m bioengineering

Article

TPA-ConvNeXt: Trigonometric Phase Attention for Robust
Retinal Disease Classification Across Fundus and OCT

Nebras Sobahi 1, Orhan Atila 2*, Taha (")zgelik 3 and Abdulkadir Sengur 2

Academic Editor: Yunfeng Wu

Received: 10 June 2026
Revised: 3 July 2026
Accepted: 4 July 2026
Published: 7 July 2026

Copyright: © 2026 by the author.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons

Attribution (CC BY) license.

1 Department of Electrical and Computer Engineering, Faculty of Engineering, King Abdulaziz University,
Jeddah 21589, Saudi Arabia; nsobahi@kau.edu.sa

2 Department of Electrical-Electronics Engineering, Faculty of Technology, Firat University,
23100 Elazig, Tiirkiye; ksengur@firat.edu.tr

3 Department of Electrical-Electronics Engineering, Faculty of Engineering, Bingol University,

12000 Bingol, Tiirkiye; sozcelik@bingol.edu.tr

Correspondence: oatilla@firat.edu.tr

Abstract

This study proposes TPA-ConvNeXt, a ConvNeXt-Small-based deep learning architecture
for retinal image classification using a phase-based trigonometric attention mechanism.
The proposed Trigonometric Phase Attention (TPA) block recalibrates feature maps
through learnable phase and amplitude modulation derived from channel-wise and spa-
tial context. In addition, a stable fine-tuning strategy combining layer-wise learning rate
decay (LLRD), linear warmup, and cosine annealing is employed to adapt pretrained
backbones to medical image data. The method was evaluated on both fundus and optical
coherence tomography (OCT) datasets. On the HYAMD fundus dataset, 5-fold cross-val-
idation yielded a mean Macro F1 of 0.8940 + 0.0403 and an ROC-AUC of 0.9449. External
fundus validation further demonstrated cross-dataset robustness, achieving 0.9312 Macro
F1 and 0.9803 ROC-AUC when trained on HYAMD and tested on AMDNet23. In OCT
experiments, the model achieved Macro F1 scores of 0.9790 on MAK1_OCT, 0.9387 on
OCTDL, and 0.9989 on the cleaned OCT2017 benchmark test set after MD5 duplicate re-
moval. Ablation results showed that warmup contributed most strongly to stable optimi-
zation, while the proposed TPA block provided a smaller but consistent performance gain.
Additional statistical analysis across the five HYAMD folds showed that TPA-ConvNeXt
achieved comparable performance to the ConvNeXt-Small baseline, with a small numer-
ical accuracy difference that did not reach statistical significance. Grad-CAM visualiza-
tions indicated that the model focused on clinically relevant retinal regions, and complex-
ity analysis showed that the full model required 51.82 M parameters and 17.41 GFLOPs,
adding only 2.36 M parameters and 0.02 GFLOPs over the ConvNeXt-Small baseline.
These findings suggest that TPA-ConvNeXt provides a robust and generalizable frame-
work for retinal image classification across both fundus and OCT modalities.

Keywords: Trigonometric Phase Attention; ConvNeXt; layer-wise learning rate decay;
fundus images; OCT images; HYAMD; OCT2017

1. Introduction

Age-related macular degeneration (AMD) has emerged as a major cause of perma-
nent blindness, primarily among the elderly population [1,2]. Hence, it becomes critical to

Bioengineering 2026, 13, 781

https://doi.org/10.3390/bioengineering13070781


https://doi.org/10.3390/bioengineering13070781
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Bioengineering 2026, 13, 781

2 of 26

make an early diagnosis and accurately determine the stages of AMD to control the pro-
gression of the disease and make appropriate treatment decisions. In the clinical setting,
color fundus photography and optical coherence tomography have been identified as the
two most commonly employed imaging techniques for the evaluation of AMD [3]. Images
obtained by fundus photography provide a two-dimensional view of the retinal surface,
whereas OCT provides a detailed three-dimensional view of the retinal surface. Therefore,
it can be inferred that automated classification systems would provide consistent results
for both modalities.

Recent advances in artificial intelligence, particularly in deep learning, have signifi-
cantly improved the ability to analyze retinal images [4]. Convolutional neural networks
(CNN) have been found to achieve good results in the classification of fundus images as
well as OCT images. Recent studies have explored vision transformers and hybrid models
in the classification of AMD [5]. Traditional CNN architectures such as ResNet, DenseNet,
and EfficientNet have been found to be successfully adapted from natural images to med-
ical images, achieving good results in the classification of retinal images [6-8]. However,
such models are often pre-trained on natural images, which may not always capture the
intricate structural differences seen in medical images. Moreover, small sample sizes, im-
balance, and variability in image distributions are some of the limitations faced.

Transformer-based and hybrid approaches have received significant attention in ret-
inal image analysis. Vision Transformer (ViT) [9] and Swin Transformer [10] are capable
of learning long-range dependencies in images, which may be beneficial for large-scale
image classification tasks. However, the increased number of parameters and tendency to
overfit may limit the usability of transformer-based approaches. In such a scenario, Con-
vNeXt [11] has been found to be a robust solution by incorporating multiple transformer-
based design elements within a convolutional network.

While many existing studies have reported competitive results for AMD detection,
most have focused on a single imaging modality, a single dataset, or limited internal val-
idation settings [12]. These issues are especially important in medical image analysis,
where class imbalance, dataset shift, and acquisition variability can strongly affect model
performance [13]. Such issues are especially critical in medical image analysis, where da-
taset variability can have a significant impact on model performance [14]. To address these
limitations, we propose TPA-ConvNeXt, a ConvNeXt-Small-based architecture equipped
with a phase-based trigonometric attention mechanism. The proposed TPA block per-
forms nonlinear feature modulation using learnable phase and amplitude terms derived
from channel-wise and spatial context. Importantly, the term “phase” is used here in a
classical signal-modulation sense; the method does not involve quantum computation,
qubits, quantum measurement, or quantum hardware [15].

In addition to the architectural contribution, we employ a fine-tuning strategy de-
signed for stable adaptation of pretrained backbones to retinal imaging data. This strategy
combines layer-wise learning rate decay (LLRD), linear warmup, and cosine learning rate
annealing. Our ablation analysis shows that optimization-level stabilization and architec-
ture-level feature modulation make complementary contributions, with warmup provid-
ing the strongest gain and TPA contributing a smaller but consistent improvement.

The proposed framework is evaluated across both fundus and OCT modalities. Spe-
cifically, we report 5-fold cross-validation results on HYAMD, external fundus validation
using AMDNet23, and additional experiments on multiple OCT datasets collected under
different clinical and benchmark settings. The main contributions of this study are as fol-
lows:

(1) We propose a phase-based trigonometric attention block that modulates ConvNeXt
features through learnable phase and amplitude interactions.
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(2) We analyze a stable fine-tuning strategy based on layer-wise learning rate decay,
warmup, and cosine scheduling for medical image transfer learning.

(3) We evaluate the proposed model across both fundus and OCT modalities, including
external fundus validation and cross-dataset experiments.

(4) We provide ablation, statistical comparison, explainability analysis, and computa-
tional cost assessment to better characterize the behavior of the proposed framework.

2. Related Works
2.1. Deep Learning for AMD Detection from Fundus Images

Deep learning has become a central tool in automated AMD detection from fundus
photographs. Garcia-Floriano and Ventura-Molina proposed a transfer learning frame-
work for AMD detection using fundus images collected from the ODIR5k database and
the SAMRH projects. Their study compared several pre-trained CNN models, including
AlexNet, VGG16, VGG19, GoogLeNet, InceptionV3, SqueezeNet, and Xception, and re-
ported the best validation accuracy of 0.91 with Xception [12]. Although the study demon-
strated the potential of transfer learning for AMD detection, its relatively small sample
size, single-center design, and lack of external validation limited its clinical generalizabil-
ity.

Chen et al. developed an Al-based framework for AMD screening using a large
multi-center fundus image dataset collected from multiple devices and institutions [16].
Their convolutional neural network, built on a fine-tuned pre-trained backbone, achieved
an AUC of 0.93, an accuracy of 0.84, and an F1-score of 0.86. The use of an external cohort
was an important step toward improving generalization; however, the overall classifica-
tion performance remained moderate, suggesting that robust AMD screening from heter-
ogeneous fundus images remains challenging.

Explainability has also become an important topic in fundus-based AMD detection.
Osa-Sanchez et al. proposed an explainable artificial intelligence framework based on a
cascaded classification strategy and evaluated CNN, MLP, and transformer-based classi-
fiers on the University of Pennsylvania’s CATT dataset [17]. Their best cascaded CNN
model achieved an accuracy of 94.19% and an F1-score of 93.98%, while SHAP and LIME
were employed to improve interpretability. However, the dataset size remained limited
and the study relied on single-center data, which may restrict broader applicability.

Several studies have also explored hybrid or enhanced preprocessing pipelines for
fundus-based AMD detection. Ali et al. introduced AMDNet23, a hybrid CNN-LSTM
model trained on a four-class dataset compiled from multiple public fundus datasets [18].
By combining enhanced preprocessing, including CLAHE and gamma correction, with
data augmentation, their approach achieved an accuracy of 96.5%. Similarly, Bao et al.
proposed AttResAMD, an attention-based deep learning framework built on ResNet18
with a CBAM module to classify normal, dry AMD, and wet AMD from fundus photo-
graphs [14]. Their model achieved 93.3% accuracy on internal test data and 86.5% accuracy
on an external validation dataset, while also outperforming ophthalmologists in some di-
agnostic comparisons. Nevertheless, the absence of k-fold cross-validation and the limited
treatment of class imbalance remain important limitations.

Fundus imaging has also been used beyond AMD-specific classification. Hu et al.
introduced FundusNet, an ensemble-based framework for detecting multiple neuro-
degenerative and ocular diseases from fundus images using the UK Biobank dataset [19].
Although their reported AUC for AMD was 0.75, the work highlighted the broader po-
tential of fundus-based screening. More recently, lightweight and deployable models
have also been proposed. Castro et al. presented a Swin Transformer-based system for
grading AMD severity from fundus images, achieving an overall accuracy of 84.76%
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across five severity categories [20]. While such approaches are promising for web-based
deployment, performance remains limited for fine-grained AMD staging.

2.2. OCT-Based AMD Classification

OCT imaging provides detailed cross-sectional information about retinal layers and
is widely regarded as one of the most informative modalities for AMD diagnosis. A large
body of research has therefore focused on OCT-based AMD classification using deep
learning models. In an earlier benchmark study, Kermany et al. demonstrated the effec-
tiveness of transfer learning with InceptionV3 on a large OCT dataset, reporting an accu-
racy of 96.53% [21]. Their work established OCT as a highly promising modality for auto-
mated retinal disease classification. However, the use of large pre-trained models may
introduce computational overhead and may not always be ideal for practical deployment.

Subsequent studies explored more specialized OCT architectures. He et al. proposed
a multipath CNN framework for AMD detection using OCT images and reported high
classification accuracies across several datasets [22]. Celebi et al. used Capsule Networks
on private and public OCT datasets and obtained strong performance, especially for early
AMD detection [23]. Hu et al. introduced a hierarchical classification model for dry AMD
using multiple CNN backbones such as EfficientNetV2, DenseNet169, Xception, and Nor-
malizer-Free ResNet50, achieving a best F1-score of 92.08% [24]. Although these studies
reported promising results, they often focused on OCT alone and were generally evalu-
ated in modality-specific settings.

Other studies investigated more complex architectures or ensemble strategies. Chen
et al. used an ensemble of AlexNet, VGG16, InceptionV3, ResNet50, and DenseNet for
OCT-based lesion screening and reported an accuracy of 98.5% and an F1-score of 97.7%
[25]. Das et al. proposed a multi-scale deep feature fusion framework and achieved 99.6%
accuracy on the UCSD OCT dataset [26]. While such methods can provide excellent clas-
sification performance, they often require higher computational cost and may rely heavily
on architecture complexity or manually tuned loss functions.

The recently published Diagnostics 2024 study by Yusufoglu et al. introduced a
CNN-based OCT model combining modified Inception modules, depthwise squeeze-and-
excitation blocks, and ConvMixer components for AMD classification [27]. On their pri-
vate OCT dataset of 2316 images, the proposed model achieved 97.98% accuracy and a
97.86% F1-score, while also achieving perfect performance on the public Noor dataset.
This study demonstrated that carefully designed CNN architectures remain highly com-
petitive for OCT-based AMD diagnosis.

2.3. Multimodal and Hybrid Approaches

More recently, researchers have begun to investigate multimodal learning strategies
that combine fundus and OCT images for AMD diagnosis. Annamalai et al. proposed
AMD-MMViT, a multimodal vision transformer framework using both OCT and fundus
images [13]. Their approach combined modality-specific feature extraction with attention-
based multimodal fusion and reported 98.1% accuracy using only fundus images, 99.2%
using only OCT images, and 98.65% using both modalities. While these results are prom-
ising, the use of OCT and fundus images from different patients and the reliance on a
simple 80-20 random split raise concerns regarding the robustness of the reported perfor-
mance.

Multimodal approaches are attractive because fundus and OCT provide complemen-
tary retinal information. However, the practical challenges of assembling well-aligned
multimodal datasets, along with validation issues, remain substantial. Consequently, ro-
bust single-backbone architectures that can generalize across different datasets and imag-
ing modalities remain highly relevant.
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2.4. Attention Mechanisms and Fine-Tuning Strategies

Attention mechanisms have become a major component of modern retinal image
classification systems. Channel attention methods such as squeeze-and-excitation (SE) [15]
blocks and combined channel-spatial modules such as CBAM [28] have been widely ap-
plied in medical imaging [29]. However, most of these approaches rely on relatively sim-
ple linear or sigmoid-based recalibration strategies. Recent work suggests that more ex-
pressive feature modulation methods, including frequency- or phase-aware mechanisms,
may be beneficial for capturing subtle retinal structures. Nevertheless, phase-based atten-
tion remains largely underexplored in AMD classification.

Another important but often overlooked factor is the fine-tuning strategy used for
adapting pre-trained backbones to medical datasets [30]. Layer-wise learning rate decay
(LLRD) allows earlier layers to be updated more conservatively than later layers, thereby
reducing the risk of disrupting useful pre-trained representations [31]. Similarly, warmup
schedules can improve optimization stability by preventing abrupt parameter updates
during the early epochs of training [32]. Despite their known benefits, these strategies are
rarely analyzed in a systematic manner in AMD classification studies. Most works report
final performance without quantifying the individual contributions of such optimization
components.

2.5. Positioning of the Present Study

Compared with the existing literature, the present study differs in several key as-
pects. First, rather than relying solely on conventional channel or spatial attention, we
propose a phase-based trigonometric attention mechanism that performs nonlinear trigo-
nometric modulation of feature maps. Second, we combine this architectural contribution
with a carefully designed fine-tuning strategy based on LLRD and warmup, and we ex-
plicitly analyze the contribution of these components through ablation experiments.
Third, the proposed model is evaluated not only on a fundus dataset but also on multiple
OCT datasets, allowing us to examine cross-dataset and cross-modality generalization in
a more comprehensive manner than most previous studies.

Taken together, these characteristics position TPA-ConvNeXt as a contribution that
addresses both architectural innovation and training stability, while also emphasizing ro-
bustness across heterogeneous retinal imaging settings.

3. Proposed Method: TPA-ConvNeXt

This section presents the proposed TPA-ConvNeXt architecture in detail. First, the
overall network design is introduced. Then, the mathematical formulation of the Trigono-
metric Phase Attention (TPA) block is described. Finally, the training strategy is explained.

3.1. Overall Architecture

TPA-ConvNeXt is a phase-based trigonometric attention architecture built on top of
the ConvNeXt-Small backbone. The model preserves the hierarchical four-stage feature
extraction design of ConvNeXt and inserts the proposed Trigonometric Phase Attention
(TPA) block after each stage. In this way, feature maps at different scales are recalibrated
through a phase-based modulation mechanism.

Given an inputimage X € R5*3%224%X224 the image is first processed by the stem layer
to obtain the initial feature representation. It is then passed sequentially through Stages 1
to 4. At the output of each stage, the resulting feature map

Xl € RBXCZXHLXWL (1)
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3x224
Input

96 x 224

Stem

is fed into a TPA block, where phase-based modulation is applied. After the final stage,
global average pooling is used to produce a compact feature vector, which is then for-
warded to a fully connected classification layer. The overall architecture of the proposed

model is illustrated in Figure 1.

L L
384x14 384x14 384x14 T68xT 768X T T68xT T68x1 3
DS Stage3 TPA DS Stage 4 TPA GAP  Head

102%28 192x28 192x28

DS Stage 2 TPA

96 x 56 96 x56
Stage 1 TPA

Figure 1. Overall architecture of TPA-ConvNeXt. The figure shows the ConvNeXt backbone, the
Trigonometric Phase Attention (TPA) blocks inserted after each stage, and the final classification
head.

3.2. Trigonometric Phase Attention (TPA) Block

The proposed TPA block modulates feature maps through phase components de-
rived from both channel-wise and spatial contexts. In this work, the term “phase” refers
to a learnable angular variable used in a classical trigonometric modulation function. The
proposed TPA block is fully implemented within a standard deep neural network and
does not involve quantum computation, qubits, quantum measurement, or quantum
hardware. Let the input feature map be defined as:

Xe RBXCXHXW (2)

The channel phase component is obtained by combining two context vectors gener-
ated through global average pooling and global max pooling. This combined representa-
tion is passed through two separate fully connected layers to produce the channel phase
6, and the amplitude coefficient A. The spatial phase component is computed by concat-
enating the channel-wise average and maximum projections, followed by a 7 X 7 convo-
lution. This produces the spatial phase map 6;. Accordingly, the method should be inter-
preted as a classical phase-based trigonometric attention module, rather than as a form of
quantum computing or quantum advantage.

The total phase is defined as

0=0,+06, ®)

To enrich the phase representation, a trigonometric expansion with a second har-
monic term is applied:

f(8) = cos(8) + sin(8) + 0.5(cos(26) + sin(26)) (4)

The resulting modulation term is then applied to the feature map together with the
amplitude coefficient:

Q=40X0Of(® ©)
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where © denotes element-wise multiplication. The modulated output is scaled by a
learnable LayerScale parameter y and added back to the input through a residual con-
nection:

Y=X4y0Q (6)

Unlike conventional attention modules that mainly rely on direct sigmoid-based re-
weighting, the proposed design recalibrates feature maps through nonlinear trigonomet-
ric modulation, enabling a richer interaction between channel context, spatial context, and
residual feature refinement. The detailed structure of the TPA block is shown in Figure 2.

Channel Branch

Phase FC
. ese » 6. (B.C11]
cat [B,2C GELU
Amp FC
> A[B.C11]

Phase Fusion
) Ofuir = Oc + b5

f=cosf +sinf+
0.5(cos 26 + sin 26)

2c-C
GELU+Sigmoid

broadcast

y=x+1q
[B,C,H,W]|

Modulation

Spatial Conv
2161
TxT+1x1

i
Layer Scale

x

()

cat [B,2,H, W]

Spatial Branch

Figure 2. Detailed structure of the Trigonometric Phase Attention (TPA) block. The figure illustrates
how channel and spatial phase components are generated, expanded through trigonometric func-

tions, and combined through residual modulation.

3.3. Training Strategy

TPA-ConvNeXt is initialized with a ConvNeXt-Small backbone pre-trained on
ImageNet. To adapt these pre-trained representations to medical imaging data in a stable
way, we combine layer-wise learning rate decay (LLRD) with a cosine learning rate sched-
ule preceded by a linear warmup phase.

In the LLRD setting, earlier layers are updated with smaller learning rates, while later
layers are assigned larger ones. The learning rate for layer [ is defined as

m =1, at )

where 17, is the base learning rate, « is the decay factor, and d; represents the depth of
the layer. This strategy helps preserve the general visual representations learned by the
backbone’s early layers.

During the initial training stage, a linear warmup is applied to avoid abrupt weight
updates. After warmup, the learning rate follows a cosine decay schedule:

1 mt
e = Tmin + 5 Gl = 7)1+ c05 () ®)

The linear warmup, cosine decay, and layer-wise learning rate decay work together
throughout training. Higher learning rates are used for later layers, while earlier layers
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Learning Rate

are updated more conservatively. This adapts to pre-trained features more stably and re-
duces the risk of disrupting useful low-level representations. The applied learning rate
schedule and the layer-wise distribution are shown in Figure 3.

2107 :\ Stage 4
] age
Warmup ends — - Stage 3
1.75x 107 i |Cosine begins + Stage 2
[ S == Stage 1 + Patch Embedding
1.5x 1074+
1.25% 1071
1x107*

Linear |:

7.5x107°9 |
5% 107>

25x10-54//

= TPA Blocks + Head

10 20 30 40 50 60

Figure 3. Linear warmup, cosine decay schedule, and layer-wise learning rate distribution used for
TPA-ConvNeXt. Earlier layers are updated with smaller learning rates to preserve pre-trained rep-

resentations.

The final training configuration was selected empirically based on preliminary ex-
periments rather than an exhaustive hyperparameter search. In particular, the decay fac-
tor of 0.65 provided a practical balance between preserving early pretrained representa-
tions and allowing sufficient adaptation in deeper layers. Similarly, a 5-epoch warmup
produced more stable early optimization than shorter warmup settings, whereas longer
warmup schedules did not provide a consistent additional benefit. These choices were
therefore retained in the final configuration as stable empirical settings for retinal image
transfer learning.

4. Experimental Setup

This section describes the datasets, preprocessing steps, training configuration, and
evaluation metrics used to assess the proposed TPA-ConvNeXt architecture. To examine
the generalization ability of the model in a comprehensive way, experiments were carried
out on multiple datasets that include both fundus photographs and optical coherence to-
mography (OCT) images. The proposed architecture was implemented in Python 3.10 us-
ing PyTorch 2.2, a deep-learning framework. All experiments were conducted on a work-
station equipped with an NVIDIA GeForce RTX 3090 GPU (24 GB VRAM), an AMD Ryzen
9 5950X CPU, and 64 GB RAM.

4.1. Datasets

To evaluate the performance and generalization capability of the proposed method,
we used retinal imaging datasets from two main modalities: fundus photography and
OCT. These datasets are widely used in the literature and provide valuable benchmarks
for AMD detection and retinal disease classification. For the OCT benchmarks, we re-
tained the predefined train/test partitions distributed with the original public dataset re-
leases in order to preserve comparability with prior studies. Therefore, our evaluation
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followed the official benchmark protocols rather than introducing new custom splits. Be-
cause patient identifiers are not uniformly exposed in all released file structures, we did
not perform an additional patient-level re-partitioning beyond the provided public splits.
Possible subject-level overlap, where relevant, should therefore be interpreted as a limita-
tion of the underlying dataset protocols rather than a source of leakage introduced by our
implementation. To further address possible data leakage concerns, we performed an ad-
ditional split-audit analysis across the datasets used in this study. The audit summarized
the evaluation protocol, patient-identifier availability, filename-level overlap, and exact
MD?5 hash-based duplicate overlap where applicable. For OCT2017, we used the original
released Kermany et al. benchmark folder structure without manual modification or cus-
tom re-splitting. The official dataset documentation describes the OCT images as being
split into training and testing sets from independent patients and labels the images using
a disease-randomized patient ID-image number format. Nevertheless, our MD5-based au-
dit identified 45 exact duplicate images between the released OCT2017 training and test
folders, corresponding to 4.50% of the 1000-image test set. Therefore, we additionally eval-
uated the trained model on a cleaned OCT2017 test set after removing these duplicate
images.

4.1.1. HYAMD (High-Resolution Fundus AMD Dataset)

HYAMD is a high-resolution fundus image dataset designed for age-related macular
degeneration detection [33]. It contains a total of 1560 color fundus images collected from
325 patients and includes both AMD and non-AMD cases. The images were labeled
through clinical assessment, and AMD diagnosis was supported by OCT and other oph-
thalmic imaging methods. HYAMD is the first openly accessible Israeli fundus dataset
developed specifically for AMD classification.

In this study, HYAMD was used as the main benchmark for evaluating model per-
formance on fundus images and for obtaining statistically robust results through 5-fold
cross-validation.

4.1.2. OCTDL (Optical Coherence Tomography Dataset for Deep Learning)

OCTDL is an open-access OCT dataset containing more than 2000 B-scan images cov-
ering multiple retinal pathologies [34]. In addition to AMD, it includes labels for diabetic
macular edema (DME), epiretinal membrane (ERM), retinal artery occlusion (RAO), reti-
nal vein occlusion (RVO), and vitreomacular interface disease (VID). The images were
acquired through raster scanning centered on the fovea and were interpreted by expert
retinal clinicians.

This dataset was used to evaluate the model on a multi-class OCT classification task.

4.1.3. OCT2017 (Kermany et al. Benchmark)

OCT2017 is one of the most widely used OCT benchmarks in deep learning studies
on retinal disease classification [35]. The dataset contains more than 84,000 OCT B-scan
images and is organized into four major categories: normal retina, diabetic macular edema
(DME), drusen, and choroidal neovascularization (CNV).

Because of its large scale and broad use in the literature, this dataset was included to
assess the general OCT classification performance of the proposed model in a more exten-
sive setting. In this study, OCT2017 was used exactly according to its originally released
benchmark structure. No custom train/test re-splitting or manual file rearrangement was
performed. Although the original dataset documentation reports independent-patient
train/test partitions, our additional MD5-based audit detected a small number of exact
duplicate images in the local released train/test structure. For this reason, OCT2017 was

https://doi.org/10.3390/bioengineering13070781


https://doi.org/10.3390/bioengineering13070781

Bioengineering 2026, 13, 781

10 of 26

interpreted as a benchmark-level evaluation dataset, and an additional clean-test analysis
was conducted after removing the detected duplicate test images.

4.1.4. MAK1_OCT

The MAK1_OCT dataset used in this study is based on a private OCT dataset intro-
duced by Yusufoglu et al. in 2024 [27]. It was collected at the Ophthalmology Department
of Elazig Fethi Sekin City Hospital in Tiirkiye. The dataset contains 2316 OCT images ob-
tained from 653 eyes belonging to 256 different participants. It includes three classes. The
Dry AMD class contains 653 images from 89 patients, the Wet AMD class includes 743
images from 82 patients, and the Normal class consists of 920 images from 85 healthy
individuals.

The images were acquired in a clinical setting using high-resolution OCT devices.
Dry AMD cases show retinal thinning and drusen accumulation, whereas wet AMD cases
include pathological findings such as choroidal neovascularization and fluid accumula-
tion. Since the dataset covers both exudative and non-exudative forms of AMD, it pro-
vides a clinically meaningful and well-structured benchmark. In this work, MAK1_OCT
was used for a detailed evaluation of the classification performance of the proposed
model.

4.1.5. AMDNet23 Fundus Dataset

To further assess external generalization in fundus imaging, we additionally used the
AMDNet23 fundus dataset [18]. This dataset is based on a four-class AMD grading setting
compiled from public fundus image sources and provides a useful benchmark for evalu-
ating cross-dataset robustness beyond HYAMD. In this study, AMDNet23 was used in
three complementary ways: (i) as an external validation set for a model trained on HY-
AMD, (ii) as an independent four-class fundus benchmark using its own released
train/validation split, and (iii) as part of a pooled binary experiment in combination with
HYAMD. These additional experiments were designed to evaluate whether the proposed
framework can generalize beyond a single fundus dataset and remain stable under
broader data heterogeneity

4.2. Common Dataset Characteristics

Across all datasets, the images are centered on the retina and reflect retinal structural
information. The OCT datasets consist of B-scan cross-sectional retinal images, while the
fundus datasets contain color photographs of the retinal surface. In all cases, labels were
assigned based on clinical evaluation.

4.3. Clinical Relevance of the Datasets

Fundus and OCT images provide complementary views of retinal pathology. Fundus
images highlight the surface appearance of the retina and visible lesions in the macular
region, whereas OCT B-scans reveal the cross-sectional microstructure of retinal layers.
Evaluating the same model on both modalities makes it possible to assess not only classi-
fication performance, but also modality robustness.

4.4. Preprocessing and Data Augmentation

A standardized preprocessing and augmentation pipeline was applied before train-
ing in order to account for structural characteristics of retinal images and variations in
image acquisition conditions. The goal was to create a consistent input distribution across
both fundus and OCT datasets while improving the generalization ability of the model.
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For fundus images, the first step was contrast enhancement using Contrast-Limited
Adaptive Histogram Equalization (CLAHE). This operation helps make low-contrast le-
sions in the macular region more visible and improves the representation of vessel struc-
tures and drusen-like formations. In this study, the CLAHE clip limit was set to 2.5. Since
OCT images tend to have a more homogeneous intensity distribution, CLAHE was ap-
plied only to fundus images.

After contrast enhancement, all images were resized to 224 x 224 pixels. This resolu-
tion matches the input requirements of the ConvNeXt-based backbone. During training,
random cropping was used to improve robustness to small positional shifts.

To reduce overfitting and improve generalization, random data augmentation was
applied during training. This included random rotation within +15°, horizontal flipping
when anatomically appropriate, and color-based perturbations such as brightness and
contrast jitter. For OCT images, where anatomical symmetry is more limited, flipping op-
erations were applied in a controlled manner.

Finally, all images were normalized using the ImageNet mean and standard devia-
tion values. This step helps align the input distribution with the pretrained backbone and
supports more stable transfer learning.

The overall preprocessing and augmentation pipeline is illustrated in Figure 4.

CLAHE Resize Random

clip=2.5 J | xCrop [ Augment | Normalize

Tensor
Model
Input

[ Raw Fundus ] [ CLAHE ] [ Resize ] [ Augmentation ] [ Normalize ]

(R Dot e 224 x 224 e i
Figure 4. Preprocessing pipeline used in TPA-ConvNeXt. The figure shows contrast enhancement
with CLAHE, resizing, random data augmentation, and ImageNet normalization for fundus im-

ages.

4.5. Training Details

TPA-ConvNeXt was initialized with a ConvNeXt-Small backbone pretrained on
ImageNet. All experiments were implemented using the PyTorch 2.2 deep learning frame-
work. AdamW was used as the optimizer throughout training, and the weight decay
value was set to 1 x 107*. The base learning rate was fixed at 2 X 107*, and this value
was assigned to the newly added TPA blocks and the classification head.

To adapt pretrained layers in a stable way, layer-wise learning rate decay (LLRD)
was applied. The decay factor was set to 4 = 0.65, which allowed earlier layers to be up-
dated more conservatively than later ones. A linear warmup was used during the first 5
epochs, followed by a cosine decay schedule. The maximum number of training epochs
was set to 60.

The mini-batch size was 32. Early stopping was also used during training. If no im-
provement was observed in the validation Macro F1 score, training was stopped. This
helped reduce overfitting and supported better generalization.
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Cross-entropy loss was used as the objective function. To improve training stability,
label smoothing was applied with a smoothing factor of 0.05. Based on the ablation anal-
ysis, class weighting did not improve performance and was therefore removed from the
final configuration.

All experiments were conducted on an NVIDIA RTX 4080 SUPER GPU. Although
training time and runtime varied depending on the dataset, the 5-fold cross-validation
process was performed independently for each fold. A fixed random seed was used to
reduce the effect of randomness.

For the benchmark comparisons in Table 1, all baseline models were trained under
the same data split, preprocessing pipeline, augmentation settings, evaluation metrics,
and stopping criterion to ensure a fair comparison. Architecture-specific modifications
were limited to replacing the final classifier head and adapting optimization grouping
when required by the backbone structure.

Table 1. Exploratory single-fold comparison of different architectures on Fold 4 of the HYAMD

dataset.

Model Accuracy Macro F1 Weighted F1 ROC-AUC
ConvNeXt-Small 0.9359 0.9389 0.9358 0.9728
ConvNeXt-Tiny 0.9231 0.9258 0.9218 0.9701
EfficientNet-B0 0.9167 0.8990 0.9182 0.9805
ResNet101 0.8910 0.8915 0.8917 0.9510
DenseNet121 0.8878 0.8848 0.8895 0.9613
MobileNetV3-Large 0.8942 0.8846 0.8935 0.9577
VGG19 0.8654 0.8771 0.8684 0.9568
ResNet50 0.8814 0.8762 0.8838 0.9677
ViT-B/16 0.8462 0.8305 0.8489 0.9425
TPA-ConvNeXt 0.9583 0.9636 0.9581 0.9605

4.6. Evaluation Metrics

The performance of TPA-ConvNeXt was assessed using several standard classifica-
tion metrics. Since retinal image datasets often suffer from class imbalance, accuracy alone
was not considered sufficient. For this reason, Macro F1 was selected as the primary eval-
uation metric. For the single-split OCT experiments, 95% confidence intervals were addi-
tionally reported for Accuracy, Macro F1, Weighted F1, and ROC-AUC. The confidence
intervals were estimated using bootstrap resampling of the validation-set predictions.

4.6.1. Accuracy

Accuracy measures the ratio of correctly classified samples to the total number of
samples:

A ~ TP + TN o
Ay = TP Y TN + FP + FN

where TP, TN, FP, and FN denote true positives, true negatives, false positives, and
false negatives, respectively. Although accuracy provides an overall performance esti-
mate, it can be misleading when class distributions are imbalanced.

4.6.2. Precision, Recall, and F1-Score
For each class, precision and recall were computed as follows:

TP
ision = —— 10
Precision TP+ FP (10)
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TP
_ 11
Recall TP T FN (11)

The F1-score is defined as the harmonic mean of precision and recall:
Precision - Recall

=2. 12
Fl=2 Precision + Recall (12)

4.6.3. Macro F1 and Weighted F1

In multi-class settings, Macro F1 is preferred when all classes are considered equally
important. It is calculated as the arithmetic mean of class-wise F1-scores:

c
Macro F1 = %Z F1, (13)
i=1
where C is the number of classes. This metric is especially informative in medical datasets
because it gives equal weight to minority classes.
Weighted F1, on the other hand, computes the average Fl-score by weighting each
class according to its proportion in the dataset:

c
Weighted F1 = Z w; F1, (14)
i=1
where w; represents the relative frequency of class i.
In this study, Macro F1 was reported as the main performance metric in order to
reduce the influence of class imbalance.

4.6.4. ROC-AUC

To measure the discriminative ability of the model in both binary and multi-class
settings, the area under the receiver operating characteristic curve (ROC-AUC) was calcu-
lated. For multi-class experiments, the one-vs-rest (OvR) approach was used, and the
macro average AUC was reported.

5. Results

This section presents the performance of the proposed TPA-ConvNeXt model in de-
tail. We first report the single-fold comparison against standard deep learning architec-
tures, then provide the 5-fold cross-validation results, followed by the ablation analysis
and multi-dataset generalization results.

5.1. Single-Fold Comparison with Standard Architectures

TPA-ConvNeXt was compared with strong CNN- and Transformer-based architec-
tures on the HYAMD dataset. All models were evaluated on Fold 4 under the same train-
ing and preprocessing protocol.

The comparison results are presented in Table 1.

In this exploratory single-fold comparison, TPA-ConvNeXt achieved the highest Ac-
curacy and Macro F1 among the evaluated architectures on Fold 4. However, this result
should be interpreted as a single-fold benchmark rather than as primary statistical evi-
dence of superiority. Therefore, the main statistical comparison was conducted separately
against the closest architectural baseline, ConvINeXt-Small, across the five HY AMD folds.

5.2. Five-Fold Cross-Validation Results on HYAMD

To reduce the possibility that the single-fold result was influenced by a favorable
split, TPA-ConvNeXt was further evaluated on the HYAMD dataset using 5-fold cross-
validation. The results are reported in Table 2.

https://doi.org/10.3390/bioengineering13070781


https://doi.org/10.3390/bioengineering13070781

Bioengineering 2026, 13, 781 14 of 26
Table 2. Five-fold cross-validation results of TPA-ConvNeXt on HYAMD.
Fold Accuracy Macro F1 ROC-AUC
Fold 1 0.9295 0.9051 0.9443
Fold 2 0.9038 0.8428 0.9419
Fold 3 0.8910 0.8719 0.9359
Fold 4 0.9583 0.9636 0.9677
Fold 5 0.9199 0.8864 0.9348
Mean 0.9205 0.8940 0.9449
Std 0.0231 0.0403 0.0119

The mean Macro F1 score was 0.8940 + 0.0403. The strong result obtained on Fold 4
was not reproduced at the same level across all folds, indicating that performance varied
depending on the data split. Even so, the model maintained stable ROC-AUC values with
relatively low variance.

Overall, these results indicate that the proposed architecture performs consistently
across different train—validation splits, while also highlighting the influence of dataset
partitioning on fundus-based AMD classification.

5.2.1 Statistical Comparison with ConvNeXt-Small Across Five Folds

To complement the fold-wise averages in Table 2, TPA-ConvNeXt was compared
with the closest architectural baseline, ConvNeXt-Small, across the same five HYAMD
folds. TPA-ConvNeXt achieved a mean accuracy of 0.9205 + 0.0231, whereas ConvNeXt-
Small achieved 0.9135 + 0.0154. The mean paired accuracy difference was +0.0071, with a
95% confidence interval of [-0.0053, +0.0194]. Since this interval included zero, the ob-
served difference should be interpreted as a small numerical trend rather than a statisti-
cally reliable improvement. Figure 5 shows per-fold accuracy scores for TPA-ConvNeXt
and ConvNeXt-Small Baseline architectures.

The paired t-test did not show statistical significance (t = 1.5795, p = 0.1894), and the
Wilcoxon signed-rank test also remained non-significant (W = 1.0000, p = 0.1408). There-
fore, the five-fold comparison does not support a claim of statistically significant superi-
ority over ConvNeXt-Small. Instead, these results indicate that TPA-ConvNeXt provides
competitive performance relative to the ConvNeXt-Small backbone, while adding a
phase-based trigonometric modulation mechanism that may support feature recalibration
in retinal image classification.
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Figure 5. Per-fold accuracy comparison between TPA-ConvNeXt and ConvNeXt-Small on the HY-
AMD dataset. The difference was numerical and did not reach statistical significance across the five
folds.

5.3. Ablation Study

An ablation study was conducted to examine the contribution of each major compo-
nent in the proposed framework. The results are given in Table 3.

Table 3. Ablation analysis of TPA-ConvNeXt on Fold 4.

Configuration Macro F1 AF1
Full Model 0.9645 +0.0060
w/o TrigonometricAttn 0.9553 -0.0032
w/o LLRD 0.9523 —0.0062
w/o CLAHE 0.9501 -0.0085
w/o Label Smoothing 0.9463 -0.0122
w/o Warmup 0.9304 -0.0281

Among all components, warmup had the strongest impact on performance. When
warmup was removed, Macro F1 dropped by about 2.8 points. This suggests that pre-
trained backbones are sensitive to abrupt learning rate changes and that the warmup
phase plays a key role in stabilizing fine-tuning.

Removing the Trigonometric attention block led to a smaller but still consistent drop
in performance. This indicates that the proposed phase-based modulation contributes
positively to the model, even if its effect is subtler than the optimization-related compo-
nents. The results also show that LLRD, CLAHE, and label smoothing all provide mean-
ingful benefits.

5.3.1 Hyperparameter Sensitivity Analysis

To further examine the empirical choice of the LLRD decay factor and warmup
length, a limited hyperparameter sensitivity analysis was conducted on the HY AMD Fold
4 validation setting. Two small sensitivity sweeps were performed. In the first sweep, the
warmup length was fixed at 5 epochs while the LLRD decay factor was varied. In the
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second sweep, the LLRD decay factor was fixed at 0.65 while the warmup length was
varied.

As shown in Table 4, the decay factor of 0.65 achieved the best performance among
the tested decay settings, with a Macro F1 of 0.9555 and an accuracy of 0.9551. A lower
decay factor of 0.50 reduced Macro F1 to 0.9385, suggesting that overly conservative up-
dates in earlier layers may limit adaptation. A higher decay factor of 0.80 also performed
well but remained slightly lower than 0.65.

The warmup sensitivity analysis also supported the use of a 5-epoch warmup. Re-
moving warmup reduced Macro F1 to 0.9051, confirming that abrupt early learning-rate
changes can destabilize fine-tuning. A 3-epoch warmup improved performance compared
with no warmup, whereas an 8-epoch warmup did not provide additional benefit. Over-
all, these results support the selected configuration of an LLRD decay factor of 0.65 and a
5-epoch warmup as a stable empirical setting for TPA-ConvNeXt.

Table 4. Hyperparameter sensitivity analysis for LLRD decay factor and warmup length on HY-
AMD.

Sensitivity Setting Configuration Macro F1 Accuracy
LLRD decay sweep decay =0.50, warmup =5 0.9385 0.9359
LLRD decay sweep decay = 0.65, warmup =5 0.9555 0.9551
LLRD decay sweep decay = 0.80, warmup =5 0.9529 0.9519
Warmup sweep decay = 0.65, warmup =0 0.9051 0.9231
Warmup sweep decay = 0.65, warmup =3 0.9322 0.9295
Warmup sweep decay = 0.65, warmup =5 0.9507 0.9423
Warmup sweep decay = 0.65, warmup = 8 0.9365 0.9391

5.4. Generalization Across Multiple Datasets

To show that TPA-ConvNeXt is not limited to a single dataset, additional experi-
ments were carried out on multiple OCT datasets. These experiments were designed to
assess how well the model generalizes across different class distributions and different
clinical acquisition settings.

5.4.1. Results on MAK1_OCT
The results obtained on the private OCT dataset, MAK1_OCT, are presented in Table

Table 5. Performance results of TPA-ConvNeXt on the MAK1_OCT dataset with 95% confidence

intervals.

Metric Value [95% CI]
Accuracy 0.9806 [0.9677, 0.9914]
Macro F1 0.9790 [0.9644, 0.9911]

Weighted F1 0.9807 [0.9678, 0.9914]
ROC-AUC 0.9960 [0.9899, 0.9995]

Note: Confidence intervals were calculated at the 95% level using the validation predictions. The

validation set contained 464 images.

The model achieved very strong performance on this three-class AMD classification
task. In particular, the ROC-AUC value of 0.9960 indicates an excellent level of class sep-
arability.

Class-wise analysis further supports this result. The Fl-score was 0.9660 for Dry
AMD, 0.9945 for Normal, and 0.9764 for Wet AMD. The near-perfect performance on the
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Normal class, together with the strong results on the pathological classes, suggests that
the model can capture clinically relevant distinctions.

5.4.2. Multi-Class Results on OCTDL

TPA-ConvNeXt was also evaluated on the OCTDL dataset, which involves a seven-
class retinal pathology classification task. Results on the OCTDL dataset are given in Table
6.

Table 6. Performance results of TPA-ConvNeXt on the OCTDL dataset with 95% confidence inter-

vals.

Metric Value [95% CI]
Accuracy 0.9564 [0.9370, 0.9734]
Macro F1 0.9387 [0.9011, 0.9668]

Weighted F1 0.9562 [0.9359, 0.9734]
ROC-AUC 0.9722 [0.9496, 0.9907]

Note: Confidence intervals were calculated at the 95% level using the validation predictions. The

validation set contained 413 images.

This dataset represents a more challenging classification problem because it includes
several different retinal diseases. On OCTDL, the model achieved an accuracy of 0.9564
[95% CI: 0.9370-0.9734], a Macro F1 of 0.9387 [95% CI: 0.9011-0.9668], and an ROC-AUC
of 0.9722 [95% CI: 0.9496-0.9907]. Considering the limited number of samples in some
classes, particularly RAO and RVO, these results remain encouraging. They suggest that
the proposed phase-based mechanism can still preserve useful representations even in
small or imbalanced categories.

5.4.3. Binary Classification on OCTDL_AMD

The model was further tested on the AMD vs. Non-AMD subset of the OCTDL da-
taset. Binary classification results on OCTDL_AMD are given in Table 7.

Table 7. Binary classification results on OCTDL_AMD with 95% confidence intervals.

Metric Value [95% CI]
Accuracy 0.9855 [0.9734, 0.9952]
Macro F1 0.9849 [0.9722, 0.9950]

Weighted F1 0.9855 [0.9734, 0.9952]
ROC-AUC 0.9927 [0.9798, 0.9997]

Note: Confidence intervals were calculated at the 95% level using the validation predictions. The

validation set contained 413 images.

In this binary setting, the model achieved near-perfect discrimination. On the binary
OCTDL_AMD setting, TPA-ConvNeXt achieved an accuracy of 0.9855 [95% CI: 0.9734-
0.9952], a Macro F1 of 0.9849 [95% CI: 0.9722-0.9950], and an ROC-AUC of 0.9927 [95% CI:
0.9798-0.9997].

5.4.4. OCT2017 Clean-Test Evaluation After MD5 Duplicate Removal

To evaluate whether exact duplicate images between the released OCT2017 training
and test folders affected the reported performance, an additional clean-test analysis was
conducted. First, all OCT2017 training images were hashed using MD5. Each test image
was then compared with the training hash list. This analysis identified 45 exact duplicate
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images in the test set, corresponding to 4.50% of the original 1000 test images. Most du-
plicate images belonged to the DME class, with 41 duplicates, while 4 duplicates were
found in the Normal class. No duplicates were detected in the CNV or Drusen classes.

After removing these duplicate images, the cleaned OCT2017 test set contained 955
images. The same trained checkpoint was evaluated on both the original and cleaned test
sets without any additional training. The results remained practically unchanged. Accu-
racy was 0.9990 on both the original and cleaned test sets, while Macro F1 changed only
from 0.9990 to 0.9989. These findings indicate that the detected duplicate samples had a
negligible effect on the OCT2017 performance. The results of OCT2017 original and clean-
test evaluation after MD5 duplicate removal are given in Table 8.

Table 8. OCT2017 original and clean-test evaluation after MD5 duplicate removal.

Test Set N Images Removed Duplicates Accuracy MacroF1 Weighted F1 ROC-AUC
Original OCT2017 test 1000 0 0.9990 0.9990 0.9990 0.9999
Clean OCT2017 test 955 45 0.9990 0.9989 0.9990 0.9999
Delta -45 45 -0.0000 -0.0001 —0.0000 -0.0000

5.4.5. External Fundus Validation and Cross-Dataset Experiments

To further assess whether the proposed framework generalizes beyond a single in-
ternal fundus benchmark, we conducted three additional fundus experiments using
AMDNet23. First, we performed an external validation experiment in which the model
was trained on HYAMD and tested on the AMDNet23 validation set after converting the
labels to a binary AMD versus non-AMD setting. Second, we trained and evaluated the
model directly on AMDNet23 under its native four-class setting. Third, we conducted a
pooled binary experiment on the combined HYAMD + AMDNet23 dataset to examine
performance under broader fundus-domain heterogeneity. The results are summarized
in Table 9.

Table 9. Additional fundus experiments using AMDNet23 for external validation, independent

four-class evaluation, and pooled binary evaluation.

E i- Accu- Bi- ROC- Preci- Ti
xpert Training Set TestSet  Classes Macro/Bi Weighted F1 oc r-ec1 Recall 11'ne
ment racy nary F1 AUC  sion (min)

E1l HYAMD (bi- AMDNetZB 2 0.9350 0.9312 0.9348 0.9803 0.9888 0.8800 17.33
nary) valid (binary)
AMDNet23 AMDNet23 4 0.9825 0.9825 0.9825 0.9956 0.9836 0.9825 27.04
train (4-class) valid (4-class)
HYAMD+  HYAMD +
E3 AMDNet23  AMDNet23 2 0.9570 0.9466 0.9570 0.9696 0.9466 0.9466 77.81
(binary) (binary)

In the external validation setting (E1), the model achieved 0.9350 accuracy, 0.9312
Macro F1, and 0.9803 ROC-AUC, indicating that the learned representation transfers well
from HYAMD to an independent fundus dataset. In the native four-class AMDNet23 ex-
periment (E2), the model achieved 0.9825 accuracy and 0.9825 Macro F1, showing that the
proposed framework also performs strongly in a more fine-grained fundus classification
setting. Finally, in the pooled binary experiment on the merged HYAMD + AMDNet23
data (E3), the model achieved 0.9570 accuracy and 0.9466 Macro F1. Taken together, these
experiments strengthen the claim that TPA-ConvNeXt is not restricted to a single fundus
source and can remain robust across different fundus data distributions.
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Early AMD

Advanced AMD

5.4.6. Explainability Analysis with Grad-CAM

To provide a qualitative explanation of the model’s decision process, we generated
Grad-CAM visualizations for representative fundus images from the Early AMD and Ad-
vanced AMD classes. As shown in Figure 6, the model consistently concentrated its atten-
tion on the central retinal and macular region rather than on peripheral background areas.
In Early AMD cases, the highlighted regions were generally more localized, whereas in
Advanced AMD cases the activated areas tended to be broader and more intense. Alt-
hough Grad-CAM does not provide lesion-level segmentation, these visualizations sup-
port that the proposed model bases its predictions on clinically plausible retinal regions
and therefore improve the interpretability of the reported classification results.

In response to the concern that explainability analysis should also cover OCT images,
we additionally generated Grad-CAM visualizations for representative OCT samples
from the MAK1_OCT dataset. The target layer was the output of the fourth ConvNeXt
stage, corresponding to the final 7 x 7 feature map before global pooling. As shown in
Figure 7, the activation maps were concentrated around clinically meaningful retinal
structures, including the foveal region and abnormal retinal layer patterns. For dry AMD
and wet AMD examples, the highlighted regions overlapped with areas showing struc-
tural irregularities in the retinal layers. In the normal OCT example, the model mainly
attended to the central retinal contour and foveal depression. These findings suggest that
the model does not rely only on peripheral or background artifacts, but focuses on diag-

nostically relevant retinal regions in OCT images as well.

Figure 6. Representative Grad-CAM visualizations for fundus images from the Early AMD and Ad-
vanced AMD classes. The maps show that TPA-ConvNeXt primarily focuses on the central retinal

and macular region during classification.
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Figure 7. OCT Grad-CAM visualization of the proposed model using representative MAK1_OCT
samples. Each row shows the original OCT image, the Grad-CAM heatmap, and the overlay map
for one class. The Grad-CAM maps were generated from the Stage 4 output feature maps. The high-
lighted regions indicate that the model mainly focuses on the foveal region and retinal layer abnor-

malities, which are clinically relevant for OCT-based AMD classification.

5.5. Computational Complexity and Runtime Analysis

To evaluate the computational overhead introduced by the proposed phase-based
attention blocks, we compared TPA-ConvNeXt with the ConvNeXt-Small baseline in
terms of parameter count, MACs, FLOPs, and inference latency. All runtime measure-
ments were performed on an NVIDIA RTX 4080 SUPER GPU using 224 x 224 input im-
ages.

As shown in Table 10, TPA-ConvNeXt contained 51.82 million parameters, whereas
the ConvNeXt-Small baseline contained 49.46 million parameters. The proposed attention
blocks added 2.36 million parameters, corresponding to a modest parameter increase over
the baseline. In terms of computational operations, TPA-ConvNeXt required 8.71G MACs
and approximately 17.41G FLOPs, while ConvNeXt-Small required 8.70G MACs and ap-
proximately 17.39G FLOPs. This indicates that the proposed attention mechanism intro-
duced only a very small FLOP overhead.

Table 10. Computational complexity and inference time comparison between TPA-ConvNeXt and
ConvNeXt-Small.

ConvNeXt-Small

Model Params (M) TPA Params (M) MACs (G) FLOPs (G) Single Image (ms) Batch-32 (ms/img)
0.00 8.70 17.39 10.89 +5.30 1.09 +0.03
2.36 8.71 17.41 13.76 + 6.46 1.34 +0.39

TPA-ConvNeXt
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Overhead +2.36 +2.36 +0.01 +0.02 +2.87 +0.25
Note: FLOPs were estimated as approximately 2 x MACs. Runtime was measured on an NVIDIA
RTX 4080 SUPER GPU using 224 x 224 input images.

The inference latency was also measured. For single-image inference, TPA-Con-
vNeXt required 13.76 + 6.46 ms, compared with 10.89 + 5.30 ms for ConvNeXt-Small. In
batch-32 inference, which provides a more stable estimate of throughput, TPA-ConvNeXt
required 1.34 + 0.39 ms per image, whereas ConvNeXt-Small required 1.09 = 0.03 ms per
image. These results show that the proposed attention mechanism adds a moderate pa-
rameter and latency overhead, but the overall model remains computationally practical
for GPU-based retinal image classification.

5.6. Overall Assessment

Taken together, the results show that TPA-ConvNeXt achieves strong discrimination
on fundus images, balanced performance on multi-class OCT problems, and near-perfect
results in binary AMD detection. Beyond the original HYAMD and OCT experiments, the
additional AMDNet23 results further show that the proposed framework generalizes well
across independent fundus datasets and remains robust under pooled cross-dataset set-
tings. The newly added statistical comparison showed a small numerical accuracy differ-
ence relative to ConvNeXt-Small across the five HYAMD folds; however, this difference
did not reach statistical significance under paired testing. Finally, the Grad-CAM and
runtime analyses show that the proposed framework is not only accurate, but also inter-
pretable and computationally practical.

6. Discussion

The proposed TPA-ConvNeXt architecture showed competitive performance across
both fundus and OCT datasets. Overall, the results suggest that phase-based feature mod-
ulation may support discriminative representation learning in retinal image classification.

In the exploratory Fold 4 comparison, TPA-ConvNeXt achieved higher Accuracy and
Macro F1 than the evaluated CNN and Transformer baselines. However, because this
comparison was limited to a single fold, it should be interpreted as supportive evidence
rather than definitive proof of superiority.

The ablation study revealed that warmup was the most critical component in the final
system. When warmup was removed, Macro F1 dropped by nearly 2.8 points. This indi-
cates that pretrained backbones may be easily disrupted when adapted to medical imag-
ing data with large updates at the beginning of training. A more gradual transition ap-
pears to be essential for stable fine-tuning. A similar trend was observed for LLRD, which
helped protect early-layer representations and improved optimization stability. The addi-
tional hyperparameter sensitivity analysis further supports this interpretation. The se-
lected decay factor of 0.65 achieved the best result among the tested LLRD settings, and
the 5-epoch warmup clearly outperformed no warmup and shorter or longer warmup
alternatives in the tested one-fold setting.

The TPA block provided a measurable gain in the Fold 4 ablation study, although its
effect was smaller than the contribution of warmup. This suggests that the architectural
component may complement the optimization strategy, but the current experiments do
not fully isolate all interaction effects between components.

The multi-dataset results also provide important evidence of modality robustness.
When the results from fundus and OCT datasets are considered together, TPA-ConvNeXt
appears to generalize well across different retinal imaging techniques. The strong perfor-
mance on a large benchmark such as OCT2017 further suggests that the model is not lim-
ited to small-scale or institution-specific datasets.
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An important extension of the present study is the additional external fundus vali-
dation using AMDNet23. While HYAMD remained the main benchmark for internal 5-
fold analysis, the external experiment showed that a model trained on HYAMD could still
achieve 0.9312 Macro F1 and 0.9803 ROC-AUC on AMDNet23. This result strengthens the
interpretation that the learned representation is not restricted to a single fundus dataset.
The direct four-class experiment on AMDNet23 and the pooled binary experiment on the
combined HYAMD + AMDNet23 data further support the cross-dataset robustness of the
proposed framework. The addition of OCT Grad-CAM examples further supports the
cross-modality interpretability of the model. While fundus Grad-CAM maps emphasized
macular regions and visible lesion patterns, OCT Grad-CAM maps highlighted the foveal
contour and retinal layer abnormalities. This suggests that the model adapts its attention
behavior to modality-specific anatomical structures.

The statistical comparison with ConvNeXt-Small should be interpreted cautiously.
Although TPA-ConvNeXt showed a small numerical increase in mean accuracy across the
five HYAMD folds, this difference was not statistically significant, and the confidence in-
terval included zero. Therefore, the proposed model should not be interpreted as a statis-
tically proven superior replacement for ConvNeXt-Small on HYAMD alone. Rather, its
contribution lies in introducing a phase-based trigonometric attention mechanism, com-
bining it with a stable fine-tuning strategy, and evaluating the resulting framework across
fundus and OCT datasets with external validation, ablation, explainability, and computa-
tional cost analyses.

The computational analysis also shows that the proposed attention block increases
the parameter count from 49.46 M to 51.82 M, while adding only a negligible FLOP over-
head. The main runtime cost is reflected in inference latency, especially in single-image
evaluation, which is expected because the attention block includes trigonometric opera-
tions. However, batch inference remained efficient at 1.34 ms per image on an RTX 4080
SUPER GPU. Therefore, the proposed module provides additional feature modulation ca-
pacity with a limited computational burden.

At the same time, several limitations should be acknowledged. First, the 5-fold cross-
validation results on HYAMD showed noticeable variation between folds, indicating that
performance remains influenced by data partitioning and class composition. Second, for
the OCT benchmarks we retained the predefined train/test folders distributed with the
original public releases in order to preserve comparability with prior studies. Because pa-
tient identifiers are not uniformly available in all public file structures, additional patient-
level re-splitting was not performed, and possible subject-level overlap should be inter-
preted as a limitation of the underlying dataset protocols rather than of our implementa-
tion itself. Third, although the TPA block provided a consistent benefit, the ablation re-
sults showed that optimization-level components such as warmup contributed a larger
gain than the architectural block alone. Fourth, the present study was conducted on 2D
images only, and broader prospective, multi-center validation will still be necessary be-
fore clinical deployment can be considered. Finally, although the runtime results were
practical on modern GPU hardware, real-world translation will also require validation
under device heterogeneity, workflow integration constraints, and explainability require-
ments in clinical settings. A further limitation concerns the reliability of public benchmark
splits. OCT2017 was used according to the original released Kermany et al. benchmark
structure, whose documentation describes independent-patient train/test partitions.
However, our additional MD5-based audit detected 45 exact duplicate images between
the released training and test folders. To assess the impact of this issue, we repeated the
evaluation after removing these duplicate test images. The clean-test performance was
nearly identical to the original result, suggesting that the duplicate samples had a negli-
gible effect on the reported OCT2017 performance. Nevertheless, OCT2017 results should
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still be interpreted as benchmark-level evidence rather than as newly constructed patient-
level external validation. Future work should prioritize multi-center datasets with explicit
patient identifiers, duplicate-free public releases, and strictly patient-level external test
cohorts.

7. Conclusions

In this study, we proposed TPA-ConvNeXt, a retinal image classification framework
built on a ConvNeXt-Small backbone and enhanced with a phase-based trigonometric at-
tention mechanism. The proposed TPA block recalibrates feature maps through learnable
phase and amplitude modulation, while the accompanying fine-tuning strategy based on
layer-wise learning rate decay, linear warmup, and cosine scheduling improves optimi-
zation stability on medical image data.

The experimental results showed that the proposed framework achieved strong per-
formance on both fundus and OCT datasets. On HYAMD, 5-fold cross-validation demon-
strated overall competitive performance, while the additional statistical analysis showed
that the difference from the ConvNeXt-Small baseline was not statistically significant. Ex-
ternal fundus validation on AMDNet23 further strengthened the cross-dataset evaluation,
and the results obtained on MAK1_OCT, OCTDL, and OCT2017 confirmed that the frame-
work generalizes well across multiple OCT settings.

The ablation study showed that warmup had the largest optimization effect, whereas
the proposed TPA block contributed a smaller but consistent representational gain. In ad-
dition, Grad-CAM visualizations indicated that the model focused on clinically relevant
retinal regions, and the complexity analysis showed that the framework remained com-
putationally practical.

Overall, TPA-ConvNeXt provides a competitive, interpretable, and computationally
practical framework for retinal disease classification across fundus and OCT modalities.
However, its improvement over ConvNeXt-Small should be interpreted cautiously, and
broader patient-level multi-center validation remains necessary.

Author Contributions: Conceptualization, N.S., O.A., and A.S.; methodology, N.S., O.A., and T.0,;
software, N.S. and T.Q.; validation, N.S., O.A., and A.S.; formal analysis, N.S. and O.A; investiga-
tion, N.S. and O.A.; resources, O.A. and A.S.; data curation, O.A. and T.0O.; writing —original draft
preparation N.S. and TO; writing —review and editing, O.A., T.0., and A.S.; visualization, N.S.; su-
pervision, N.S. and A.S.; project administration, O.A.; funding acquisition, O.A. All authors have

read and agreed to the published version of the manuscript.

Funding: This research was funded by Firat University, Scientific Research Project Committee, un-
der grant No. TEKF.24.47.

Institutional Review Board Statement: The MAK1_OCT dataset used in this study was collected
in accordance with the Declaration of Helsinki and was approved by the Firat University Ethics
Committee (ethical approval number: BSFCHL4Z8Z-42894; approval date: 30 December 2025). The

other datasets used in this study are publicly available.

Informed Consent Statement: Patient consent was waived due to the retrospective nature of the
study and the use of fully anonymized imaging data. No identifiable personal information was in-

cluded, and the images used in this study do not allow the identification of individual patients.

Data Availability Statement: The datasets used in this study are publicly available and can be ac-
cessed through the following sources: HYAMD dataset: https://physionet.org/content/hillel-yaffe-
fundus-amd/1.0.0/; OCTDL dataset: https://www .kaggle.com/datasets/orvile/octdl-optical-coher-
ence-tomography-dataset; OCT2017 dataset: https://data.mendeley.com/datasets/rscbjbr9s;j/1;
AMDNet23 dataset: https://data.mendeley.com/datasets/yj35kjgrv3/1; (accessed on: 7 January 2026)

https://doi.org/10.3390/bioengineering13070781


https://doi.org/10.3390/bioengineering13070781

Bioengineering 2026, 13, 781 24 of 26

All datasets employed in this work are publicly accessible and were obtained from the above repos-

itories.

Acknowledgments: In preparing this manuscript, the authors used ChatGPT (OpenAl, GPT-5.2)
only for English language editing, readability improvement, and grammatical polishing. It was not
used to generate experimental results, analyze data, interpret findings, or make scientific decisions.

The authors take full responsibility for the scientific content of this publication.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

TPA Trigonometric Phase Attention
LLRD Layer-wise Learning Rate Decay
OoCT Optical Coherence Tomography

AMD Age-related Macular Degeneration
CNNs Convolutional Neural Networks
ViT Vision Transformer

References

1.

10.

11.

12.

Wong, W.L.; Su, X,; Li, X.; Cheung, CM.G.; Klein, R.; Cheng, C.Y.; Wong, T.Y. Global Prevalence of Age-Related Macular De-
generation and Disease Burden Projection for 2020 and 2040: A Systematic Review and Meta-Analysis. Lancet Glob. Health 2014,
2, e106-e116. https://doi.org/10.1016/52214-109X(13)70145-1.

Jeong, Y.D,; Park, S.; Kim, M.S.; Hong, S.H.; Aalruz, H.; Abate, Y.H.; Abbasgholizadeh, R.; Abd ElHafeez, S.; Abdullahi, A,;
Aboagye, R.G.; et al. Global Burden of Vision Impairment Due to Age-Related Macular Degeneration, 1990-2021, with Forecasts
to 2050: A Systematic Analysis for the Global Burden of Disease Study 2021. Lancet Glob. Health 2025, 13, e1175-1190.
https://doi.org/10.1016/52214-109X(25)00143-3.

Midena, E.; Frizziero, L.; Torresin, T.; Todaro, P.B.; Miglionico, G.; Pilotto, E. Optical Coherence Tomography and Color Fundus
Photography in the Screening of Age-Related Macular Degeneration: A Comparative, Population-Based Study. PLoS ONE 2020,
15, e0237352. https://doi.org/10.1371/journal.pone.0237352.

Zedadra, A; Salah-Salah, M.Y.; Zedadra, O.; Guerrieri, A. Multi-Modal Al for Multi-Label Retinal Disease Prediction Using
OCT and Fundus Images: A Hybrid Approach. Sensors 2025, 25, 4492. https://doi.org/10.3390/525144492.

Hamid, L.; EInokrashy, A.; Abdelhay, E.H.; Abdelsalam, M.M. A Deep Learning LSTM-Based Approach for AMD Classification
Using OCT Images. Neural Comput. Appl. 2024, 36, 19531-19547. https://doi.org/10.1007/s00521-024-10149-7.

He, K;; Zhang, X.; Ren, S.; Sun, J. Deep Residual Learning for Image Recognition. In Proceedings of the IEEE Conference on Com-
puter Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 27-30 June 2016; IEEE: Piscataway, NJ, USA, 2022; pp. 770-778.
Huang, G.; Liu, Z.; van der Maaten, L.; Weinberger, K.Q. Densely Connected Convolutional Networks. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, Honolulu, 21-26 July 2017; IEEE: Piscataway, NJ, USA, 2022; pp. 4700—-4708.
Tan, M.; Le, Q. EfficientNet: Rethinking Model Scaling for Convolutional Neural Networks. In Proceedings of the 36th International
Conference on Machine Learning, ICML 2019, Long Beach, 9-15 June 2019; pp. 6105-6114. Available online: https://proceed-
ings.mlr.press/v97/tan19a.html?ref=ji (accessed on 10 June 2026)

Dosovitskiy, A.; Beyer, L.; Kolesnikov, A.; Weissenborn, D.; Zhai, X.; Unterthiner, T.; Dehghani, M.; Minderer, M.; Heigold, G.;
Gelly, S.; et al. An Image Is Worth 16x16 Words: Transformers for Image Recognition at Scale; In Proceedings of the International
Conference on Learning Representations (ICLR 2021); ICLR: Appleton, WL, USA, 2021.

Liu, Z,; Lin, Y.; Cao, Y.; Hu, H.; Wei, Y.; Zhang, Z.; Lin, S.; Guo, B. Swin Transformer: Hierarchical Vision Transformer Using
Shifted Windows; In Proceedings of the IEEE/CVF International Conference on Computer Vision (ICCV), Virtual Event, 11-17 October
2021; IEEE: Piscataway, NJ, USA, 2021; pp. 10012-10022.

Liu, Z.; Mao, H.; Wu, C.-Y; Feichtenhofer, C.; Darrell, T.; Xie, S. A ConvNet for the 2020s. In Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition (CVPR), New Orleans, LA, USA, 18-24 June 2022; IEEE: Piscataway, NJ, USA, 2022;
pp. 11976-11986.

Garcia-Floriano, A.; Ventura-Molina, E. Age-Related Macular Degeneration Detection in Retinal Fundus Images by a Deep
Convolutional Neural Network. Mathematics 2024, 12, 1445. https://doi.org/10.3390/math12101445.

https://doi.org/10.3390/bioengineering13070781


https://doi.org/10.3390/bioengineering13070781

Bioengineering 2026, 13, 781 25 of 26

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

Annamalai, A.; Palani, D. Multi-Modal Fusion and Vision Transformers for Robust Early AMD Prediction. Evol. Syst. 2025, 16,
64. https://doi.org/10.1007/s12530-025-09684-y.

Bao, S.; Yang, Z.; Zhang, Z.; Qu, J.; Sun, J. AttResAMD: An Attention-Driven Deep Learning Framework for Expert-Level Au-
tomated Classification of Age-Related Macular Degeneration from Fundus Photography. Interdiscip. Sci. Comput. Life Sci. 2025,
2025, 1-12. https://doi.org/10.1007/s12539-025-00763-x.

Hu, J.; Shen, L.; Albanie, S.; Sun, G.; Wu, E. Squeeze-and-Excitation Networks. IEEE Trans. Pattern Anal. Mach. Intell. 2020, 42,
2011-2023. https://doi.org/10.1109/TPAMI.2019.2913372.

Chen, R.; Zhang, W.; Song, F.; Yu, H.; Cao, D.; Zheng, Y.; He, M.; Shi, D. Translating Color Fundus Photography to Indocyanine
Green Angiography Using Deep-Learning for Age-Related Macular Degeneration Screening. npj Digit. Med. 2024, 7, 34.
https://doi.org/10.1038/s41746-024-01018-7.

Osa-Sanchez, A.; Magdy Balaha, H.; Mahmoud, A.; Sewelam, A.; Ghazal, M.; Garcia-Zapirain, B.; El-Baz, A. Explainable Al-
Based Approach for Age-Related Macular Degeneration (AMD) Detection via Fundus Imaging. IEEE Access 2025, 13, 341-360.
https://doi.org/10.1109/ACCESS.2024.3522862.

Ali, M.A.; Hossain, M.S.; Hossain, M.K.; Sikder, S.S.; Khushbu, S.A.; Islam, M. AMDNet23: Hybrid CNN-LSTM Deep Learning
Approach with Enhanced Preprocessing for Age-Related Macular Degeneration (AMD) Detection. Intell. Syst. Appl. 2024, 21,
200334. https://doi.org/10.1016/j.iswa.2024.200334.

Hu, W.; Li, K;; Gagnon, J.; Wang, Y.; Raney, T.; Chen, J.; Chen, Y.; Okunuki, Y.; Chen, W.; Zhang, B. FundusNet: A Deep-
Learning Approach for Fast Diagnosis of Neurodegenerative and Eye Diseases Using Fundus Images. Bioengineering 2025, 12,
57. https://doi.org/10.3390/bioengineering12010057.

Castro, R.M,; Luis, ].; Cervantes, S.; Alor Hernandez, G.; Javier, A.; Delgado, R.; Flores Leal, A.; Mancilla Gomez, M.; Gonzalez
Diaz, ].E. WAMDS2: Early Detection of Wet AMD Using Swin Transformer V2. Rev. Mex. Ing. Biomed. 2026, 47, e1520.
https://doi.org/10.17488/RMIB.47.SI-TAIH.1520.

Kermany, D.S.; Goldbaum, M.; Cai, W.; Valentim, C.C.S.; Liang, H.; Baxter, S.L.; McKeown, A.; Yang, G.; Wu, X,; Yan, F.; et al.
Identifying Medical Diagnoses and Treatable Diseases by Image-Based Deep Learning. Cell 2018, 172, 1122-1131.e9.
https://doi.org/10.1016/j.cell.2018.02.010.

He, T.; Zhou, Q.; Zou, Y. Automatic Detection of Age-Related Macular Degeneration Based on Deep Learning and Local Outlier
Factor Algorithm. Diagnostics 2022, 12, 532. https://doi.org/10.3390/diagnostics12020532.

Celebi, A.R.C.; Bulut, E.; Sezer, A. Artificial Intelligence Based Detection of Age-Related Macular Degeneration Using Optical
Coherence  Tomography with  Unique Image Preprocessing. Eur. ].  Ophthalmol. 2023, 33, 65-73.
https://doi.org/10.1177/11206721221096294.

Hu, M.; Wu, B,; Lu, D.; Xie, J.; Chen, Y.; Yang, Z.; Dai, W. Two-Step Hierarchical Neural Network for Classification of Dry Age-
Related Macular Degeneration Using Optical Coherence Tomography Images. Front. Med. 2023, 10, 1221453.
https://doi.org/10.3389/fmed.2023.1221453.

Chen, X.; Xue, Y.; Wu, X.; Zhong, Y.; Rao, H.; Luo, H.; Weng, Z. Deep Learning-Based System for Disease Screening and Path-
ologic Region Detection From Optical Coherence Tomography Images. Transl. Vis. Sci. Technol. 2023, 12, 29.
https://doi.org/10.1167/tvst.12.1.29.

Das, V.; Dandapat, S.; Bora, P.K. Multi-Scale Deep Feature Fusion for Automated Classification of Macular Pathologies from
OCT Images. Biomed. Signal Process. Control 2019, 54, 101605. https://doi.org/10.1016/j.bspc.2019.101605.

Yusufoglu, E.; Firat, H,; Uzen, H.; Ozcelik, S.T.A.; Cicek, I.B.; Sengiir, A.; Atila, O.; Guldemir, N.-H. A Comprehensive CNN
Model for Age-Related Macular Degeneration Classification Using OCT: Integrating Inception Modules, SE Blocks, and Con-
vMixer. Diagnostics 2024, 14, 2836. https://doi.org/10.3390/diagnostics14242836.

Woo, S.; Park, J.; Lee, ].-Y.; Kweon, 1.S. CBAM: Convolutional Block Attention Module. In Proceedings of the 15th European Con-
ference on Computer Vision (ECCV), Munich, Germany, 8—14 September 2018; Lecture Notes in Computer Science (Including Subse-
ries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics); Springer: Cham, Switzerland, 2018; Volume
11211 LNCS, pp. 3-19.

Goncalves, T.; Rio-Torto, I; Teixeira, L.F.; Cardoso, J.S. A Survey on Attention Mechanisms for Medical Applications: Are We
Moving Toward Better Algorithms? IEEE Access 2022, 10, 98909-98935. https://doi.org/10.1109/ACCESS.2022.3206449.
Howard, J.; Ruder, S. Universal Language Model Fine-Tuning for Text Classification. In Proceedings of the 56th Annual Meeting
of the Association for Computational Linguistics (Volume 1: Long Papers), Melbourne, Australia, 15-20 July 2018; Association for Com-
putational Linguistics: Stroudsburg, PA, USA, 2018; Volume 1, pp. 328-339.

https://doi.org/10.3390/bioengineering13070781


https://doi.org/10.3390/bioengineering13070781

Bioengineering 2026, 13, 781 26 of 26

31.

32.

33.

34.

35.

Wei, Z.; Wei, C; Mei, J.; Wang, Z; Li, X.; Wang, H.; Yuille, A.; Zhou, Y.; Xie, C. MAE Are Secretly Efficient Learners. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 17-21 June 2024; IEEE:
Piscataway, NJ, USA, 2024; pp. 15993-16002.

Kosson, A.; Messmer, B.; Jaggi, M. Analyzing & Reducing the Need for Learning Rate Warmup in GPT Training. In Advances in
Neural Information Processing Systems; Neural Information Processing Systems Foundation: San Diego, CA, USA, 2024; Volume
37.

Meisel, M.; Cohen, B.A.; Baskin, M.; Tiosano, B.; Behar, J.A.; Berkowitz, E. HYAMD High-Resolution Fundus Image Dataset for
Age Related Macular Degeneration (AMD) Diagnosis. PhysioNet 2025. https://doi.org/10.13026/ydf1-z238.

Kulyabin, M.; Zhdanov, A.; Nikiforova, A.; Stepichev, A.; Kuznetsova, A.; Ronkin, M.; Borisov, V.; Bogachev, A.; Korotkich, S.;
Constable, P.A; et al. OCTDL: Optical Coherence Tomography Dataset for Image-Based Deep Learning Methods. Sci. Data 2024,
11, 365. https://doi.org/10.1038/s41597-024-03182-7.

Kermany, D.; Zhang, K.; Goldbaum, M. Labeled Optical Coherence Tomography (OCT) and Chest X-Ray Images for Classifi-
cation. Mendeley Data 2018, 2. https://doi.org/10.17632/RSCBJBR9S].2.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-

thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/bioengineering13070781


https://doi.org/10.3390/bioengineering13070781

	1. Introduction
	2. Related Works
	2.1. Deep Learning for AMD Detection from Fundus Images
	2.2. OCT-Based AMD Classification
	2.3. Multimodal and Hybrid Approaches
	2.4. Attention Mechanisms and Fine-Tuning Strategies
	2.5. Positioning of the Present Study

	3. Proposed Method: TPA-ConvNeXt
	3.1. Overall Architecture
	3.2. Trigonometric Phase Attention (TPA) Block
	3.3. Training Strategy

	4. Experimental Setup
	4.1. Datasets
	4.1.1. HYAMD (High-Resolution Fundus AMD Dataset)
	4.1.2. OCTDL (Optical Coherence Tomography Dataset for Deep Learning)
	4.1.3. OCT2017 (Kermany et al. Benchmark)
	4.1.4. MAK1_OCT
	4.1.5. AMDNet23 Fundus Dataset

	4.2. Common Dataset Characteristics
	4.3. Clinical Relevance of the Datasets
	4.4. Preprocessing and Data Augmentation
	4.5. Training Details
	4.6. Evaluation Metrics
	4.6.1. Accuracy
	4.6.2. Precision, Recall, and F1-Score

	4.6.3. Macro F1 and Weighted F1
	4.6.4. ROC-AUC


	5. Results
	5.1. Single-Fold Comparison with Standard Architectures
	5.2. Five-Fold Cross-Validation Results on HYAMD
	5.2.1 Statistical Comparison with ConvNeXt-Small Across Five Folds

	5.3. Ablation Study
	5.3.1 Hyperparameter Sensitivity Analysis

	5.4. Generalization Across Multiple Datasets
	5.4.1. Results on MAK1_OCT
	5.4.2. Multi-Class Results on OCTDL
	5.4.3. Binary Classification on OCTDL_AMD
	5.4.4. OCT2017 Clean-Test Evaluation After MD5 Duplicate Removal
	5.4.5. External Fundus Validation and Cross-Dataset Experiments
	5.4.6. Explainability Analysis with Grad-CAM

	5.5. Computational Complexity and Runtime Analysis
	5.6. Overall Assessment

	6. Discussion
	7. Conclusions
	Abbreviations
	References

