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Abstract

Microaneurysm segmentation requires a solution based on automated processing to de-
tect Diabetic retinopathy early. Nevertheless, lots of pipelines based on deep learning work
with resized fundus images, in which compression can erase small lesions prior to the ex-
traction of features. Patch-level data leakage, and intra-domain overfitting may also result
in inflated reported performance, which is poor when subjected to the true distribution
shift encountered in the real world. Our solution is a patient-isolated segmentation scheme
that maintains the geometry of lesions by using a high-resolution micro- patching approach.
Rather than scaling the full images, the technique takes native resolution spatial crops of
the original fundus images. The encoder-decoder architecture with spatial and channel
attention mechanisms in a hybrid encoder-decoder is utilized to emphasis the rare vascular
abnormalities and suppress the background structures. Zero-leakage training is used, and
the cross-domain performance of the model is then evaluated on datasets that have vary-
ing demographics and resolutions with a zero-shot cross-domain evaluation. Findings have
shown that native resolution is more robust to a shift in distributions and is also consistent
in diagnostic sensitivity across unseen domains.

Keywords: Diabetic Retinopathy, Microaneurysm Segmentation, High-Resolution Micro-
Patching, Distribution Drift, Data Leakage, Attention Mechanisms, Zero-Shot Generaliza-
tion

1. Introduction

Diabetic Retinopathy (DR) is one of the major causes of avoidable blindness all over the
world Shankar et al. (2020). Presence of microaneurysms- microscopic vascular protrusions
in retina, which are indicators of weakened blood vessels is the first clinical biomarker of
DR. These lesions are very minute, they can be less than 10 pixels in diameter, in native
high-resolution fundus imagery. Therefore, automated and pixel-perfect segmentation of
these biological structures is essential in the triaging and preventive treatment of diabetic
patients at an early stage. Although modern Convolutional Neural Networks (CNNs) (espe-
cially encoder-decoder models) have demonstrated an enormous potential in medical image
segmentation Si et al. (2021), a critical assessment of the existing body of literature on
microaneurysms shows a systemic weakness in the methodology. It is not only that, first,
most state-of-the-art models of segmentation are limited by typical input dimensions (e.g.,
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512 x512 pixels) Mohanty et al. (2023). In order to address modern high-resolution fun-
dus scans, mathematical downsampling and interpolation is frequently used by researchers.
This harsh compression will inevitably result in the geometry of the microscopic lesions
being destroyed, essentially erasing the disease in the image before the feature extraction
can even take place in the network. Second, those papers that present an exceptionally
high segmentation metric, with often a mention of Intersection-over-Union (IoU) and Dice
metrics above 80 percent Al-Antary and Arafa (2021), are extremely vulnerable to patch-
level data leakage. Instead of learning the universal morphology of the disease, networks are
allowed to learn about domain-specific vascular structures and background tissue of partic-
ular eyes by randomly dividing extracted image patches Szumigraj and Kowalski (2025)
instead of identifying individual patients. Lastly, such artificially inflated models are sel-
dom evaluated out of domain. Consequently, they fail disastrously when applied in practice
in clinics with uncalibrated cameras and diverse populations with different levels of sensor
noise–a condition called distribution drift. To mitigate these fundamental gaps, the follow-
ing paper proposes a clinically realistic and zero-leakage framework aimed specifically at the
high-resolution micro-lesion segmentation. We give a solid foundation on the deployment of
medical AI in the real world by dropping metric inflation in favor of mathematical honesty
and cross-domain survival. To be specific to the target of rare vascular abnormalities, we
employ a hybrid encoder-decoder framework, based on a pre-trained ResNet34 backbone
and spatial and channel attention, to reduce the background noise. The key findings of the
present paper are as follows:

• Destruction of Resolution Elimination: We suggest a High-Resolution Micro-
Patching method that directly crops uncompressed, 128 x 128 spatial crops out of
uncompressed source 12.2 Megapixels with no data loss as compared to typical whole-
image resizing algorithms and without incurring the data loss that would occur in a
full-image bias against a patch.

• Strict zero-leakage Baseline: We define a very strict patient-isolated training
protocol. We ensure complete patient separation during the training and validation
phase, facilitating the exposure of the artificially bloated values of the literature and
give a mathematically clean baseline of microaneurysm localization.

• Quantification of Cross-Domain Survival: We do a comprehensive zero-shot test
across various demographics of the world and camera resolution (India, China, and
Europe). We prove that our imitation is resistant to catastrophic distribution drift,
so the diagnostic sensitivity of our framework remains constant on the completely
unseen foreign hospital data in the extreme degradation case.

2. Related Work

The proposed study by Mohanty et al. (2023) examines Deep Learning (DL) structures
on Diabetic Retinopathy (DR) detection and classification based on the imbalanced AP-
TOS 2019 Kaggle Dataset. The authors used two models: a hybrid network comprising
VGG16 (feature detector) and XGBoost (classifier), and the DenseNet 121 network. More
importantly, dataset balancing methods and preprocessing of images (resizing to 224x224,
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Gaussian blur, Ben Graham cropping) were used. The findings have revealed that the
DenseNet 121 model was able to attain a better precision of 97.30, which is much higher
than that of the hybrid model, whose accuracy was 79.50. The results validate the possibil-
ity of DL and specifically, DenseNet 121, to perform effective and accurate early diagnosis
of DR. The research is also limited to one publicly available dataset, and it is impossible to
say that the results will apply to other retinal-image datasets. The authors understand that
the system is not fully prepared to be used in clinical settings, and thus, they recommend
future research on real-time applications and a larger-scale validation.

A paper by Alahmadi (2022) presents the Texture Attention Network (TAN) to classify
Diabetic Retinopathy (DR) to address the limitations of current deep learning models that
do not have attention mechanisms to encode semantic dependency. The suggested algorithm
splits the space of representations into texture and semantic features. An attention module
operating on the style representation employs a high-pass filter of the style representation,
whereas a spatial normalization module identifies informative areas in the content repre-
sentation. These characteristics are combined and then decoded to grade and be classified
as healthy or non-healthy. Tests on the APTOS Kaggle data revealed a big boost in the
results of the tests, with 85% accuracy. The exclusion of the attention modules reduced
the kappa coefficient by 8.9, which validated the effect of the style/content decomposition
and attention mechanisms. The model, however, does not include data augmentation and
transfer learning, and this could limit robustness and generalization, especially on small
or heterogeneous datasets. Also, the overlap between the high-grade DR classes and the
additional computational cost of attention modules might undermine classification quality
and the low-resource implementation.

The difficult issue addressed by Zhang et al. (2025) is the detection of small, distant
lesions located in the retina (i.e., micro-aneurysms), which most CNNs and Transformers
overlook due to the extreme subtlety of the lesions. They first process the patches with
a Saliency Perception Block to identify patches most likely including lesions, and then
process them with a Pixel2LesionNode module to add Laplacian-based pixel characteristics
to retain fine-grained detail. Each lesion pixel is connected to the nearest pixel in each of
four quadrants using the minimum Manhattan distance, which creates a fully connected
but sparse graph. A mixed pooling step (edge-cut + node-cluster) is used to find the global
patterns of distribution of the lesions without any loss of hierarchical information. The
algorithm was tested on three fundus datasets ( EyePACS, RFMiD, and a private hospital
set ) and achieved the highest scores, e.g., 98.1 percent AUROC on EyePACS and at least a
1.5 percent Kappa improvement over all of the baselines. The image-graph block is a plug-
and-play add-on and increases the performance of other backbones by approximately 0.8
Kappa. The SIGraph is, however, only proven on fundus images and requires substantial
training; therefore, its speed and applicability in the general domain in general may be
limited.

Zhao et al. (2020) propose a new deep learning-based Diabetic Retinopathy (DR) grading
system named SEA-Net that is capable of robust multi-severity retinal image grading based
on retinal images that considers the challenge of capturing subtle inter-class variations.
SEA-Net combines a Residual Neural Network (ResNet-50) backbone with an Attention
Net to refine the spatial features with a Squeeze-and-Excitation (SE) block to recalibrate
the channels. The best structure is one in which the SE block is in position (D). Moreover, a
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hybrid loss that combines the weighted cross-entropy loss (to prevent the imbalance between
classes) and the center loss (to maximize the distance between the classes) is suggested.
SEA-Net has been demonstrated to be more effective than the baseline methods, such
as BiRA-Net and AT-SE-Net, with experimental results revealing an ACA of 0.5994 and
Marco-F1 of 0.6047 (l=0.1).

The article, by Liang et al. (2024) , presents the Nonproliferative Diabetic Retinopathy
Dataset (NDRD), which included 77 high-quality, pixel-level labeled fundus color images
specifically targeting small, scattered hard exudative lesions in early nonproliferative DR.
The images were taken with the aid of the Optos Panoramic 200 scanning laser ophthal-
moscope, which has a broader view compared to the conventional cameras, and the reason
is that they help overcome the limitations of the public datasets, where the clustering of
exudates was mostly at the late stages. NDRD The deep learning models have been as-
sessed on NDRD with a custom evaluation metric of percolation connectivity. It can be
concluded that these small hard exudative lesions are more difficult to segment than large
ones, and more specific datasets, such as NDRD, are required to apply clinical deep learning
successfully.

The Multi-Scale Attention Network (MSA-Net) suggested by Al-Antary and Arafa
(2021) is an implementation to overcome the drawbacks of the conventional Convolutional
Neural Networks (CNNs) to identify sparse diabetic retinopathy (DR) lesions in very large
retinal backgrounds dominated by normal retinas. The authors recognized that high-level
representations do not pay much attention to local anomalies and created a framework to
combine a multi-scale attention mechanism over a ResNet encoder. This architecture uti-
lizes Atrous convolution to extract the multi-level features and produce attention maps to
explicitly mark the informative areas of the lesion, whilst masking the non-informative ar-
eas. More importantly, for hierarchical structures, the authors adopted a multi-task learning
approach that has an auxiliary goal of classifying images as either healthy or non-healthy.
Assessed on the APTOS and EyePACS datasets with preprocessing of Ben Graham, MSA-
Net had a Kappa score of 0.896 and 0.878, respectively, and was better than baselines such
as Inception-V3. The model most importantly achieved a 98.1 per cent accuracy rate on the
auxiliary binary classification task, which is a good empirical endorsement of the usefulness
of a scout classification phase to safely sieve healthy samples before running computationally
intensive segmentation.

Shankar et al. (2020) met the problem of a critical clinical issue, Diabetic Retinopathy
(DR), diagnosis, noting the need to categorize the stages of severity to avoid visual loss,
which is complicated by the manual complexity of the task of hyperparameter tuning in
Deep Learning (DL) models. To address this difference, they suggested the automated
Hyperparameter Tuning Inception-v4 model, also known as HPTI-v4, which is a complex
cascaded architecture model that is reliable at classifying DR. The methodology begins by
processing the images with Contrast Limited Adaptive Histogram Equalization (CLAHE)
and histogram-based segmentation to isolate the relevant areas, including microaneurysms,
which are the important clinical features. Its basic idea is to use Bayesian optimization
to effectively and automatically tune the Inception-v4 feature extractor, and hence opti-
mize model performance, and then perform final classification with a Multilayer Percep-
tron (MLP). The HPTI-v4 approach was tested on the MESSIDOR dataset and showed
supremacy over the existing methods due to the use of informed hyperparameter selection
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to attain higher classification metrics. The systematic multi-stage methodology used in the
study, with both preprocessing (CLAHE) and segmentation components, offers a highly
applicable architectural basis, as well as valuable foundational sources in segmentation-
oriented studies.

Si et al. (2021) overcome the severe restriction of Fully Convolutional Networks (FCNs)
in the formation of long-range interactions, which is what is required to accurately label
hard exudates (HE) and highlight retinal tissues in Diabetic Retinopathy (DR) images.
They proposed a better encoder-decoder architecture, which is structurally the same as
the U-Net, controlled by a strategically placed dual attention mechanism to create the
overall global context. This new model makes use of a Position Attention Module in the
encoder to learn position-sensitive global correlations and a Channel Attention Module in
the decoder to train semantic dependencies between each other and, in this way, exploits
the contextual information of the entire image to enhance the accuracy of segmentation.
In addition, the investigation was able to address the fundamental issue of extreme class
imbalance in HE segmentation, in which lesions occupy a few pixels, by creating a Dice Cross
Entropy Loss term and selectively preventing non-lesion patches. This methodological focus
on incorporating the global context through attention and effectively addressing the data
imbalance is very applicable, providing a good architectural framework that the proposed
Expert U-Net component could adopt in the microaneurysm segmentation model.

The paramount problem that Szumigraj and Kowalski (2025) made an effort to explicitly
tackle was the strong necessity to clearly distinguish Grade 0 (no DR) and Grade 1 (mild
DR), which, in turn, can only be defined by the presence of microaneurysms (MAs). Their
work does not follow the traditional image-classification paradigm and instead suggests the
MA semantic segmentation method on the basis of a transformer model (SegFormer) as
the primary diagnostic engine, therefore providing more justification for the decision. The
cascade mode of operation used in the methodology is through image quality analysis and
CLAHE preprocessing. In order to better detect small MAs, the architecture uses the
sliding window prediction strategy on image patches, which is effective in addressing the
small-object problem and reducing the lesion-to-image area ratio. Another significant addi-
tion is the two-stage object-wise confidence thresholding post-processing algorithm, which
is intentionally created to decrease the false positive detection by statistically evaluating in-
dividual MA candidates. The model, trained on a mixed, heterogeneous dataset and tested
on external sets in order to guarantee generalization, scored F1-score of 0.87 when it comes
to early detection of DR. This is a very useful framework, giving a decision on the segmen-
tation of the lesion by counting the number of lesions, thus with the framework offering an
architectural design of the proposed two-stage arbitration MA segmentation system.

R. et al. (2022) emphasized the accuracy and reliability of automated multi-class Dia-
betic Retinopathy (DR) grading with references to the shortcomings of the strength of single
deep learning models as a clinical application. The main contribution they make is to create
a Hybrid Deep Convolutional Neural Network (HDCNN) that uses the method of feature
fusion to increase generalization. The methodology initially uses the usual preprocessing,
especially Contrast Limited Adaptive Histogram Equalization (CLAHE), in order to fix the
illumination and maximize the contrast. The essence of the HDCNN is to generate features
based on various strong pre-trained CNNs (e.g., InceptionV3 and ResNet50), and pool them
into a fused feature representation that is used to perform the final classification with the
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help of a common dense layer. The HDCNN demonstrated a high accuracy of 96.1% on the
five-stage grading task on the APTOS 2019 dataset, which is much greater than the perfor-
mance of single models. This methodology will directly solve the problem of performance
heterogeneity, proving that the combination of features of specialized networks results in
a more universal and effective diagnostic tool. The feature fusion principle of HDCNN is
also of great significance to the study, implying that there might be a way of integrating
the results of the Scout Classification phase and the Expert U-Net Architectures into the
suggested cascaded architecture effectively.

Table 1: Summary of related works in diabetic retinopathy (DR) and lesion detection.

Papers Main Focus Method Datasets Results Limitations

Mohanty et al.
(2023)

DR detection & clas-
sification with imbal-
anced data

VGG16 + XGBoost
(hybrid), DenseNet-
121

APTOS 2019 DenseNet-121: 97.3%
precision, Hybrid:
79.5%

Single dataset, not
clinically validated

Alahmadi (2022) Improve DR classifica-
tion via attention

Texture Attention
Network (TAN) with
style/content attention

APTOS Kaggle 85% accuracy, Kappa
drops 8.9 without at-
tention

No augmentation,
no transfer learning,
high computation

Zhang et al.
(2025)

Detect very small
retinal lesions (microa-
neurysms)

SIGraph (CNN +
graph-based lesion
modeling)

EyePACS,
RFMiD, Private

98.1% AUROC, +1.5%
Kappa

High training cost,
fundus-only valida-
tion

Zhao et al. (2020) Robust multi-severity
DR grading

SEA-Net (ResNet-50 +
Attention + SE blocks)

Not explicitly
stated

ACA 0.5994, Macro-F1
0.6047

Moderate perfor-
mance, complex
architecture

Liang et al. (2024) Dataset for early
NPDR hard exudates

NDRD dataset + cus-
tom evaluation

NDRD (77 im-
ages)

Small lesions are
harder to segment

Small dataset size

Al-Antary and
Arafa (2021)

Sparse lesion detection
in large backgrounds

MSA-Net (ResNet +
multi-scale attention +
multitask)

APTOS, Eye-
PACS

Kappa 0.896 / 0.878,
Binary acc 98.1%

Computational cost

Shankar et al.
(2020)

Automated DR sever-
ity classification

HPTI-v4 (Inception-v4
+ Bayesian optimiza-
tion)

MESSIDOR Outperformed base-
lines

Complex multi-
stage pipeline

Si et al. (2021) Hard exudate segmen-
tation with global con-
text

Dual-Attention U-Net
(Position + Channel
Attention)

Not specified Improved HE segmen-
tation

Focused only on HE

Szumigraj and
Kowalski (2025)

Early DR (Grade 0 vs
1) via MA detection

SegFormer-based MA
segmentation + post-
processing

Mixed + exter-
nal datasets

F1-score 0.87 Patch-based infer-
ence is slow

R. et al. (2022) Reliable multi-class
DR grading

HDCNN (feature fu-
sion of CNNs)

APTOS 2019 96.1% accuracy Higher model com-
plexity

3. Methodology

We suggest a patient-isolated framework with high-fidelity to defeat the two challenges of
data destruction during resolutions and patch-level data leakage. This architecture is made
to work on uncompressed spatial crops and is based on a hybrid attention-guided network
to isolate microscopic vascular lesions.

3.1. Source Domain Selection and Preprocessing

In order to create a strong feature-extraction base, the Indian Diabetic Retinopathy Image
Dataset (IDRiD) Porwal et al. (2018) was chosen as the sole source domain in which the
model was trained. Native high-resolution fundus images (4288 x 2848 pixels, or about 12.2
Megapixels) accompanied by pixel-wise annotation masks, which are verified by experts are
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offered by IDRiD. It is important to use IDRiD as the area of training; the 12.2 Megapixel
resolution maintains the exact morphological geometry of microaneurysms which is often
less than 10 pixels. Images were preprocessed deterministically before spatial extraction
to provide images that had better vascular contrast without affecting structural geometry.
Since the retinal vasculature is concentrated to the green spectrum in the light absorption
spectrum, the green color channel was selected out of the RGB image. Adaptive Histogram
Equalization (CLAHE) was then used, where the clip limit was set to 2.0 and the grid size
was set to 8x8 to equalize illumination variances in order to reduce the shadowing effect
typical of raw fundus photography.

3.2. Zero-Leakage Patient Isolation

One ubiquitous methodological weakness of medical image segmentation literature is the
random partitioning of extracted patches into a training set and a testing set. This always
leads to a leakage of patch level information, where the overlapping or adjacent spatial
crops of one eye of a patient occur in one split of the eye and in the other split. In order
to ensure a mathematically honest baseline, our structure will impose strict patient level
isolation before any data extraction can be made. The 54 validated scans of the patients
were divided into a training cohort (N=43) and a validation cohort (N=11). The network is
thus tested on biological geometries and background tissue distributions upon which it has
never previously been exposed and thus tries to simulate a realistic clinical implementation.

3.3. High-Resolution Micro-Patching and Class Balancing

Normal convolutional networks often assume fixed input sizes (i.e., of size 512 512). The
mathematical erasure of microscopic pathology in an image is accomplished by downsam-
pling a 12.2 Megapixel image to comply with this constraint. In order to avoid this reso-
lution destruction we use a High-Resolution Micro-Patching (Smart Tiling) approach. The
preprocessed images were in the form of the native images without any compression, and
using a sliding window technique, with a spatial dimension of 128 128 pixels and a stride
size of 64 pixels, the overlapping patches were extracted directly out of the original images.
This will ensure that the network examines the real biological scale of the lesions 1:1. But
micro-patching creates an extreme disparity in class, with the huge majority of the crop
of 128 x 128 being healthy background tissue. To ensure that gradient descent was steady
during training, we used a dynamic discard policy. All patches that had disease pixels
(patches with > 0 pixels were retained) but 90 percent of pure background patches were
probabilistically removed. It is also critical that the remaining 10 percent of the healthy
patches is retained because this compels the network to acquire the morphological features
of normal retinal appearance (e.g. optic disc and normal vasculature) without hallucinating
false positives.

3.4. Hybrid Attention Architecture

The segmentation engine involves the use of Hybrid Encoder-Decoder network that is meant
to be efficient in feature extraction and at the same time maintain spatial granularity.
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• Encoder (Feature Extraction): A ResNet34 backbone was used in the place of
the standard U-Net contracting path, and pre-trained ImageNet weights were used.
This enables the network to exploit the deep and residual transfer learning to detect
edges and texture fundamentally, faster converging on the densely localized medical
data.

• Decoder (Spatial Reconstruction): The expanding path reconstruction recon-
structs the spatial resolution in order to create pixel-wise prediction mask.

• Attention Mechanism: To cover the microscopic level of the target pathology,
the decoder was incorporated with Spatial and Channel Squeeze & Excitation (scSE)
attention blocks. Channel attention mechanism balances the weights of the individual
feature maps (with a focus on vascular contrast) and spatial attention mechanism
removes inappropriate background noise, which explicitly requires network to attend
to the sparse micro-lesions.

3.5. Hybrid Loss Formulation and Optimization

The extremely high morphological sparsity of microaneurysms requires normal Binary Cross-
Entropy (BCE) loss; the network is able to artificially minimize its loss by merely guessing
the whole image to be background. In order to bias the model to pay attention to sparse
foreground pixels, we developed a Balanced Hybrid Loss function which is a Dice Loss mixed
with Focal Loss (weighted by 50/50):

LHybrid = 0.5× LDice + 0.5× LFocal (1)

The Dice coefficient is a universal measure of a global optimization objective of spatial
overlap, whereas the Focal Loss (alpha = 0.85, gamma = 2.0) is an asymmetric cost, that
is, the network tends to encounter higher losses on false negatives on rare disease pixels.
AdamW optimizer was used to optimize the model with the Automatic Mixed Precision
(AMP) option so that batch processing of 128x128 images could be performed efficiently
with the learning rate of =0.001. The training was controlled through a ReduceLROn-
Plateau scheduler and ended through Early Stopping through convergence of validation
Dice score to avoid overfitting to the source domain.

4. Experiments and Results

We performed an intensive quantitative and qualitative analysis to prove the clinical sound-
ness and generalizability of the suggested framework. This model was also trained on the
native 12.2 Megapixels source domain (IDRiD) only and then the model was used to perform
a zero-shot inference on two unknown global datasets.

4.1. Experimental Setup and Evaluation Metrics

The architecture was executed with PyTorch and trained on one NVIDIA T4 graphic card
with Automatic Mixed Precision (AMP). The same 128128 sliding window mechanism with
stride of 64 pixels was used to make an inference to make full-resolution prediction maps.
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Figure 1: Overview of the High-Resolution Micro-Patching Framework, illustrating the
transition from native 12.2 MP scans to spatial crops processed by the hybrid scSE attention
architecture.
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The raw probability heatmaps were subjected to a normal binary binarization threshold
of 0.50. Four conventional spatial overlap and diagnostic measures were used to quantify
performance including Intersection over Union (IoU), Dice Similarity Coefficient (F1-Score),
Precision (Positive Predictive Value) and Recall (Sensitivity).

4.2. The Zero-Leakage Baseline (Source Domain: IDRiD)

The model was initially evaluated on the isolated IDRiD validation cohort (N = 11), rep-
resenting patients completely unseen during the training phase. As detailed in Table 1, the
framework achieved a Precision of 48.46%, a Recall of 45.40%, and a Dice Score of 46.88%.

While contemporary diabetic retinopathy literature frequently reports performance met-
rics exceeding 90% Mohanty et al. (2023); Al-Antary and Arafa (2021), it is critical to ad-
dress the systemic metric inflation prevalent in these benchmarks. First, high-90% metrics
are predominantly achieved in image-level classification or global grading tasks (e.g., binary
detection of disease presence) rather than the pixel-perfect segmentation of individual mi-
croscopic lesions. Second, when segmentation studies do report Dice scores exceeding 85%,
they are heavily inflated by patch-level data leakage—randomly splitting image patches
rather than isolating unique patients, thereby allowing the network to artificially memorize
the domain-specific vascular structures of a leaked eye.

By enforcing strict patient isolation, our 46.88% Dice score represents a mathematically
honest, zero-leakage benchmark. To understand why this score reflects highly robust clinical
localization, one must examine the mathematical behavior of the Dice Similarity Coefficient
(F1-Score) on microscopic objects. The Dice score is calculated as

2|X ∩ Y |
|X|+ |Y |

(2)

Microaneurysms frequently span an area of just 5 × 5 pixels (25 pixels total) within a
12.2 Megapixel scan. If an AI model correctly localizes the exact center of this lesion but
predicts a slightly larger 7×7 bounding area (49 pixels), the intersection remains 25 pixels.
Despite successfully finding the disease, the mathematical Dice score drops to 0.67. If the
prediction is shifted spatially by just two pixels, the intersection drops to 15 pixels, yielding
a Dice score of 0.40 (40%).

Therefore, a 46.88% Dice score on a 5-pixel object does not indicate a failure to find the
lesion; rather, it mathematically proves that the AI is successfully localizing the extremely
sparse microaneurysms within a clinically actionable margin of error, heavily penalized by
minor boundary deviations. Qualitative visualizations (Figure 2) confirm this precision,
demonstrating that the AI successfully ignores the optic disc and major vasculature, map-
ping its predictions cleanly to the microscopic lesions without relying on the intra-domain
memorization that characterizes overfitted 90%+ models.
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Figure 2: Qualitative microaneurysm segmentation results from the zero-leakage IDRiD val-
idation cohort. The panels display (from left to right) the original native-resolution fundus
scan, the raw AI probability heatmap, and the final prediction overlay with successfully lo-
calized microaneurysms highlighted in red. These visualizations demonstrate the network’s
ability to precisely target minute vascular lesions while successfully ignoring major healthy
retinal structures, such as the optic disc and primary vasculature.

4.3. Zero-Shot Cross-Continental Evaluation

In order to measure the resilience of the framework to Distribution Drift, the frozen model
(trained only on the Indian demographics at 12.2 MP) was tested on two foreign domains:
the DDR dataset Li et al. (2019)(China, 3.5 MP) and the e-ophtha dataset Decencière et al.
(2013) (Europe, 2.7 MP). The model was not fine-tuned or even exposed to the sensor noise
or lighting conditions of such hospitals.

(a)

(b)

Figure 3: Sample images from DDR and E-optha datasets
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As it was indicated in Table 1, the framework had shown unprecedented cross-domain
survival. Whereas Precision inherently dropped on all the foreign datasets (33.68% on
DDR, 21.50% on e-ophtha) as a consequence of uncalibrated camera noise resulting in false
positives, Diagnostic Sensitivity (Recall) did not change significantly. The model got a
39.42% Recall on the Chinese dataset and in fact got a better 47.30% Recall on the dark
and highly degraded European dataset.

Dataset (Domain) Resolution Precision Recall (Sens.) Dice (F1) IoU

IDRiD (India) 12.2 MP 48.46% 45.40% 46.88% 30.61%
DDR (China) 3.5 MP 33.68% 39.42% 36.32% 22.19%
e-ophtha (Europe) 2.7 MP 21.50% 47.30% 29.56% 17.34%

Table 2: Cross-domain evaluation results of the proposed model on different datasets.

The effectiveness of the High-Resolution Micro-Patching strategy is mathematically
demonstrated at such extreme resolution variance (12.2 MP down to 2.7 MP) and demon-
strated by the stability of the Recall metric. The architecture was able to acquire the uni-
versal biological geometry of diabetic pathology by training the network on uncompressed
spatial crops. The model failed not when subjected to degraded foreign domains, but in-
stead, it was able to penetrate the sensor noise to achieve very high diagnostic sensitivity
with high level of stability.

Figure 4: Cross-domain performance comparison of the zero-leakage baseline across three
continents.
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5. Limitations and Future Directions

Despite the fact that the proposed high-resolution micro-patching framework has been suc-
cessful in maintaining the biological geometry and in exhibiting impressive cross-domain
sensitivity, it is not without limitations. First, the zero-shot analysis on out-of-domain
datasets (DDR and e-ophtha) showed a drastic reduction in Precision (down to 33.68% and
21.50%, respectively). The high-fidelity IDRiD domain, which the model was trained on,
naturally caused a high rate of false-positive predictions. As it is essential to maximize
Recall in clinical triage to make sure that early-stage disease is not missed, a high false-
positive rate presents the risk of alert fatigue in reviewing ophthalmologists. Second, there
is no trivial computation burden of the sliding window inference mechanism. To process
an image with a native 12.2 Megapixels and use a window size of 128 x 128 pixels and a
stride of 64 pixels, thousands of patches per patient would need to be evaluated. Although
this can be implemented on a single modern graphics card (such as NVIDIA T4), this lim-
its its use on edge devices or in low-resource clinical settings that do not have dedicated
hardware accelerators. Finally, a basic drawback is the lack of pixel-level annotated data.
Although there are large, continent-scale datasets of Diabetic Retinopathy, the vast ma-
jority are curated specifically to Diabetic Retinopathy image-level classification or global
disease grading. Delimiting 5-pixel microaneurysms in thousands of high-resolution images
is prohibitively expensive and time-consuming to medical professionals. Thus, the qual-
ity of segmentation datasets such as IDRiD are still statistically small (N = 54), limiting
the exposure of the network to anatomical variance around the globe, and exacerbating
its susceptibility to distribution drift. More importantly, there is a certain deficiency of
high-resolution, pixel-level annotated microaneurysm datasets that represent African de-
mographics. The future curation of, and benchmarking on, African retinal datasets is a
crucial next step in this research in ensuring equitable and globally robust clinical tools.
In future work, it will be possible to overcome these constraints, in particular, by using
Unsupervised Domain Adaptation (UDA) and weakly-supervised learning paradigms. In
particular, UDA will be used to directly reduce the number of false positives, as well as
enhance out-of-domain Precision on degraded scans. With the help of generative style-
transfer algorithms, the framework can align the distributions of latent features of noisy
target domains, with those of the clean source domain without the need of additional pixel-
level labels. Also, less-supervised techniques might also permit the model to exploit the
huge repositories of globally-graded unsegmented fundus scans and refine its own strong
diagnostic Recall.

6. Conclusion

We have identified fundamental methodological weaknesses of modern microaneurysm seg-
mentation in this study: structural loss of microscopic pathology through downsampling
of whole images and artificial trajectory of evaluation through leakage of patch-level in-
formation. To address such problems, we proposed an approach of zero-leakage and high-
resolution micro-patching. Our hybrid ResNet34-UNet architecture, with our additions of
parallel spatial and channel attention mechanisms, is able to maintain and isolate the pre-
cise biological structure of early-stage diabetic lesions by extracting uncompressed spatial
crops, directly out of native source imagery with 12.2 Megapixels, without the need for a
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specialized optical microscope. Our implementation of patient-level isolation allowed to pro-
vide a mathematically honest baseline of microaneurysm localization on the IDRiD dataset
with 46.88% Dice score and 45.40% Sensitivity. Although this is numerically smaller than
heavily leaked models found in the existing literature, the metric is a good representation
of the actual spatial localization possible of vascular abnormalities smaller than 10 pixels,
and this is completely free of intra-domain memorization. More importantly, our zero-shot
cross-continental test on the DDR (China) and e-ophtha (Europe) datasets measured the
shift towards distribution drift in the framework. Although the model had extremely low
resolution degradation and uncalibrated sensor noise, diagnostic sensitivity was highly sta-
ble (39.42% and 47.30% respectively), and fine-tuning (domain-specific) was not required
at all. The results demonstrate that native resolution is necessary to enable the network to
learn universal disease morphology as opposed to overfitting to camera hardware. Conclu-
sively, this study reveals the perils of metric inflation in medical imaging and offers a solid,
clinically secure framework of creating powerful diagnostic instruments that could be used
worldwide.

Data Availability Statement

The datasets analyzed during this study are publicly available to ensure reproducibility and
adhere to FAIR data principles.

• IDRiD (India): The Indian Diabetic Retinopathy Image Dataset is publicly avail-
able via the IEEE Dataport repository Porwal et al. (2018). It can also be accessed
at https://ieee-dataport.org/open-access/indian-diabetic-retinopathy-i
mage-dataset-idrid.

• DDR (China): The DDR dataset is available through its original publishers Li et al.
(2019), and can be accessed at https://github.com/nkicsl/DDR-dataset.

• e-ophtha (Europe): The e-ophtha dataset is available through its original publishers
Decencière et al. (2013), and can be accessed at https://www.adcis.net/en/third
-party/e-ophtha/.
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