  lightweight architectures utilizing deep learning 
approach, a judicious fusion of convolutional and identity blocks [2]. 
The study was performed using the pre-processed and augmented 
data gathered from three datasets: OCT2017, Retinal OCT-C8, and 
Database-101. This model achieved 92.97% accuracy outperform-
ing the pre-trained ResNet50v2. The same retinal disorders from 
OCT images were recognized utilizing the 5-layer custom CNN ar-
chitecture achieving 98% accuracy [3]. This model surpassed the 
networks such as VGG-16, ResNet-50, and AlexNet. The study 
was performed utilizing Kaggle dataset. Moreover, the authors em-
phasized that standard machine learning methods like Support 
Vector Machine and XGBoost are not efficiently enough to obtain 
high performance of CNV, DME, Drusen, and normal cases detec-
tion. TezNet, CNN-based architecture, was proposed for CNV, 
DME, Drusen, and normal cases from Kaggle OCT dataset [26].  
This model utilized residual block to eliminate vanishing gradient 
issues, and leverage Inception module technique to enhance net-
work width and thus improved fine-detail detection. This solution 
achieved 96.20% accuracy, outperforming Con-Vit model. It should 
be emphasized that the TezNet model had half parameter of deep 
learning architectures. 60-layer CNN-based architecture, namely 
OCTm, with attention mechanism is another model proposed for 
CNV, DME, Drusen, and healthy cases identification [7]. This solu-
tion achieved 99.79% and 99.69% accuracy for UCSD-v2 and Duke 
datasets, respectively. The residual self-attention vision trans-
former, RS-A ViT , for AVL, Drusen, and healthy cases identification 
using OCT imaging provided to be highly effective, achieving 
93.33% accuracy [6]. This model outperformed the standard deep 
learning architectures, such as EfficientNet, InceptionV3, ResNet-
50, and VGG-16.  
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A majority of studies about diabetic retinopathy were performed 
utilizing the pre-trained deep learning models [27]. Recognition the 
cases with and without DME from fundus and OCT images was 
studied in [28]. The Messidor-2 and Retinal OCT datasets were in-
volved for training and testing the new model based on two pre-
trained VGG-19 and ResNet-50 architectures. The macula regions 
were segmented utilizing DeeplabV3+ approach. This high-perfor-
mance model achieved 98.79% and 98.81% accuracy results for 
VGG-19, and ResNet-50, respectively. The VGG-16, VGG-19, 
ResNet-50, MobileNet, and the proposed LayerV, extending the 
VGG-16, architectures were employed to DME, Drusen, CNV, and 
normal cases identification from OCT imaging [29]. The LayerV out-
performed all above-mentioned models with respect to precision, 
recall, and F1-score metrics. In case of these all measures, it 
achieved values exceeding 90%. Early diagnosis of CNV, DME, 
Drusen together with normal cases recognition were performed 
with high success utilizing VGG16, VGG19, ResNet50, and Incep-
tionV3 using OCT imaging [30]. Three experiments, with and with-
out preprocessing and data augmentation, as well as class imbal-
ance handling using feature space SMOTE were done. The results 
indicated the VGG-based architectures obtained the best competi-
tive performance for automatic identification, extending 97%. 

Retinal diseases such as CNV, Drusen, DME, and normal 
cases were identified with three methods utilizing the OCT Kaggle 
dataset [31]. The pre-trained ResNet-18 obtained 86.12% average 
accuracy. Slightly lower performance, 82.45%, was reached using 
4-deep layer CNN. An improved dynamic-layered classification, uti-
lizing ResNet model, outperformed these two networks, achieving 
99.45%. Three choroid disorders, namely central serous chorioreti-
nopathy, CNV, and polypoid choroidal vasculopathy together with 
normal cases, and drusen were recognized using the 15-layer CNN 
with the modified VGG-16 architecture [32]. This model achieved 
98.5% accuracy, outperforming other networks, such as ResNet-50 
and VGG-16. Moreover, the DME degenerations were segmented 
utilizing the fine-tuned UNet architecture. That model provided se-
verity analysis of retinal and choroidal diseases. The study was per-
formed utilizing OCT datasets. The custom CNN, VGG-19, and 
DenseNet-121 were compared in order to identify CNV, DME, 
Drusen, and normal cases based on OCT imaging with high perfor-
mance [33]. The CNN architecture achieved 92.59% accuracy for 
balanced dataset, while the pre-trained models obtained 86.78% 
and 84.38% accuracy values for VGG-19 and DenseNet-121, re-
spectively.  Another study [34] employed the custom OCT-CNN ar-
chitecture and compared it with popular models, ResNet-50, VGG-
19, MobileNet, and InceptionV3. Also in this case, the proposed so-
lution based on the CNN architecture achieved higher classification 
accuracy for CNV, DME, Drusen, and healthy cases, 99.23%, com-
pared to standard pre-trained architectures. The 3-, 4-, and 5-layer 
CNN models were employed for the same retinal diseases achiev-
ing 53.50%, 78.50%, and 90.00% accuracy, respectively [35]. The 
comparison with the pre-trained architectures proved that the VGG-
16 obtained the highest accuracy of identification, equal to 96.00%, 
while the ShuffleNet did not reach high performance with the accu-
racy of 76.12%. In [4] the custom-based CNN, the modified VGG-
19, InceptionV3, the standard ResNet-101, and ResNet-101 with 
Gaussian median wavelet filters were compared for CNV, DME, 
Drusen, and normal cases OCT identification. The CNN model ob-
tained 99% accuracy, outperforming other architectures. The hybrid 

multilayered classification for the same above-mentioned retinal 
distortions employing CNN and VGG-19 models [36]. This architec-
tures combination provided to be extremely effective, achieving 
97.76%, 98.12%, and 98.12% accuracy for CNV, DME, and 
Drusen, respectively. 

Trust of AI-based architectures for medical purposes are of 
great importance. Thus, in order to provide transparent model’s de-
cision making SHAP explainable method was applied for DME, 
CNV, and Drusen identification [37]. The visual explanation of 
VGG16 architecture helped to improve model reliability. A  new ex-
plainable approach combining ResNet50 and Vision Transformer 
layers based on pixel-based explanation was introduced to provide 
diabetic retinopathy, AMD, and glaucoma diseases [38]. This solu-
tion shows clinically significant area. The custom OCT scan-based 
explainable method was proposed for clinically meaningful diag-
nostic features for AMD identification [39]. The grading medical 
landmarks are indicated taking into consideration subretinal and 
sub-RPE tissue, retinal fluids, and detecting discontinuities of lay-
ers. 

In order to enhance the performance of the eye diseases iden-
tification, the ensemble learning methods have been widely ap-
plied. They leverage the strength of individual models and as a re-
sult may improve overall recognition effectiveness [40]. DenseNet-
201, NaSNetMobile, and ResNet-101v2 were combined utilizing 
average ensemble learning to improve the CNV, DME, drusen, and 
normal cases identification by 1.76% accuracy according to the 
best single architecture [40]. The proposed model obtained 91.51% 
accuracy. In [5] the new 21-layer CNN-based model, Ret-Detect, 
was suggested for CNV, DME, Drusen, and normal cases recogni-
tion. This architecture outperformed the pre-trained networks, such 
as: MobileNet, DenseNet-121, VGG-19, InceptionV3, VGG-16, 
ResNet-50. Moreover, the Ret-Detect obtained better performance 
than ensemble learning model combining all above-mentioned so-
lutions, reaching 96% accuracy. In [41] two various architectures, 
ResNetRS and RETFound, based on autoencoder paradigm, were 
stacked in order to enhance the AMD identification utilizing fundus 
imaging. This architecture achieved a quadratic weighted kappa of 
0.7364 and an accuracy of 66.03%. 

The majority of current research largely focuses on diagnosing 
CNV, AMD, Drusen distortions, and healthy images using OCT im-
aging. Modern architectures based on convolutional neural net-
works, deep learning, and the residual-based solutions have enor-
mous potential for diagnosing AVL and AMD. 

3. MATERIALS AND METHODS 

Fig. 1 presents the architecture-level overview of the ensemble 
model. The figure highlights the complementary character of the 
three base learners: recurrent spatial-context modelling in Deep 
CNN-GRU, encoder-decoder recurrent feature fusion in Convolu-
tional GRU U-Net, and residual attention-based feature selection in 
RAN. Their predictions are then combined using bagging, boosting, 
and stacking, with XGBoost used as the stacking meta-model, to 
obtain the final classification of OCT images into AVL, Drusen, and 
normal classes. 
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Fig. 1. The proposed methodology for ensemble learning model

3.1. Dataset 

For the purpose of this study, the OCT dataset was gathered 
from two research centres and Labeled Optical Coherence Tomo-
graph dataset [42]. AVL cases were collected from Eye Clinic, De-
partment of Public Health, Federico II University in Italy and Chair 
and Department of General and Pediatric Ophthalmology at the 
Medical University of Lublin in Poland. These data were thoroughly 
verified. All illegible images were excluded. In total, 125 images 
were prepared for further study. From the OCT dataset [42] Drusen 
and normal cases were gathered. As a result, 577 images of 
Drusen, and 578 normal cases were assembled (Fig. 2). 

 
Fig. 2. The OCT dataset structure (ORC1 stands for Eye Clinic, 

Department of Public Health, Federico II University in Italy, ORC2 
corresponds to Chair and Department of General and Pediatric 
Ophthalmology at the Medical University of Lublin in Poland) [6] 

The study was carried in accordance with the relevant guide-
lines and regulations, as well as, the Helsinki Declaration. The 
scope and method of conducted study were approved by the Ethics 
Committee of the Medical University of Lublin (no. KE-
0254/260/12/2022). An informed consent was obtained from all 
study participants or their legal guardians. All data available as part 
of the conducted studies were anonymized to prevent obtaining 
personal patient data. 

The gaussian and median filters were applied to decrease 
speckle noise and to keep essential structures of all OCT images. 
Gaussian filtering was used to suppress high-frequency speckle 
noise by locally smoothing pixel intensities. In contrast, median fil-
tering was used to suppress isolated intensity outliers without blur-
ring diagnostically significant retinal layer boundaries. Both filters 
were applied with small local kernels before resizing and normali-
sation. 

 In case of AVL distortions, the region with the macula was 
manually selected in order to indicate the relevant area of this dis-
ease. Next, all images were resized to a fixed resolution of 224x224 
pixels to be appropriate to input layer of CNN architectures. The 
intensities of each image were scaled to range between 0 and 1 in 
order to normalize pixel intensities and reduce variability of various 
imaging sessions. The dataset involved in this study consisted of 
125 AVL images, 577 Drusen images and 578 images of normal 
cases. The whole dataset was divided into training, validation, and 
testing subsets, with a ratio of 70%, 15%, and 15%, respectively. 
The proportions of individual classes were maintained (Tab. 1). 

Tab. 1. Structure of training, validation, and testing subsets 

Subset Class 
No. of data 

before 
augmentation 

No. of data 
after 

augmentation  

Training 

AVL 87 400 

DRUSEN 404 450 

HEALTHY 404 450 

Validation 

AVL 19 - 

DRUSEN 87 - 

NORMAL 86 - 

Testing 

AVL 19 - 

DRUSEN 87 - 

NORMAL 87 - 

In order to improve the generalization capabilities of machine 
learning architecture and its performance, the augmentation 



Pawel Powroźnik, Maria Skublewska-Paszkowska, Katarzyna Nowomiejska, Robert Rejdak, Marcin Derlatka                                                         DOI: 10.65731/ama/2026-0059 
An Explainable AI Ensemble Model for Acquired Vitelliform Lesion Identification  

598 

process was involved. It was utilized in model training to increase 
samples diversity and to reduce the risk of overfitting. The following 
image transformations were involved [43,44]:  rotation, scaling, ran-
domly cropping and resizing, colour jittering, gaussian noise, elastic 
deformation, random erasing, random masking by square regions, 
horizontal, and vertical flipping.  

3.2. Deep CNN-GRU 

Deep CNN-GRU architecture [17] integrates a deep convolu-
tional backbone with a recurrent module so that both fine-scale 
structural cues and wider contextual dependencies present in opti-
cal‑coherence‑tomography (OCT) B‑scans are captured within a 
single end‑to‑end trainable network. The convolutional front‑end is 
organised as five consecutive blocks, each composed of two 
(3 × 3) convolutions employing zero padding and unit stride, rec-
tified linear unit (ReLU) activations, and a (2 × 2) max‑pooling op-
eration that halves the spatial resolution. Filter counts grow in a 
doubling scheme: (64, 128, 256, 512, 512), to enlarge the receptive 
field while preserving computational tractability. This design mirrors 
the philosophy of CNN‑style architectures, allowing deeper repre-
sentational hierarchies without excessively large kernels. After the 
last pooling stage, the feature tensor has spatial dimensions 
(7 × 7) with 512 channels. Instead of flattening these maps di-
rectly, the tensor is first reshaped into a sequence of 49 feature 
vectors (one per spatial position), each 512-dimensional, and for-
warded to a gated recurrent unit (GRU) layer.  

The GRU processes the sequence row‑by‑row, using its up-
date and reset gates to decide how much of the previously aggre-
gated contextual information to retain and how much to overwrite 
with the current spatial sample. The network effectively models 
long‑range co‑occurrences between distant retinal regions that 
may be diagnostically linked yet spatially disjoint on a single 
B‑scan. The recurrent block therefore complements the strictly lo-
cal modelling of the convolutional filters. The final hidden state emit-
ted by the GRU serves as a global representation of the entire im-
age. This vector is fed to a 64-unit fully connected layer that applies 
dropout regularisation during training to mitigate overfitting. A ter-
minal Softmax layer with four logits transforms the network output 
into posterior probabilities over the target classes allowing straight-
forward optimisation via categorical cross‑entropy. Information 

therefore flows through the model as: [𝐼224×224×3
Conv−Block1...5
→           𝐹7×7×512

reshape
→     {𝑓𝑡}𝑡=1

49
GRU
→  ℎ

𝐹𝐶64
→  z

Softmax
→     p 

where I denotes the input OCT slice, F the deepest feature maps, 
𝑓𝑡 the sequential embeddings, h the GRU state, z the fully con-
nected activations, and p the predicted class distribution. Each 
stage is fully differentiable, enabling simultaneous tuning of convo-
lutional kernels, recurrent weights, and classification parameters 
through back‑propagation and stochastic‑gradient descent. 

3.3. Convolutional GRU U-Net 

Convolutional GRU U-Net [18] fuses the symmetrical encoder–
decoder topology of the original U‑Net with bidirectional convolu-

tional gated‑recurrent units (BiConvGRU). Thereby enabling the 
model to exploit both multi‑scale spatial context and long‑range 
feature dependencies when analysing ultra‑wide‑field fundus im-
ages.  

In the contracting branch, the network ingests a 300 ×

375 pixel image that has been intensity‑normalised to the range 
[0,1]. Four successive resolution levels each apply a pair of 3 × 3 

convolutions with zero padding and rectified‑linear‑unit activations, 
immediately followed by a 2 × 2 max‑pooling operation that 
halves the spatial dimensions while doubling the number of feature 
maps, thus generating a hierarchy of increasingly abstract repre-
sentations.  

At the bottleneck, the plain convolutions of the vanilla U‑Net are 
replaced by a stack of densely connected convolutional blocks in 
the spirit of DenseNet. Every block receives, as additional chan-
nels, the concatenation of all feature maps produced by its prede-
cessors, so that gradient signals propagate unimpeded and redun-
dant filters are suppressed through feature reuse. This design wid-
ens the effective receptive field without inflating the parameter 
count and provides rich semantic tensors for the subsequent de-
coding path. 

The expansive branch begins by up‑sampling the encoded ten-
sor through a transposed convolution that doubles the spatial res-
olution and halves the channel depth. Concurrently, the feature 
maps cropped from the mirror level of the encoder are resized by 
an identical up‑convolution to ensure perfect alignment. 

Rather than concatenating the two streams outright, the archi-
tecture interposes a bidirectional convolutional GRU that processes 
the aligned tensors as a spatio‑sequential signal scanned in both 
raster directions. Inside each GRU cell, the reset and update gates, 
as well as the candidate activation, are implemented with 3 × 3 
convolutions so that state transitions preserve the spatial layout. 
The forward and backward hidden states are finally concatenated, 
giving a context‑enriched feature block that is passed to the next 
decoding stage. 

A batch‑normalisation layer follows every up‑convolution to 
stabilise the distribution of activations and accelerate convergence. 
Decoding proceeds through four such up‑sampling BiConvGRU 
stacks, progressively restoring full image resolution while blending 
coarse semantic cues from the bottleneck with fine localisation 
cues from shallow encoder layers. 

The last decoder output feeds a 1 × 1 convolution that com-
presses the channel dimension to three logits, one per target class. 
A spatial softmax converts these logits into pixel‑wise posterior 
maps, and averaging these maps over the field of view yields an 
image‑level class distribution that is optimised end‑to‑end with cat-
egorical cross‑entropy. 

Overall information flow can be summarised as: 

[𝐼300×375×3
𝐸𝑛𝑐1…4
→    𝐸𝐻×𝑊×𝐶

𝐷𝑒𝑛𝑠𝑒
→   𝐵

⨁𝑈𝑝𝐶𝑜𝑛𝑣

4

𝑖=1

+BiConvGRU

→                  𝐷300×375×𝐶′
1 × 1
→  𝑍

𝑆𝑜𝑓𝑡𝑚𝑎𝑥
→      𝑦̂, 

where I is the input image, E the multiscale encoder output, B the 
densely connected bottleneck representation, D the reconstructed 
feature map, Z the class‑logit tensor, and 𝑦̂ the predicted class dis-
tribution. All operations are differentiable, allowing joint training of 
convolutional, recurrent, and classification parameters via 
back‑propagation and stochastic‑gradient descent. 

3.4. Residual Attention Convolutional Neural Network 

The Residual Attention Network (RAN) proposed in [45] com-
bines deep residual learning with stacked soft–attention blocks so 
that diagnostically salient structures in OCT‑angiography B‑scans 
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of the optic nerve head are selectively amplified while irrelevant 
background is suppressed. Each Attention Module (AM) contains a 
trunk branch, implemented as a pre‑activation residual unit and a 

mask branch that follows a bottom‑up / top‑down scheme to gen-
erate a spatially and channel‑wise adaptive weight map, which is 
applied multiplicatively to the trunk features before the residual skip 
connection is added back. 

Input images of 352 × 352 × 3 are first processed by a 
3 × 3  convolution (stride 1, padding 1) followed by a 2 × 2 

max‑pooling layer, yielding feature maps of size 176 × 176. The 
core of the encoder then unfolds as four resolution stages. Each 
stage consists of one residual unit that halves the spatial resolution, 
immediately succeeded by an AM that refines the down‑sampled 
representation. Consequently, the feature tensor dimensions pro-
gress as 176 × 176 → 88 × 88 → 44 × 44 → 22 ×
22 → 11 × 11. Filter depths grow in proportion to preserve ca-
pacity, while identity shortcuts inside every residual unit guarantee 
unobstructed gradient flow. 

Within an AM, the mask branch performs successive max‑pool-
ing operations to aggregate global context and then upsamples via 
bilinear interpolation, inserting skip links from matching encoder 
levels so that fine localisation cues are reinstated. Two 1 × 1 con-

volutions and a sigmoid activation restrict the soft mask 𝑀(𝑧) to 
[0,1]. The final output of the module is 𝐻𝑖,𝑐 = 𝑀𝑖,𝑐  𝑇𝑖,𝑐, where T 

denotes the trunk features and the indices i,c enumerate spatial 
positions and channels, respectively. To prevent attenuation of re-
sidual signals when many AMs are stacked, the authors employ an 

augmented formulation 𝐻𝑖,𝑐 = (1 +𝑀𝑖,𝑐) 𝐹𝑖,𝑐 that preserves 

identity mapping when the mask goes to zero. 
The mask branch itself is a fully convolutional encoder–decoder 

whose receptive field expands rapidly through repeated pooling, 
enabling capture of long‑range dependencies; symmetric upsam-
pling ensures that the mask aligns pixel‑wise with the trunk output. 
A pair of skip connections between corresponding bottom‑up and 

top‑down levels further stabilises training and sharpens the atten-
tion contours. Three such AMs, parameterised by (𝑥,𝑚, 𝑛) =
(1,2,1), denoting one pre‑processing residual unit, two trunk re-
sidual units and one residual unit between each pooling layer in the 
mask path, are cascaded, allowing progressive refinement of atten-
tion as depth increases. 

After the final residual–attention pair at 11 × 11, global aver-
age pooling collapses the spatial dimensions, producing a feature 
vector that feeds a fully connected. A softmax transforms outputs 
into class posterior probabilities and the entire model is optimised 
end‑to‑end with categorical cross‑entropy. 

The complete forward mapping can be formalised as: 

𝐼352×352×3
Conv 3×3+Pool
→          𝐹176

∏ (Res𝑗+AM𝑗)
4
𝑗=1
→           𝐹11

𝐺𝐴𝑃
→  ℎ

𝐹𝐶
→ 𝑧

𝑆𝑜𝑓𝑡𝑚𝑎𝑥
→      𝑝,  

where 𝐹𝑘 denotes feature maps of spatial size 𝑘 × 𝑘, h the global 

descriptor generated by GAP, z the pre‑activation logits and p the 
predicted class distribution, GAP stands for global average pooling, 
FC denotes fully connected layers. All convolutional, residual, and 
attention parameters are updated simultaneously by back‑propa-
gation, ensuring that spatial attention masks, residual filters, and 
classifier weights co‑adapt to maximise discriminative power.   

3.5. Ensemble models 

Bagging generates diversity by repeatedly resampling the 

original training set with replacement, so every bootstrap subset 
contains a unique mosaic of duplicated and omitted instances. A 
separate copy of the same base algorithm is fitted on each subset. 
Because the individual learners are trained on overlapping yet dis-
tinct views of the data, their errors tend to be weakly correlated. 
Final predictions are obtained by simple majority vote, in case of 
classification. The ensemble therefore drives down variance with-
out inflating bias, yielding a model that is markedly less prone to 
over‑fitting than any single constituent learner. In ophthalmic sce-
narios a bagged ensemble ensures that no single high‑prevalence 
pattern determines the decision boundary, leading to more stable 
detection of rare findings. 

Boosting takes an almost opposite route: instead of sampling 
the data, it reweights it. A first “weak” learner is trained on the full 
dataset; misclassified samples then receive higher weights, forcing 
the next learner to concentrate on precisely those difficult cases. 
This sequential reweighting repeats for a user‑set number of 
rounds. The final output is an error‑weighted vote of all intermediate 
models, so that better learners exert greater influence. By system-
atically focusing attention on outliers and borderline instances, 
boosting reduces bias while maintaining low variance. When con-
fronted with subtle phenotypic variations, for example, faint AVL 
dystrophy patterns that can be overlooked by conventional classifi-
ers, boosting iteratively sharpens the ensemble’s sensitivity, often 
correcting images that earlier rounds mislabelled. 

Stacking introduces a meta‑learning layer on top of a hetero-
geneous collection of first‑level models. Each base learner, often 
drawn from fundamentally different families, first produces predic-
tions for every instance. Those predictions, typically expressed as 
class probabilities, are then assembled into a new dataset on which 
a second‑level “meta‑learner” is trained. Because the meta‑learner 
observes where individual models agree or diverge, it can discover 
non‑linear relationships among their outputs and learn how to 
weight them optimally. Unlike bagging or boosting, stacking is free 
to exploit complementary inductive biases: an attention networks 
might excel at local texture cues, whereas a GRU based methods 
could leverage global colour statistics. The meta‑learner reconciles 
both. This flexibility is especially advantageous in multimodal or 
highly heterogeneous eye‑disease datasets (fundus photographs, 
autofluorescence, OCT), where no single algorithm consistently 
dominates across all imaging modalities or disease stages. 

3.6. Explainable 

Gradient‑weighted Class Activation Mapping is an attribution 
technique that produces coarse, human‑interpretable heatmaps 
showing which image regions most strongly influence a convolu-
tional neural network’s prediction for a given class.   

Given a trained model, let 𝐴𝑘 denotes the 𝑘th feature map of a 
selected convolutional layer and 𝑦𝑐 the logit associated with class 
𝑐. Grad‑CAM computes the class‑specific importance coefficient 

α𝑘
 𝑐 =

1

𝑍
∑

∂𝑦𝑐

∂𝐴𝑖𝑗
𝑘𝑖,𝑗 , where 𝑖, 𝑗 stands for index spatial locations and 

𝑍 is the total number of pixels in the map.   
A weighted combination of the feature maps is formed, 

𝐿Grad‑CAM
 𝑐 = 𝑅𝑒𝐿𝑈(∑ α𝑘

 𝑐
𝑘 𝐴𝑘), and then up‑sampled to input res-

olution to yield the final localization map. Because gradients are 
taken with respect to activations that preserve spatial structure, the 
heatmap highlights regions that provide positive evidence for the 
target class, while the ReLU operation suppresses negative contri-
butions [23]. 
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3.7. Metrics 

The CNN architectures are evaluated using the commonly ap-
plied metric assessing the performance of machine learning mod-
els, such as: accuracy (1), precision (2), recall (3), and F1-score 
(4). These measures provide deepen understanding of model’s pre-
dictive power and its ability to correctly classify samples.  In eq. (1)-
(4) TP, FP, TN, and FN, correspond to true positive, false positive, 
true negative, and false negative, respectively. 

Accuracy measures the number of correctly predicted samples 
across all samples (1). Precision assesses the model accuracy of 
the positive predictions (2). This metric is of great importance in 
medical diagnosis. The higher the value is, the more correct the 
model prediction is obtained. Recall provides information about all 
positive cases, which is extremely important in medical diagnosis 
where all distortions should be recognized (3). F1-score combines 
precision and recall to obtain one measure indicating the model’s 
performance (4).  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
∗ 100%  (1) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
∗ 100%  (2) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
∗ 100%  (3) 

𝐹1 =  2 ∗
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
∗ 100%  (4) 

4. RESULTS AND DISCUSSION 

4.1. Single Convolutional Neural Networks 

Tab. 2.  Accuracy, precision, recall and F1-score results for CNN 
architectures. All values are in %  

Model Acc. Class Precision Recall F1 

Deep 
CNN-
GRU 

90.50 

AVL 64.29 97.74 76.61 

Drusen 93.67 85.06 89.08 

Healty 91.86 90.80 91.32 

CGRU U-
Net 

89.59 

AVL 60.71 89.47 72.43 

Drusen 92.94 90.80 91.83 

Healty 96.25 88.51 92.36 

RAN 92.12 

AVL 64.29 94.74 76.54 

Drusen 96.47 94.25 95.38 

Healty 95.00 87.36 91.00 

The performance for each class for the Deep CNN-GRU Net-
work, Convolutional Gated Recurrent Units U-Net (CGRU U-Net), 
and Residual Attention Network (RAN) are gathered in Tab.2. The 
5-fold cross validation is utilized in order to enhance the reproduci-
bility and stability of the obtained results. The confuses matrices 
are presented in Fig. 3-5. The training, validation accuracies and 
loss functions for three CNN architectures are depicted in Fig. 6-8. 
These results prove that the proposed architectures have the ability 
to distinguish normal cases from these affected by Drusen or AVL. 
The high values of recall, exceeding 85%, and moderate precision 
results for AVL detection state that the model catches most positive 
cases, but it also incorrectly labels many negative cases as posi-
tive. For Drusen and heatlty images, the models are more effective.   

The Deep CNN-GRU Network achieved 90.20% average 
model accuracy. 

 

Fig. 3. Confusion matrix for the Deep CNN-GRU Network 

 

Fig. 4.   Confusion matrix for the Convolutional Gated recurrent  
Units U-Net 

 

Fig. 5. Confusion matrix for the Residual Attention Network 
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Fig. 6.  Training and validation accuracies (left) and loss function (right) 
for the Deep CNN-GRU model 

Fig. 7.  Training and validation accuracies (left) and loss function (right)           
                for the Convolutional Gated recurrent Units U-Net model 

Fig. 8. Training and validation accuracies (left) and loss function (right)   
            for the Residual Attention Network model 

The analysed CNN architectures have high average accuracy 
for AVL, Drusen, and normal cases detection, above 89% (Fig. 3-
5). The Deep CNN-GRU Network identifies AVL with 94.74% accu-
racy. This disease is rarely misclassified with Drusen, up to 5.26%. 
Drusen images are classified with the accuracy of 85.06%. They 
are confused with other classes only up to 8.06%. In case of healthy 
cases, they are very rarely misclassified with images presenting ret-
inal diseases. The Convolutional Gated Recurrent Units U-Net de-
tects all classes with high accuracy, ranging between 88.51% for 
normal cases and 90.90% for Drusen. Residual Attention Network 
identifies AVL and Drusen with the highest accuracy, exceeding 
94%. Slightly worse result is obtained for normal images. As in case 
of Deep CNN-GRU, the Convolutional Gated Recurrent Units U-Net 
and Residual Attention Network confuse AVL only with Drusen, 
while Drusen and healthy images are rarely misleading with other 
classes. 

The accuracies obtained while training and validation and loss 
function provide the effectiveness of three CNN-based architec-
tures (Fig. 6-8). The learning dynamics are similar for all models. 
The architectures reach a high level of accuracy, reaching 20 
epochs or even earlier. The difference between the training and 

validation curves remains low. In the context of the difficult, sparse 
AVL class, high validation accuracy suggests that the network ef-
fectively recognizes even relatively rare disease patterns. At the 
same time, the loss function decreases smoothly for both training 
and validation, stabilizing within the range of 0.1-0.2. 

All obtained results confirm the effectiveness of the deep learn-
ing approach for AVL, Drusen, and normal cases identification. 

4.2. Explainability of CNN-based architectures  

The Grad-CAM heatmaps are applied to highlight the image re-
gions that are the most relevant for AVL, Drusen, and healthy cases 
identification. The warmer colour is the part of the image of the 
greatest importnt for the model’s decision is. The colder tones indi-
cate the lower significante of the particular regiion.  

 

a) Ground truth DRUSEN 

 

b) Deep CNN-GRU 

 

c) CGRU U-Net 
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d) RAN 

Fig. 9. An exmaple ground truth image (a) and Grad-CAMs for Deep 
CNN-GRU (b), CGRU U-Net (c) and RAN (d) models 

The Grad-CAM heatmaps for Drusen identification by the single 
CNN-based models are depicted in Fig. 9 b)-d). The symptoms of 
this disease are shown in the Fig. 9 a), marked with a red border 
by a professional ophthalmologist. It should be emphasized that all 
models considered in this study focus on the image region contain-
ing retinal distortions in the form of Drusen. However, in the case 
of the Deep CNN-GRU Network and Convolutional Gated Recur-
rent Units U-Net, it can be observed that the leftmost part of the 
distortions is omitted as important for the diagnosis of this disease. 
The Residual Attention Network model, on the other hand, in-
creases the image area, based on which it makes decisions about 
classifying Drusen. As a result, the most significant region, dark red, 
concentrates all the distortions associated with this retinal disease. 
Therefore, RAN is the most suitable model for identification of this 
type of retinal lesions. The Grad-CAM heatmaps play a crucial role 
in improving the explainability of the models, which is especially im-
portant in diseases identification. This technique proves the models 
involved in this study to make the decision based on relevant re-
gions. Moreover, this technique highlights the distortions and stay 
as an additional a tool for ophthalmologists to indicate the relevant  
areas on OCT imaging. 

4.3. Ensemble learning  

The experiments involving bagging, boosting, and stacking en-
semble learning techniques are performed in order to enhance the 
performance of the analysed architectures in this study. The new 
models are created utilizing all three single CNN-based networks. 
The final response of the bootstrap model is determined by majority 
voting. In stacking technique, the XGBoost was chosen as a meta-
model. In case of all types of ensemble learning the performance 
of retinal diseases identification is improved. Bagging enhanced the 
detection rate of AVL, Drusen, and normal cases by 6.91%, 7.82%, 
and 5.29% compared to the Deep CNN-GRU Network, Convolu-
tional Gated Recurrent Units U-Net, and Residual Attention Net-
work, respectively. Boosting method increased the mean accuracy 
by 6.39%, 7.30%, and 4.77% as opposed to the Deep CNN-GRU 
Network, Convolutional Gated Recurrent Units U-Net, and Residual 
Attention Network, respectively. The stacking model achieved the 
highest accuracy, enhancing the model’s performance by 7.43%, 
8.34%, and 5.81% of the Deep CNN-GRU Network, Convolutional 
Gated Recurrent Units U-Net, and Residual Attention Network, re-
spectively. The obtained results in Tab. 3 clearly prove that 

bagging, boosting, and stacking ensemble learning methods are 
suitable techniques to improve the model's ability to recognize AVL, 
Drusen and that discriminates them from healthy cases. 

Tab. 3.  Precision, recall and Fi-score results for different ensemble 
methods. All values are in %  

Model Acc. Class Precision Recall F1 

Bagging 97.41 

AVL 94.74 94.74 94.74 

Drusen 96.59 97.70 97.14 

Healty 98.84 97.70 98.27 

Boosting 96.89 

AVL 94.44 89.47 91.89 

Drusen 97.67 96.55 97.11 

Healty 96.63 98.85 97.73 

Stacking 97.93 

AVL 94.74 94.74 94.74 

Drusen 97.73 98.85 98.29 

Healty 98.84 97.70 98.27 

4.4. Comparison with the state-of-the-art 

In order to compare the results obtained in this study for the 
proposed single CNN-based architectures and their combinations 
utilizing ensemble learning techniques, the state-of-the-art deep 
learning models, which are often applied in disease identification 
based on OCT imaging, were selected. The VGG-16, ResNet-18, 
InceptionV3, and DenseNet-121 were chosen due to their high-per-
formance achieved. Their ability to identify the AVL, Drusen, and 
healthy cases using the dataset from this study, are computed (Tab. 
4).  The ResNet-18, InceptionV3, and DenseNet-121 demonstrates 
good model performance, obtaining average model accuracy of 
82.86%, 82.64%, and 82.80%, respectively. Slightly worse accu-
racy, 78.64%, was obtained for the VGG-16 model. It should be 
noted that these models achieved the lowest precision for AVL 
identification, which also resulted in the lowest F1-score values for 
this disease. 

Tab. 4.  Comparison for Accuracy, Precision, recall and Fi-score results 
for common CNN architectures. All values are in %  

Model Acc. Class Precision Recall F1 

VGG-16 [46] 78.64 

AVL 48.00 84.00 62.00 

Drusen 81.00 76.00 79.00 

Healty 84.00 76.00 80.00 

ResNet-18 
[47] 

82.86 

AVL 48.00 84.00 62.00 

Drusen 87.00 82.00 84.00 

Healty 92.00 86.00 87.00 

InceptionV3 
[48] 

82.64 

AVL 52.00 79.00 62.00 

Drusen 90.00 83.00 86.00 

Healty 98.00 86.00 88.00 

DenseNet-
121 [49] 

82.80 

AVL 54.00 74.00 62.00 

Drusen 95.00 83.00 88.00 

Healty 88.00 92.00 90.00 

All studies were conducted using a computer equipped with a 
24-core AMD Ryzen Threadripper PRO 7965WX processor 
clocked at 4.20 GHz. The computer uses 512 GB of RAM. The sys-
tem also benefits from the support of a NVIDIA GeForce RTX 4090 
graphics card. The equipment runs in a 64-bit operating system 
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environment. The comparison of computational complexity and av-
erage processing time is presented in Tab. 5.  

Tab. 5.  Comparison of inference complexity and speed for the baseline 
CNN and Deep CNN-GRU variants. Timing measurements for 
RTX 4090 and single-core Ryzen 7950X 

Model 
Params 

[M] 
GFLOPs 

RTX 4090 
[ms] 

Ryzen 7950X 
[ms] 

VGG-16 
[46] 

134.3 15.5 42.5 332.0 

ResNet-18 
[47] 

11.2 1.8 5.0 39.0 

InceptionV3 
[48] 

21.8 32.2 88.8 691.0 

DenseNet-
121 [49] 

7.0 2.9 7.9 62.0 

Deep CNN-
GRU [17] 

11.1 22.4 63.7 582.0 

GRU U-Net 
[18] 

9.2 39.8 24.9 382.0 

RAN [45] 14.8 26.3 19.0 225.0 

Bagging 30.5 47.6 134.2 1201.0 

Boosting 29.9 48.3 129.8 989.0 

Stacking 30.7 46.7 119.9 1007.0 

 
Fig. 10. Validation accuracies (left) and loss function (right) for the state-

of-the-art models 

At the current level of development of retinal diseases detec-
tion, it can be seen that the Deep CNN-GRU Network, Convolu-
tional Gated Recurrent Units U-Net, and Residual Attention Net-
work provide significantly better ability to recognize AVL, Drusen, 
and healthy cases based on OCT imaging, achieving average mod-
els accuracy in the range of 89.59%-92.12%. None of the state-of-
the-art architectures supplies these distortions identification at a 
similar level using the same dataset. The VGG-16, ResNet-18, In-
ceptionV3, and DenseNet-121 achieved the highest ability to rec-
ognize healthy cases. The same situation occurs with the Deep 
CNN-GRU Network. However, the Convolutional Gated Recurrent 
Units U-Net, Residual Attention Network, as well as boosting and 
stacking models identify retinal distortions with the highest perfor-
mance, which is extremely important in medical diagnosis. Moreo-
ver, the ensemble learning methods prove to enhance ability to rec-
ognize all retinal diseases and healthy cases. Due to overcoming 
individual model limitations and delivering more reliable results, the 
new models are characterized by better generalization to new sam-
ples. 

The performance of all architectures, involved in this study, 
were verified using accuracy and loss curves (Fig. 8, 10). All accu-
racy curves increase over time gradually, enhancing the model’s 

performance. All networks learn from the training data properly, in 
stable and consistent manner up to reach convergence. It means 
that all models understood important patterns to make accurate 
predictions. The loss curves indicate that the models improve their 
performance while the loss gradually decreases. 

The Deep CNN-GRU Network, Convolutional Gated Recurrent 
Units U-Net, and Residual Attention Network, as well as proposed 
new ensemble learning models outperform the state-of-the-art ar-
chitectures.  

5. CONCLUSIONS AND FUTURE WORKS 

Acquired vitelliform lesions encompass a broad spectrum of ret-
inal diseases. may be easily confused with drusen that is why ac-
curate method of their identification is of great importance.  This 
study focuses on developing an accurate automatic tool to identify 
AVL and Drusen distortions, as well as to distinguish them from 
healthy cases based on OCT imaging. In this study, three CNN-
based models, the Deep CNN-GRU Network, Convolutional Gated 
Recurrent Units U-Net, and Residual Attention Network were ap-
plied for this purpose. Their performance outperform the state-of-
the-art models, such as the VGG-16, ResNet-18, InceptionV3, and 
DenseNet-121. The proposed models are distinguished by their 
ability to recognize all retinal distortions, which is of great im-
portance in medical diagnosis. Moreover, this study presents that 
ensemble learning by aggregating single CNN-based architectures 
results in enhancing the model’s performance. Bagging, boosting, 
and stacking proved to be adequate ensemble learning methods 
for retinal diseases identification. The stacking technique obtained 
the highest accuracy of 97.93% with the precision for alll classes 
exceeding 94%. These results allow us to assume that this auto-
matic tool is a suitable to assist ophthalmologists in recognizing 
AVL, Drusen, and healthy cases. This kind of software allows these 
cases to be identified quickly and with high reliability. 

Although the results of this study are promising, some limita-
tions should be addressed in future works.  More CNN-based ar-
chitectures and their combination utilizing ensemble learning tech-
niques should be verified for AVL, Drusen, and healthy cases iden-
tification. Transformer vision-based models may be applied and 
compared to CNN-based solutions for retinal diseases. Moreover, 
the AVL dataset should be extended to obtain more balanced da-
taset. 
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