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Problem :
Accurate early detection of retinal diseases from OCT scans remains challenging due to

dependence on expert ophthalmologists, high computational requirements, and limited
accessibility in resource-constrained regions.

Motivation:

* To enable rapid and accurate early screening of retinal diseases for timely
treatment and prevention of vision loss.

* To develop a lightweight and accessible Al-based diagnostic system that reduces
dependence on expensive clinical infrastructure and expert ophthalmologists.
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* Develop lightweight retinal
disease detection framework

* Use Edge-Al optimized
architecture

e Compare multiple YOLO versions

* Improve performance using SE
attention

* Deploy on Android smartphone
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* 998 original

Images

 Augmented to

2,934 images

Augmentation:
rotation, flipping,

Intensity variation

Warning Amber
arrow

Visualizing the Invisible Pathology

The Kermany dataset (2,934 augmented samples) focuses on these
four clinically significant categories.

CNV [Choroidal Neovascularization)

Drusen

DME (Diabetic Macular Edema)
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Input image Model Zoo

 Dataset Preparation & Preprocessing: resizing, annotation,

.
- {YOLOUIZ] [YOLO\!].‘I.} {YOLO‘UIUJ
normalization, and augmentation I Preprocessing

* Model Benchmarking & Selection: Evaluated multiple YOLO

architectures (YOLOv8-YOLOv12) based on accuracy, recall, ExYOLO

Y
i ici i Y;ﬁmﬂrﬁf Modification Baseline chasen
mAP, and computational efficiency, selecting YOLOv8n as eoton el o

the optimal baseline.
[ Detected output

* Proposed Ex-YOLO Development: Enhanced YOLOv8n by Traning W

integrating Squeeze-and-Excitation (SE) attention blocks to !

improve retinal feature extraction while maintaining Testimage

lightweight computation.

e Evaluation & Mobile Deployment:

D
Y 7
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The Model Zoo Shootout: Finding the Baseline

Despite the theoretical advancements of v11 and v12, YOLOv8n delivered superior recall and
overall mAP@0.50, proving its unmatched ability to recover relevant disease features.

Model Precision Recall mAP@0.50
YOLOv12n 0.7090 0.5586 0.6264
YOLOvV11n 0.7150 0.5872 0.6432
YOLOv10n 0.4797 0.5677 0.5392

YOLOvOt 0.6919 0.6014 0.6695
YOLOvE8n 0.6798 0.6366 0.6810
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Original backbone
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Deconstructing Squeeze-and-Excitation (Ex-YOLO)

Result: Integrated directly into the YOLOv8n C2f feature aggregation module.
Massive boost in subtle class variations with a near-zero computational penalty.

Input Image |

¥
Conv ]
)

¥
Conv
¥
C2f + SE block |

AR an

Step 1: The Squeeze.
Compresses spatial
information to capture
global context.

H

Step 2: The Excitation. Learns importance weights to artificially
amplify disease-relevant retinal layers and mute background noise.
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Mapping Diagnostic Reliability

The Ex-YOLO framework reliably distinguishes between minute pathological differences, achieving
an overall precision of 0.742 and an mAP@0.50 of 0.7451 across the multi-class anomalies.
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Precision-Recall Curve
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Confusion Matrix

* The proposed Ex-YOLO model
achieved strong detection
performance while maintaining
very low inference latency,
which is essential for real-time :
deployment.
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Fig. 5. Confusion matrix for the Ex-YOLO backbone on
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Smooth, real-time bounding-box generation without server latency, proving
viability for mass-market deployment in resource-limited clinics.

Converted to

Hardware Specs TensorFlow Lite

Device: Motorola G34 (Mid-range) °F|O?t32 & Float16
* versions
0S: Android 15 -Developed using
RAM: 4 GB Android Studio &
Kotlin
: *Tested on Motorola

Total Inference Latency: 1.6 ms
Total Framework Load: 8.2 GFLOPs
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Detected Sample Output Images

CNV DME DRUSEN NORMAL

*Precision: 0.742
*Recall: 0.700
*mAP50: 0.745
*Inference time:
2.6 ms
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The New Point-of-Care Workflow

Automated primary screening creates immense clinical bandwidth
by filtering out healthy scans at the edge.

Step 1: Patient arrives at Primary Diagnostic Counter.,

v

Step 2: Smartphone OCT capture via Ex-YOLO App (1.6 ms).

v v
, Pathology Detected
Healthy Retina (CNV/DME/Drusen)
Patient cleared instantly. Alert triggered.
Impact: Saves the patient a high consultation| Impact: Patient is immediately prioritized
fee and clears the waiting room. for specialist physician access.
it | ITUKALEIDOSCOPE
N GENEVA2026
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Clinical Precision in the Palm of Your Hand

By engineering Squeeze-and-Excitation mechanisms

into an ultra-efficient YOLOvS architecture, Ex-YOLO

successfully migrates expert-level retinal diagnostics
from the server room to the primary care counter.

0.68

Baseline Recall
(Market-Leading)

()

SiolGHEUR

Classifier Cost
(Ultra-Lightweight)

19

100%

Offline Capability
(True Edge Al
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eLightweight and efficient Ex-YOLO
proposed

* Improved feature attention using SE
blocks

*High accuracy with low computational
cost

*Suitable for Edge-Al healthcare
applications
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