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Diabetic retinopathy (DR) is a major cause of preventable blindness,
particularly in areas with limited medical resources where access to
ophthalmologists is critical. Existing automated solutions struggle to balance
clinical performance, cost-effectiveness, and robustness in the face of fundus
image variability—including lighting differences, artifacts, and uneven
capture quality. To address this challenge, we propose EdgeRetina, an
integrated solution for diabetic retinopathy screening on low-cost mobiles.
Our approach combines lightweight preprocessing (128x128 resizing,
intensity normalization, and targeted augmentations simulating real-world
conditions) with a hybrid SqueezeNet-MobileViT architecture (1.4 million
parameters), optimized by dynamic threshold calibration (median: 0.3),
maximizing clinical utility. Clinically calibrated INT8 quantization reduces
the model to 8.27 MB (-92%) without altering diagnostic performance
(sensitivity of 90.7%for referable diabetic retinopathies), while preserving
compatibility with floating point 32 (FP32)-based gradient-weighted class
activation mapping (Grad-CAM) visualizations. Evaluated on the APTOS
2019dataset, this solution achieves an AUC of 0.96 with a latency (inference
time) of 15.43 ms, reducing CPU consumption by 43% compared to FP32.
The dynamic threshold/INT8 coupling decreases false positives by 71.4%.
This pipeline thus enables accurate, accessible, and early screening of
diabetic retinopathy on low-cost mobile devices, combining operational
efficiency and diagnostic reliability in constrained environments, which is
crucial to prevent avoidable blindness.
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1. INTRODUCTION

Diabetic retinopathy (DR) is a devastating complication of diabetes, affecting more than 140 million
people worldwide and constituting the leading cause of preventable blindness in working-age adults. This
problem is particularly acute in resource-limited settings, where access to ophthalmologists is critical (<1
specialist per 1 million inhabitants in sub-Saharan Africa) and where 80% of diabetes-related blindness could
be prevented through early detection [1]. Also considered as a common complication of diabetes mellitus,
manifesting as retinal damage that can lead to vision loss. Late diagnosis of this condition can lead to
blindness, while early detection and treatment can significantly reduce the risk of irreversible vision damage.

Manual diagnosis of fundus images by ophthalmologists is often costly, time-consuming, and
demanding, unlike computer-aided diagnostic systems. In recent years, medical image analysis and
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classification have seen major advances thanks to deep learning. Among these approaches, convolutional
neural networks (CNNs) have emerged as the standard tools for medical image analysis, providing automated
feature extraction and classification capabilities.

As highlighted in [2], multimedia processing naturally integrates image processing as one of its
fundamental components. Their work demonstrates that deep learning techniques are now the preferred
approach for image processing in the multimedia field, enabling significant advances in image recognition,
semantic segmentation and image synthesis. This conceptual hierarchy - where deep learning is part of image
processing, itself a branch of multimedia processing - establishes the theoretical framework within which our
EdgeRetina approach for diabetic retinopathy screening is embedded.

Existing Al solutions suffer from two critical limitations: over-parameterized architectures (>10M
parameters) [3], [4] requiring complex pre-processing incompatible with mobile devices, and inappropriate
clinical trade-offs generating either excessive false positives (overdiagnosis) or dangerous false negatives
(under-detection of referable cases). To address this dual challenge, we propose EdgeRetina, an integrated
framework combining: a minimalist pre-processing (128x128 resizing, intensity normalization, targeted
augmentations simulating field constraints), a hybrid SqueezeNet-MobileViT architecture (1.4 million
parameters) combining local compression and contextual modeling, and a dynamic calibration of the decision
threshold (0.3) optimizing clinical utility via medically validated INT8 (8 bits integer) quantization [20].
Evaluated on the APTOS 2019 benchmark, our solution demonstrates exceptional performance (AUC=0.96,
latency=15.43 ms) with a sensitivity of 90.7% for referable DRs and a 71.4% reduction in false positives,
while enabling low-cost mobile deployment thanks to model compression to 8.27 MB (-92%), a 43%
reduction in CPU consumption, and the preservation of gradient-weighted class activation mapping (Grad-
CAM) explainable visualizations floating point 32 (FP32). This approach validates a new screening paradigm
accessible for constrained environments, paving the way for massive prevention campaigns.

Gaur et al. [5] proposed an automated method for detecting diabetic DR and classifying its different
stages from retinal images using a CNN, more precisely the DenseNet169 architecture. The model is trained
on the APTOS 2019 dataset containing approximately 13,000 fundus images annotated according to five
levels of DR severity (from 0: no DR to 4: proliferative DR). The images undergo preprocessing (resizing,
normalization, encoding) before feature extraction and classification via DenseNet169. The model achieves
an accuracy of 82% for classification into five classes, and 98% for binary detection (presence or absence of
DR), outperforming other methods such as classical CNN and XGBoost.

Sushith et al. [6] proposed a novel approach for the early detection of DR, designing a hybrid deep
learning model, called temporal aware hybrid deep learning (TAHDL), combining CNNs for spatial feature
extraction and recurrent neural networks (RNNs)—with attention mechanisms—to analyze temporal
dependencies between successive retinal images. This model leverages the temporal progression of the
disease to more accurately detect the early signs of DR. The use of advanced preprocessing techniques such
as color adaptive histogram equalization (CLAHE), normalization, and data augmentation helps improve
detection quality. The model was evaluated using public benchmark datasets, including DRIVE, Kaggle
Diabetic Retinopathy, and EyePACS, and demonstrated superior accuracy compared to conventional
approaches (CNN, VGGI19, InceptionV3, MobileNetV3, and ViT), achieving up to 97.5% accuracy on
DRIVE, 94.04% on Kaggle, and 96.9% on EyePACS.

Nandhini et al. [7] proposed a method for detecting diabetic retinopathy based on a model called
DiaNet model (DNM). During the preprocessing stage, a Gabor filter is used to enhance the visibility of
blood vessels in retinal images. This filter also contributes to texture analysis, object recognition, feature
extraction, and image compression. During the data augmentation stage, the input dimensions of the dataset
are reduced using principal component analysis (PCA), which reduces the number of features to be processed
without compromising model performance. An average accuracy of 90.02% was achieved.

Saproo et al. [8] proposed a deep learning binary classification system, based on transfer learning,
for early detection of DR on retinal images. It combines three robust databases (EyePACS, IDRiD, APTOS-
2019) annotated by ophthalmologists and applies preprocessing including denoising, normalization and data
augmentation to improve robustness. After evaluating 20 pre-trained networks (Serial, DAG, lightweight
categories) via comprehensive metrics (accuracy, sensitivity, and AUC-ROC), it demonstrates that the
ResNet101 (DAG) model achieves a good result.

Baskar et al. [9] showed that diabetic retinopathy, a prevalent ocular pathology affecting retinal
vessels in diabetics, affects approximately 3.9 million people worldwide, highlighting the urgent need for
early diagnosis for effective management. It demonstrates how deep learning, particularly transfer learning,
can classify the five stages of the disease (normal, mild, moderate, severe and proliferative) via AlexNet and
DenseNet-169 architectures trained on the APTOS2019 and diabetic retinopathy competition databases. After
fine-tuning on 20,163 images (9,000 normal, 2,808 mild, 6,287 moderate, 1,065 severe, 1,003 proliferative)
and validation on 2,017 images (900 normal, 281 mild, 629 moderate, 107 severe, 100 proliferative),
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DenseNet-169 proved superior, with F1-scores of 0.55 (normal), 0.38 (mild), 0.40 (moderate), 0.60 (severe),
and 0.69 (proliferative).

Kumar et al. [10] proposed an approach combining two advanced deep learning architectures:
InceptionV3 and ResNet50. The InceptionV3 model enables multi-scale feature extraction, making it
particularly effective at detecting both small lesions such as microaneurysms and large abnormalities.
ResNet50, for its part, facilitates the training of deep networks by avoiding the vanishing gradient problem
through skipping connections between layers. The results indicate that InceptionV3 achieves an accuracy of
95%, while ResNet50 achieves 94%, these metrics provide a comprehensive assessment of the models'
diagnostic capabilities across different performance dimensions.

Dasari et al. [11] focused on the automatic assessment of the severity of diabetic retinopathy using a
transfer learning approach. Specifically, a pre-trained and then fine-tuned ResNet50 model was applied to the
APTOS2019 dataset, taking into account challenges related to medical annotation and privacy constraints.
Tisha ef al. [12] proposed an optimized model for the accurate classification of retinal disorders, including
diabetic retinopathy-a common complication of diabetes mellitus that causes potentially blinding retinal
lesions in the absence of adequate screening and treatment. To this end, they developed an approach
combining deep learning and attention mechanisms.

Several pre-trained architectures (ResNetl152, EfficientNetB7, MobileNetV3Large) were evaluated
by the authors on a diverse dataset of retinal images. Their work demonstrates that the improved version of
ResNet152, incorporating a spatial attention module, achieves (accuracy: 87.65%, precision: 89.88%, recall:
90.69%, Fl-score: 88.58%). The authors highlight the competitiveness of their model through a comparative
analysis with previous work. Their research contributes to advances in the automated diagnosis of retinal
pathologies and could improve patient care as well as diagnostic accuracy in ophthalmology.

Matthew et al. [13] presented a system using machine learning was developed to classify diabetic
retinopathy using transfer learning, based on the EfficientNet-B0O model. This model was integrated into an
Android mobile application designed to enable healthcare professionals to perform a diagnosis using a simple
smartphone, a 20D lens, and a few basic medications, in areas lacking adequate medical infrastructure. The
results obtained show that the EfficientNet-B0 model achieves an accuracy of 91.85% for the classification of
the three disease categories: no DR, non-proliferative DR, and proliferative DR.

Zhao et al. [14] presents a review of methods for deploying deep learning on mobile devices,
highlighting their benefits in terms of data privacy and operational efficiency. It describes an optimization
pipeline combining model-oriented techniques (such as quantization) and hardware/software mechanisms.

Critical analysis: No previous work has combined dynamic thresholding, explainability, and INTS8
quantization for DR. existing solutions are over-parameterized, require complex pre-processing, and lack
appropriate clinical trade-offs. We now explicitly state that EdgeRetina addresses these gaps through the
innovative integration of lightweight hybrid architecture, dynamic threshold calibration, and INTS
quantification, specifically designed for low-cost mobile deployment.

2. METHOD

In this study, we propose EdgeRetina, a deep learning framework optimized for the detection of
referable diabetic retinopathy. The EdgeRetina framework integrates lightweight preprocessing, a hybrid
SqueezeNet-MobileViT architecture, dynamic threshold calibration, and INT8 quantization to enable real-
time diabetic retinopathy screening on low-cost mobile devices. Retinal images are extracted from the public
APTOS 2019 dataset [15]. The collected images undergo a minimalist preprocessing including resizing to
128x128 pixels, intensity normalization, and targeted augmentation (random horizontal flips and +10%
contrast variations) to enhance robustness to field conditions. The optimized images are then processed by an
innovative hybrid architecture combining SqueezeNet Fire modules (efficient local feature extraction) and a
MobileViT block (contextual modeling by attention mechanism on 16x16 patches). Downstream, a dynamic
calibration of the decision threshold (optimized to 0.3 via F1-score maximization) and a medically validated
INT8 quantization are applied to enable embedded deployment. The complete flow of the EdgeRetina
methodology is illustrated in Figure 1.

2.1. Dataset and model architecture

The dataset used is APTOS 2019 contains 3,662 retinal images annotated by ophthalmological
experts according to the ETDRS severity scale: Class 0: No diabetic retinopathy (DR), Class 1: Mild DR,
Class 2: Moderate DR, Class 3: Severe DR, Class 4: Proliferative DR.

To adapt to the clinical need for early detection of treatable cases, we perform a binary grouping of
classes: Conversion of the 5 stages of diabetic retinopathy (DR) into a binary problem: class 0: Healthy/mild
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stages (grades 0-1): without RD 2595 images and class 1: Moderate/severe/proliferative stages (grade 2-4)
with RD 1,067 images.

Input Retinal Image

Preprocessing Pipeline

Intensity Normalization
Resize 128x128 0,11 Data Augmentation

Hybrid Architecture

. MobileViT Block
Fire Module Fire Module 5
MaxPooling2D patch_size=16
squeeze=16, expand=64 squeeze=32, expand=128 X >4
3x3, stride=2 projection_dim=128
Modules 2 & 3 Modules 4 & 5

num_heads=4

Initial Conv2D
64 filters, 3x3, stride=2

MaxPooling2D
3x3, stride=2

Classification Head

Global Average Pooling
Dropout: 50%
Dense Layer + Sigmoid

Post-Processing &

Dynamic Threshold
Calibration 0.3-0.7

INT8 Quantization

Grad-CAM Visualization

Mobile Deployment
TensorFlow Lite

Hln

Figure 1. EdgeRetina architecture and system flow diagram

We propose an innovative EdgeRetina architecture (Figure 1) for medical image classification
combining the parametric efficiency of Fire modules with the global contextual modeling of transformers.
The network processes 128x128 retinal images through four Fire modules, progressively extracting
hierarchical features. A MobileViT block inserted after “fire5 concat’ processes 16%16 patches by multi-
head self-attention (4 heads, 128-dim projection). The transformer output is resampled by bilinear
upsampling and fused via a residual connection. A global average pooling and a dropout (50%) precede the
final classification layer.

— SqueezeNet [16] is used for its lightweight design via "Fire" modules (1x1 compression and 3x3
expansive convolutions).

— A MobileViT [17] block is integrated downstream to capture global dependencies using multi-head self-
attention on image patches (16x16 pixels).

— The output is dropout regularized (50%) before binary classification using a dense sigmoid layer.

squeezed = a(wy * x + b, ) where : wis a 1 X 1filter,o relu function €))
expandl = o(w, * squeezed + b,) we have convolution 1 x 1 2)
expand3 = o(ws * squeezed + b;)  we have convolution 3 X 3 3)
output = expandl @ expand3 here we have concatenation 4)
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The Fire module (squeezeNet) proceeds in three phases: as in (1) a 1x1 convolution layer
(“squeeze”) reduces the dimensionality of the features, followed by an expansion step (“Expand”) applying
1x1 and 3x3 convolutions in parallel to capture multi-scale features as in (2) and (3). The outputs of the two
branches are merged by concatenation (“concat”) as in (4).

P = extract_patches(X ,size = 16 X 16, stride = 16) where X is the image
Z=W,xP+b, %)

Here, P is matrix of extracted patches (16x16 pixels)

The MobileViT block starts with a 16x16 patch extraction decomposing the image into spatial units
as in (5). These patches undergo a linear projection into a latent space Z before being processed by a multi-
head attention mechanism capturing global dependencies. A spatial reconstruction by bilinear upsampling
then restores the original resolution, while a residual connection combines these transformed features with
the input features.

Tx=argmax F; (ytrue , ypredicted) where 1 is the threshold, F1: Flg.,, (6)
Vtrue =1iff(x) =t
Vtrue =0 else

Here, y_predicted is the probabilities predicted by the model and y_true is the true labels (ground truth).
Three optimization techniques were employed as shown in Table 1.

— Data augmentation, including random horizontal flipping and +£10% contrast variation.

— Class weighting with a weight of 3 for the minority class (RD) to correct for imbalance.

— Dynamic optimization of the classification threshold recalibrated at each epoch during training, where a
callback evaluates 50 thresholds (between 0.3 and 0.7) on the validation set and retains the value
maximizing the Fl-score as in (6). Although the optimal threshold varies between 0.3 and 0.69 across
epochs, the median value of 0.3 was retained for its clinical balance between sensitivity and specificity.

Table 1. Training parameters

Parameter Value Description
img_size (128, 128) Input image resolution

batch_size 32 Number of samples per gradient update

epochs 50 Number of training iterations
val split 0.15 Fraction of data reserved for validation

class_weights {0: 1.0, 1: 3.0} Weighting to handle class imbalance
optimizer.learning_rate le-3 Adam optimizer learning rate
augmentation.random_flip True Enable random horizontal flipping
augmentation.random_contrast 0.1 Contrast variation range (+10%)

The embedded deployment pipeline implements post-training INT8 quantization [18], [19], reducing
the model size. INT8 quantization, was applied using a four-step approach. The Keras model [18] was first
converted to TensorFlow Lite format [20] with standard optimizations enabled. Dynamic calibration was then
performed on 100 batches of validation images to fine-tune the quantization parameters. The process-
maintained compatibility with mobile processors thanks to support for standard and optimized TensorFlow
operators. Finally, automatic input and output conversion mechanisms were implemented to manage the
transition between numeric formats during inference.

The evaluation framework measures: i) Clinical performance via (AUC [21], Fl-score, precision
and recall) [22], [23] at the optimal threshold; ii) Explainability via Grad-CAM heatmaps [24] localizing
pathological regions; iii) ROC curves [25] and confusion matrices for FP32 (Keras) and INT8 (TensorFlow)
models; iv) Operational performance via latency and CPU utilization measured on an Intel Core i7-9750H
(6 cores, 2.6 GHz) system without hardware acceleration. Per-frame latency (defined as the interval between
the start of input data transfer and the completion of predictions) is quantified with microsecond precision via
time.perf _counter() and then normalized per batch. CPU utilization is calculated with the psutil library via
snapshots before/after each inference, with the final value representing the weighted arithmetic mean over the
full validation set (549 samples). Model size is measured using a standardized methodology: .keras file for
FP32 (tf.keras.models.save_model()) and .tflite file for INT8 post-quantization. This approach integrates all
the components necessary for deployment (architecture, weights, operational metadata) for a realistic
measurement of the memory footprint.
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Figure 2 implements the Grad-CAM method according to four key principles: i) exclusive use of the
FP32 model for interpretability, ii) targeting the fire5 concat layer (last convolutional output),
iii) computation of gradient-weighted activation maps, and iv) generation of clinically interpretable heatmaps
for DR detection. Systematic analysis confirms that activated regions correspond to relevant anatomical
structures (macula, retinal vessels) and characteristic lesions of diabetic retinopathy, without formal clinical
validation by ophthalmologists.

The architectural design of the EdgeRetina framework facilitates its deployment within robotic and
automated screening systems. This integration relies on a simplified, closed-loop workflow, transforming a
robotic platform into an autonomous diagnostic unit. The process begins with the acquisition of retinal images
via a robotic fundus camera. These images are then processed by the EdgeRetina pipeline for immediate
analysis. The classification results directly feed into the system's decision logic, triggering predefined robotic
actions. These actions can range from generating an alert for a specialist and providing feedback to the patient,
to autonomously initiating further imaging examinations. This end-to-end workflow leverages the model's
computational efficiency to enable actionable diagnoses in real time, at the patient's bedside.
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Figure 2. Grad cam workflow

3.  RESULTS AND DISCUSSION

The experimental results of EdgeRetina are presented on the APTOS 2019 validation set (n=549), with
a binary distribution: 57% healthy cases (313 samples) and 43% referable retinopathies (236 samples). The
comparative evaluation of the original FP32 model and its quantized version INT8 covers: i) clinical metrics
(AUC, Fl-score, precision, recall), ii) operational performance (size, latency, CPU), and iii) diagnostic
visualizations (confusion matrices, ROC curves, Grad-CAM maps). Table 2 summarizes these metrics.

Figure 3 titled "Roc curve KERAS MODEL FP32" presents the ROC curve of the model. The x-axis
represents the false positive rate while the y-axis represents the true positive rate. From Figure 3, it is
observed that the AUC = 0.94 shows an excellent discriminatory capacity. The interpretation indicates that
the model effectively distinguishes healthy cases from diseased cases (94% of accuracy).
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Table 2. Comparison table between FP32 and INT8 models

Metric FP32 INT8 Improvement
AUC 0.935 0.963 +3%
Score 0.826 0.899 +8.8%
Precision 0.717 0.892 +24,4%
Recall 0.975 0.907 -7% (*)
Size (Mo) 98.66 8.27 -91.6%
Latency (ms) 15.10 15.43 +2.2%
CPU% 37.7 21.5 -43%

(*) The high FP32 recall (97.5 %) reflects a bias towards false positives. INT8 quantization drastically reduces model size (- 91.6%)
while improving AUC and precision. The slight decrease in recall (-7%) is offset by a significant improvement in precision (+24.4%),
resulting in a higher F1-score (+8.8%). The 43% reduction in CPU usage is crucial for embedded device deployments. Compression
shows a 91.6% reduction in model size (from 98.66 MB to 8.27 MB), ideal for mobile devices. CPU usage is reduced by 43% (from
37.7% to 21.5%), essential for energy autonomy. Latency shows negligible variation (+0.33 ms), demonstrating that quantization does
not affect responsiveness.

The x-axis represents the false positive rate, while the y-axis represents the true positive rate. From
Figure 4, we see an AUC of 0.96 and a post-quantization improvement of +2.1%. The curve rises rapidly
towards the upper left corner, indicating excellent early performance in detecting true positives. At the optimal
point, for a false positive rate of 0.2, the true positive rate already reaches >0.9, meaning that with only 20%
misdiagnosis, the model detects more than 90% of true diabetic retinopathy cases. INT8 optimization improves
performance despite compression. In comparison, the INT8 curve dominates FP32 over the entire range,
showing the best sensitivity/specificity tradeoff. The convex shape of the curves indicates that the models
maintain a good balance between sensitivity (true positives) and specificity (false positives).
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According to Figure 5, there are 91 false positives (healthy patients wrongly diagnosed with diabetic
retinopathy). A strong point is the only 6 false negatives (6 cases of diabetic retinopathy not detected). This
indicates that the FP32 model prioritizes sensitivity over specificity, ensuring high detection of true
pathological cases. A bias is observed with a tendency to overdiagnoses diabetic retinopathy (extreme
sensitivity at the expense of specificity).

According to Figure 6, for cases without diabetic retinopathy, there are 287 true negatives and 26
false positives, giving a specificity of 91.7%. For cases with diabetic retinopathy, there are 214 true positives
and 22 false negatives, corresponding to a sensitivity of 90.7%. These results demonstrate a better balance
between sensitivity and specificity compared to the FP32 model. The accurate detection of healthy cases is
287 healthy patients correctly identified out of 309. False positives are reduced from 91 to 26 (-71%)
compared to the FP32 model. Accuracy increases from 71.7% to 89.2% compared to the FP32 model.
A moderate increase in false negatives (from 6 to 22) is observed, which is considered acceptable because it
is compensated by a more reliable detection of positive cases.

As conclusion EdgeRetina maintains a high sensitivity (90.7%) for screening referable diabetic
retinopathy while reducing false positives by 71% (from 91 to 26) compared to the FP32 reference model
thanks to the use of a dynamic threshold (0.3). Although this threshold results in a controlled increase in false
negatives (from 6 to 22) this strategy significantly improves diagnostic precision (+24.5%). This adjustable
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clinical compromise thus optimizes screening efficiency by limiting overdiagnosis while maintaining a
90.7% pathological case detection rate.

The analysis of the optimal classification ratio is based on 32 samples. This report corresponds to the
optimal threshold (0.30) identified during training on a validation subset of 32 samples. The distribution of
the subset is: 69% without diabetic retinopathy (22 samples) and 31% with diabetic retinopathy (10 samples).
The distribution of the subset is: 69% without diabetic retinopathy (22 samples) and 31% with diabetic
retinopathy (10 samples).

According to Table 3 and Figure 7, threshold optimization during training revealed a maximum
potential of F1=0.95 on a validation set (n=32), with precision=0.91 (minimizing false positives) and
recall=1.00 (no false negatives), for an overall accuracy of 97%. The model effectively targets at-risk patients
without unnecessary alerts. It achieves perfect precision (1.00) for the "No DR" category: no false positives.
The Fl-score exceeds 0.95 for both classes, indicating a well-balanced model. This performance
demonstrates the model's ability to accurately distinguish healthy and pathological cases while minimizing
classification errors.
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Table 3. Classification report of clinical validation

Precision Recall Fl-score Support
Without RD 1.00 0.95 0.98 22
With RD 091 1.00 0.95 10
Accuracy 0.97 32
Macro avg 0.95 0.98 0.96 32
Weighted avg 0.97 0.97 0.97 32
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Reel without RD

real class

Reel with RD
|
o
=

' i
Prediction without RD Prediction with RD

Predicted class

Figure 7. Confusion matrix of clinical validation
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Analysis of training metrics shows that the validation AUC reaches 0.986 as early as epoch 5 and
stabilizes at >0.95. The Fl-score converges towards 0.95+ after 20 epochs. A rapid convergence phase is
observed during the first 15 epochs, followed by a stabilization of the metrics after epoch 30. The model
demonstrates robustness to the choice of classification threshold (optimal between 0.3 and 0.7). It is more
accurate on small homogeneous batches, while performance normalizes over the full set with greater
variability.

The discrepancy between the optimal classification ratio (F1 = 0.95 on 32 samples) and the overall
results (F1 = 0.899) requires large-scale validation. Clinical robustness is confirmed when the model's
performance is similar to its homogeneous compositions by replication of results on 549 cases, analysis of
measurement data (AUC +3%, accuracy +24.5%), and reduction of false positives—the most dangerous error
in this step. The INT8 quantization approach narrowed this performance-potential gap: while maintaining a
clinically acceptable recall of 0.907, it increased precision to 0.892 (+24.5%) and F1-score to 0.899 (+8.8%)
on the full set. This demonstrates that optimization by quantization not only improves operational efficiency
(92% reduced size, -43% CPU), but also diagnostic robustness across diverse populations.

Grad-CAM is a technique used to visualize the areas of an image that most influenced the decision of
a CNN. It is often used in medicine to understand why a deep learning model detected pathology in an image.
Red/yellow areas indicate high activation and therefore make a strong contribution to the model's prediction,
while blue areas indicate low activation. Figure 8 shows a fundus image with marked activations in the center
and around the optic disc. Bright spots in the fundus could correspond to hard exudates or microaneurysms,
signs of diabetic retinopathy. The model focuses its attention on several pathological regions, which is
expected in an automated diagnosis. Figure 9 also shows a fundus with focus areas around the optic nerve
(bottom left) and peripheral areas, which could indicate that the model is looking for abnormalities in the
distribution of retinal vessels or more diffuse lesions. Figure 10 shows that the model focuses mainly on the
optic nerve (left), with the rest of the retina being very weakly activated, which could mean either the
absence of obvious pathological signs or that the classification relies on the optic nerve (e.g., to detect
glaucoma). The solution combines clinical excellence (AUC 0.96) and operational efficiency (8.27 MB,
-43% CPU), paving the way for real-time screening of diabetic retinopathy on smartphones.

Figure 8. grad cam0 Figure 9. Grad_caml

Figure 10. grad cam?2: visualizations based on the FP32 model

3.1. Discussion
EdgeRetina fundamentally distinguishes itself from the state of the art as shown in Table 4 by three
key innovations:
a. The introduction of the first dynamic threshold calibration system (0.3-0.7), combined with clinically
calibrated INT8 quantification, reducing false positives by 71% while maintaining a sensitivity >90%.
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b. A novel architectural hybridization (SqueezeNet-MobileVit) producing a model 12x more compact
(8.27 MB) than existing mobile solutions.
c. The first complete operational validation including latency (15.43 ms), CPU (21.5%), and explainability
(Grad-CAM) - metrics absent from previous studies.

Table 4. Comparison chart of EdgeRetina vs. state of the art

Criterion Our solution EdgeRetina Existing work representative Advantage/Innovation of
EdgeRetina
Architecture SqueezeNet + MobileViT ResNet/InceptionV3 (~ 40M param) [10] 10-16x parameter reduction
(1.4M parameters) — DenseNet169 (13M param) [5] Innovative ViT mobile
— TAHDL (CNN+RNN) [6], EfficientNetB3, integration
EfficientNetV2B1, RegNetX008,
RegNetX080, RegNetY006, RegNetY008 [4]
Pretreatment Minimalist (128x128 + — CLAHE [4] + Rol segmentation [6] Eliminates complex steps
normalization)
— Gabor filters [7], PCA [7], Gaussian filtering Suitable for low-cost mobile
[6] phones
Optimization Dynamic thresholding Not mentioned [4]-[6], [10] -71% false positives
(0.3) + calibrated INT8
Size model 8.27 MB (INT8 quantized)  Not addressed [4], [6], [10] 12-64x Compression, Realistic
mobile deployment
Clinical Sensitivity: 90,7% int8 AUC: 0.98 (ResNet152) [12] Focus recall (severe case
performance AUC: 0.96 (INTS) Precis: EfficacitéNetB3 85,1 % [4] detection)
F1:0.899 F1:0.886 (ResNet152) [12] Constrained balanced metrics
Acc: 94%, 95% [10],
Macro Fl-score: 0.65, acc:0.82 [5]
Precis: 94% Kaggle DR dataset [6]
CPU 21.5% (INTS) Not addressed [4]-[6], [10], [13] -43% compared to our
consumption FP32mode
Deployment Low-cost smartphones Servers/Cloud [8], not cited [4], [6], [10] Solution for vulnerable areas
target Specialized Hardware [12] Real-time detection (15ms)

Grad-CAM compatible
INT8/FP32

Not addressed [4]-[8], [10], [13] Clinically auditable

visualizations

Explainability

This study addresses the fundamental scientific question of how to deploy accurate, efficient, and
clinically viable Al-based diabetic retinopathy screening on low-cost mobile devices in resource-limited
settings. Our main finding demonstrates that a holistic approach—combining a lightweight hybrid
architecture (SqueezeNet-MobileViT), dynamic decision threshold calibration, and post-training INT8
quantification—achieves simultaneously high clinical performance (AUC=0.96, Sensitivity=90.7%) and
remarkable operational efficiency (8.27 MB model size, 43% reduction in CPU utilization). These findings
are supported by quantitative evidence from the APTOS 2019 dataset, including standard clinical and
operational metrics, as well as qualitative visualizations (Grad-CAM) comparing our FP32 and INT8 models.
The significance of these findings lies in establishing a practical blueprint for the development of edge-native
medical Al solutions, demonstrating that optimization guided by clinical needs can improve performance
while reducing the computational footprint. Importantly, the choice of the dynamic threshold (median 0.3)
represents a deliberate clinical trade-off, optimized for mass screening settings where reducing false positives
is crucial to avoid overloading healthcare systems.

Regarding real-world implementation challenges, our EdgeRetina solution is primarily designed for
mobile-based operation to overcome connectivity issues in resource-limited areas. However, it is important to
note that the pipeline could also be deployed as a hybrid or cloud-based system for centralized analysis if
internet infrastructure is available. The main challenge addressed concerns the trade-off inherent in
calibrating the decision threshold; our choice of a threshold of 0.3 prioritizes reducing false positives to avoid
healthcare system overload, while accepting a controlled increase in false negatives—a crucial consideration
for real-world screening programs. These characteristics are not only advantageous for mobile phones but are
also essential prerequisites for their integration into real-time robotic systems. The low inference latency
(15.43 ms) ensures that image analysis does not become a bottleneck in a dynamic robotic control process,
thus enabling immediate feedback and action. The significantly reduced CPU consumption allows the
diagnostic model to operate efficiently alongside other critical robotic processes, such as sensor data fusion
and motor control, without overloading the system's limited computing resources.

This holistic approach thus fills a critical gap for screening in precarious environments. It addresses
the dual challenge of clinical performance and operational constraints that limited previous solutions. The
integration of dynamic thresholding with quantification represents a new paradigm for mobile health
applications.
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4. CONCLUSION

EdgeRetina represents a breakthrough for diabetic retinopathy screening in resource-limited areas.
This solution integrates four complementary innovations: minimalist preprocessing preserving pathological
signs at low resolution (128%128), a hybrid SqueezeNet-MobileViT architecture allowing contextual
modeling with only 1.4 million parameters, dynamic calibration of the decision threshold optimized to 0.3,
and medically validated INT8 quantification. Results on the APTOS 2019 benchmark demonstrate clinical
excellence (AUC=0.96, sensitivity=90.7% for referable cases) coupled with a 71.4% reduction in false
positives compared to FP32 models. The embedded optimization is remarkable with a 92% compression
(8.27 MB), a 43% reduction in CPU consumption and a stable latency at 15.43 ms, allowing deployment on
low-cost mobile devices. Despite this drastic quantification, clinical interpretability is maintained thanks to
Grad-CAM activation maps, which accurately localize retinal lesions. Choosing a threshold of 0.3 represents
a deliberate clinical compromise: while it results in a controlled increase in false negatives (from 6 to 22), it
radically reduces overdiagnosis by prioritizing accuracy (89.2%)—an essential balance in settings where
access to specialists is critical. This performance, validated in 549 cases, paves the way for mass screening
campaigns in precarious environments. Future prospects include multicenter validation, adaptation to ultra-
low-power chips, and integration with telemedicine platforms, confirming that EdgeRetina transcends
technical constraints to offer a concrete response to the public health emergency of preventable diabetic
blindness. The framework sets a new standard for accessible Al-powered healthcare in resource-limited
environments. The demonstrated efficiency and speed also open a direct path for the deployment of
EdgeRetina in robotic screening systems and automated diagnostic kiosks, further expanding its potential to
prevent diabetic blindness in underserved populations.
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