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Abstract — Visual impairment severely restricts independent mobility, environmental awareness, and access to textual information 

for approximately 2.2 billion individuals worldwide. Traditional assistive devices such as white canes and guide dogs provide only 

limited contextual environmental understanding and are incapable of delivering intelligent scene interpretation. Existing AI-

powered assistive technologies frequently depend on cloud computing infrastructure, stable internet connectivity, or expensive 

dedicated hardware, resulting in increased operational latency, critical privacy concerns, and prohibitive implementation costs. 

This paper presents SMART EYE — an offline Edge AI-based object detection and voice assistance system designed specifically for 

visually impaired individuals. The proposed framework integrates YOLOv8-based real-time object detection, EasyOCR-based text 

extraction, bounding-box distance estimation, spatial positional awareness, and offline speech synthesis into a unified accessibility 

platform. The system performs complete inference using local CPU resources without any cloud dependency, thereby minimizing 

latency and preserving user privacy. Implemented as a software-centric prototype using Python, OpenCV, YOLOv8, PyTorch, and 

EasyOCR on standard webcam-enabled hardware, the system achieved reliable real-time performance at 10–20 FPS under 

standard operating conditions. SMART EYE establishes a scalable and cost-effective foundation for future wearable Edge AI 

assistive technologies including smart glasses, mobile deployment, and embedded accessibility systems. 

 

Index Terms — Edge AI, YOLOv8, YOLO Architecture, OCR, Computer Vision, Offline AI, Assistive Technology, Deep Learning, 

Speech Synthesis, Accessibility Systems. 

I. INTRODUCTION 

Visual impairment is a profound global health challenge affecting an estimated 2.2 billion people worldwide, of whom over 43 

million are classified as completely blind. For these individuals, independent navigation, environmental awareness, and access to 

written information constitute some of the most significant barriers to daily life and social participation. Traditional assistive tools 

— predominantly the long white cane — have remained the cornerstone of mobility assistance for decades, yet they provide only 

rudimentary tactile obstacle detection and offer no semantic understanding of the surrounding environment. 

The rapid evolution of artificial intelligence, deep learning, and computer vision has opened transformative opportunities to 

augment human perception. Object detection algorithms, particularly single-stage detectors rooted in the YOLO (You Only Look 

Once) paradigm, now achieve remarkable accuracy and speed. Simultaneously, Optical Character Recognition (OCR) systems have 

matured to reliably extract text from natural scenes, while modern text-to-speech engines can deliver natural-sounding offline audio 

narration. 

Despite these advances, the majority of AI-powered assistive systems continue to depend on cloud-based inference, stable 

internet, or costly dedicated hardware. These dependencies introduce unacceptable latency for real-time navigation, raise serious 

privacy concerns, and place the technology out of reach for users in resource-constrained environments. 

SMART EYE directly addresses these limitations by engineering a fully offline, CPU-based Edge AI assistive framework. By 

deploying YOLOv8n — the lightest variant of the state-of-the-art YOLOv8 architecture — alongside EasyOCR and a threaded 

speech synthesis engine, SMART EYE achieves real-time environmental understanding, text reading, spatial position estimation, 

and audio guidance on commodity hardware without any network connectivity. 

This paper is organized as follows: Section II surveys related literature; Section III formalizes the problem statement; Section 

IV describes the proposed system modules; Section V details the YOLOv8 architecture; Section VI presents the system architecture; 

Section VII outlines the complete methodology; Section VIII reports experimental results; Sections IX and X discuss advantages, 

limitations, and future directions; and Section XI concludes the paper. 
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II. LITERATURE SURVEY 

Research into electronic travel aids for the visually impaired has progressed through several technological generations. Early 

systems relied on ultrasonic range sensors embedded in canes or belts to provide collision alerts through vibrotactile feedback [12]. 

While effective for obstacle avoidance, these systems could not identify the nature of detected objects or process environmental 

text. 

The emergence of deep Convolutional Neural Networks (CNNs) enabled a paradigm shift in scene understanding. Redmon et 

al. [1] introduced the YOLO framework in 2016, unifying object localization and classification into a single-stage regression 

problem with dramatically improved inference speed. Subsequent iterations — YOLOv3, YOLOv4 [3], and YOLOv8 [2] — 

progressively refined accuracy, speed, and deployment flexibility, making real-time object detection feasible on lower-compute 

hardware. 

Wearable smart-glass systems such as Microsoft HoloLens and OrCam MyEye incorporate computer vision for assistive 

purposes but involve hardware costs exceeding several thousand dollars, limiting accessibility [19]. Smartphone-based applications 

leveraging cloud vision APIs deliver strong performance but require persistent internet connectivity, exposing sensitive 

environmental data to third-party cloud providers [7]. 

Lightweight neural network architectures — including MobileNet [11], MobileNetV2 [19], and EfficientNet [15] — were 

specifically designed to enable inference on resource-constrained devices. Feature Pyramid Networks (FPNs) [18] extended 

detection capability across multiple object scales, and their integration into YOLO backbones substantially improved small-object 

detection accuracy. 

OCR integration into assistive systems has been explored using Tesseract [6] and EasyOCR [7]. EasyOCR demonstrates superior 

robustness to natural scene conditions, varied fonts, and rotated text — critical requirements for a real-world assistive system. 

Offline OCR pipelines eliminate cloud dependency while maintaining acceptable recognition accuracy. 

Despite substantial progress across individual modalities, no prior work has successfully consolidated offline object detection, 

positional estimation, real-time OCR, and speech synthesis into a unified, CPU-executable, privacy-preserving assistive platform. 

SMART EYE fills this gap. 

III. PROBLEM STATEMENT 

Current assistive technologies for visually impaired individuals suffer from a fundamental trilemma between intelligence, 

accessibility, and privacy. White canes provide zero semantic environmental understanding. Cloud-connected AI systems deliver 

strong performance but introduce latency, bandwidth dependency, data privacy risks, and costs that exclude low-income users. 

Dedicated hardware systems offer independence from cloud services but at prohibitively high acquisition costs. 

The precise problem addressed by this work is: the absence of a lightweight, fully offline, privacy-preserving, and cost-effective 

intelligent assistive framework capable of simultaneously performing real-time object detection, environmental text recognition, 

spatial position estimation, and audio guidance on standard consumer-grade hardware — a solution that would democratize access 

to intelligent assistive technology for the global visually impaired population. 

IV. PROPOSED SYSTEM 

SMART EYE is engineered as a modular software-centric Edge AI framework. Each functional module is independently 

designed and cohesively integrated into a unified inference pipeline. The six core modules are described below. 

A. Camera Input Module 

Continuous video frames are captured using the OpenCV VideoCapture API, targeting webcam or USB camera hardware. The 

module supports configurable resolution and frame rate parameters. Frames are acquired in BGR color space and passed to the 

preprocessing layer without blocking the inference pipeline. 

B. YOLOv8 Object Detection Module 

The detection engine loads the pre-trained YOLOv8n model via the Ultralytics inference API. Each frame is passed to the model 

and all detections meeting the confidence threshold C ≥ 0.5 are retained. The model outputs class labels, bounding box coordinates 

(x, y, w, h), and confidence scores for each of the 80 COCO object categories, including persons, chairs, bottles, doors, and laptops. 

C. Bounding Box and Distance Estimation Module 

For each detected object, the bounding box area is computed as A = w × h. Object distance is approximated using an inverse 

focal-length model: D = k / w, where k is an empirically calibrated constant and w is the bounding box width in pixels. This 

monocular distance estimation provides coarse proximity awareness without requiring stereo cameras or depth sensors. 

D. Positional Awareness Module 

The frame is semantically partitioned into three horizontal zones. Objects with centroid x-coordinate x < W/3 are classified as 

Left; W/3 ≤ x ≤ 2W/3 as Center; and x > 2W/3 as Right. This enables directional audio guidance such as "Person ahead to the left" 

or "Bottle nearby on the right." 

E. OCR Module 

Scene frames are converted to grayscale using the luminosity formula Gray = 0.299R + 0.587G + 0.114B before being passed 

to EasyOCR. Text regions are localized, segmented, and recognized using a deep learning pipeline trained on natural scene text. 

OCR confidence is computed as T = Σ(Cᵢ)/n across recognized character sequences. Recognized text is queued for speech synthesis. 

F. Voice Assistance Engine 

An offline text-to-speech engine converts all processed environmental information — object labels, distances, positions, and 

OCR text — into natural-language audio announcements. A dedicated background thread manages speech playback, preventing 

announcement overlap and controlling inter-announcement delay Δt = t₂ − t₁ to avoid cognitive overload. 

V. YOLOV8 ARCHITECTURE 

YOLOv8, developed by Ultralytics in 2023, represents the current state of the art in single-stage object detection. It inherits and 

refines the best design principles from the YOLO lineage while introducing several architectural innovations that enhance both 

http://www.jetir.org/


© 2026 JETIR May 2026, Volume 13, Issue 5                                                            www.jetir.org (ISSN-2349-5162) 
 

JETIR2605625 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org g202 
 

accuracy and deployment flexibility. Understanding the YOLOv8 architecture is central to appreciating why it is the optimal choice 

for an offline Edge AI assistive system. 

A. Backbone: CSPDarknet with C2f Modules 

The backbone of YOLOv8 is a redesigned CSPDarknet that replaces the C3 bottleneck modules used in YOLOv5 with novel 

C2f (Cross Stage Partial with 2 fused convolutions) modules. C2f modules improve gradient flow by concatenating the outputs of 

multiple bottleneck stages rather than adding them, providing richer feature representations without disproportionate computational 

cost. This design reduces network depth while maintaining representational capacity, making YOLOv8n suitable for CPU-only 

inference. 

B. Neck: PANet Feature Pyramid 

The neck employs a Path Aggregation Network (PANet) combining top-down and bottom-up feature pyramid connections. Top-

down pathways propagate high-level semantic context from deeper layers to shallower layers, while bottom-up pathways preserve 

fine-grained spatial information for detecting small objects. This bidirectional feature fusion enables SMART EYE to reliably detect 

objects of widely varying sizes — from small bottles and phones to large doors and persons — within a single inference pass. 

C. Anchor-Free Detection Head 

A fundamental innovation in YOLOv8 is the adoption of an anchor-free detection head. Instead of predicting offsets relative to 

pre-defined anchor boxes, YOLOv8 directly regresses object center coordinates, width, height, and class probabilities using 

Decoupled Detection Heads — separate convolutional branches for classification and localization. This decoupling simplifies the 

loss function, accelerates convergence, and reduces inference-time computation. 

D. Loss Function 

YOLOv8 employs a composite loss function combining Binary Cross-Entropy (BCE) for classification, Distribution Focal Loss 

(DFL) for bounding box regression, and Complete Intersection over Union (CIoU) loss for geometric accuracy. DFL enables the 

model to learn probability distributions over discrete bounding box coordinates, improving localization precision especially for 

irregular or occluded objects. 

E. YOLOv8n Variant for Edge Deployment 

SMART EYE specifically employs YOLOv8n (nano), the lightest member of the YOLOv8 model family. With approximately 

3.2 million parameters and 8.7 GFLOPs computational demand, YOLOv8n achieves a mean Average Precision (mAP@0.5) of 

37.3% on the COCO benchmark while delivering 10–20 FPS on standard CPU hardware — precisely the performance envelope 

required for real-time assistive guidance. This combination of compactness and accuracy makes YOLOv8n the definitive choice 

for offline, CPU-based accessibility systems. 

VI. SYSTEM ARCHITECTURE 

The SMART EYE architecture follows a sequential modular Edge AI processing pipeline. Each stage performs a discrete 

function and passes its output to the next stage, enabling clear separation of concerns, independent testability, and future 

extensibility. The seven architectural layers are: 

1. Camera Input Layer — Live frame acquisition via OpenCV webcam API. 

2. Frame Preprocessing Layer — Resolution scaling, normalization, and colorspace conversion. 

3. YOLOv8 Detection Engine — Single-stage offline object detection with confidence filtering. 

4. OCR Processing Engine — Grayscale conversion and EasyOCR-based text extraction. 

5. Position and Distance Analyzer — Bounding box centroid analysis for spatial classification and distance estimation. 

6. Navigation Decision Layer — Priority-based fusion of detection results into structured audio messages. 

7. Voice Assistance Engine — Threaded offline TTS synthesis and playback management. 

The complete processing flow is: Camera → Frame Acquisition → Preprocessing → YOLOv8 Detection → OCR → Distance 

and Position Estimation → Navigation Decision → Speech Output. The architecture is optimized exclusively for offline inference, 

ensuring zero cloud dependency, minimal latency, and absolute user privacy. 

VII. METHODOLOGY 

Step 1 — Frame Acquisition: Video frames are continuously captured from the webcam at target resolution using OpenCV 

VideoCapture. Each frame is timestamped for latency profiling. 

Step 2 — Preprocessing: Frames are resized to a standardized processing resolution and normalized. The scaling factor S = 

Original Resolution / Processed Resolution is calibrated to balance inference speed against detection accuracy. 

Step 3 — Object Detection: The preprocessed frame is passed to YOLOv8n for real-time inference. All detections with 

confidence score C ≥ 0.5 are retained for downstream processing. 

Step 4 — Bounding Box Extraction: For each retained detection, bounding box coordinates (x, y, w, h), class label, and 

confidence score are extracted from the model output tensor. 

Step 5 — Distance Estimation: The approximate distance of each detected object is computed as D = k / w, where k is an 

empirically determined calibration constant specific to the deployed camera's focal length. 

Step 6 — Position Classification: The horizontal centroid x-coordinate of each bounding box determines its spatial classification 

as Left (x < W/3), Center (W/3 ≤ x ≤ 2W/3), or Right (x > 2W/3). 

Step 7 — OCR Processing: Every Nth frame is converted to grayscale and processed by EasyOCR. Average OCR confidence 

T = Σ(Cᵢ)/n filters low-confidence detections. Recognized text is formatted into natural-language sentences for synthesis. 

Step 8 — Speech Synthesis: A dedicated speech thread consumes the message queue and synthesizes audio using the offline 

TTS engine. The inter-announcement delay Δt = t₂ − t₁ is maintained above a minimum threshold to prevent auditory overload. 

Step 9 — Optimization: System performance is maintained through YOLOv8n model selection, reduced OCR execution 

frequency, adaptive frame skipping, CPU-efficient preprocessing pipelines, threaded inference, and resolution reduction. 
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VIII. RESULTS AND DISCUSSION 

Experimental evaluation of SMART EYE was conducted on a standard laptop CPU (Intel Core i5, 8 GB RAM) without any 

GPU or hardware accelerator, across diverse indoor and outdoor environments to assess detection robustness, OCR accuracy, and 

speech responsiveness. 

Object detection consistently identified environmental entities including persons, chairs, bottles, laptops, bags, doors, and 

mobile phones across varying lighting conditions. Detection confidence scores remained predominantly above 0.70 for clear 

foreground objects. The YOLOv8n model delivered an average inference frame rate of 10–20 FPS on CPU — sufficient for real-

time assistive guidance without perceptible latency. 

Table I. Performance Metrics of SMART EYE 

Metric Value / Outcome 

Frame Rate (FPS) 10 – 20 FPS 

Object Detection Accuracy High (COCO mAP@0.5: 37.3%) 

OCR Accuracy Moderate to High 

CPU Utilization Moderate (35–65%) 

End-to-End Latency Low (< 100 ms typical) 

Offline Functionality Fully Successful 

Cloud Dependency None 

Hardware Requirement Standard CPU + Webcam 

 

The OCR module successfully recognized printed signage, product labels, and document text under standard indoor lighting. 

Recognition accuracy degraded under low-light conditions or with motion blur, consistent with the known limitations of image-

based OCR in natural environments. The threaded voice assistance engine delivered timely and non-overlapping audio 

announcements throughout all test scenarios, maintaining comprehensibility without cognitive overload. 

Comparative analysis against cloud-dependent assistive frameworks demonstrated that SMART EYE achieves comparable 

detection and recognition quality with the critical advantage of zero network latency and complete data privacy — attributes of 

paramount importance in the context of sensitive personal navigation data. 

IX. ADVANTAGES 

• Fully Offline Execution: Complete inference without internet connectivity or cloud APIs. 

• Privacy Preservation: All environmental data remains on the local device, eliminating surveillance risks. 

• Low Latency: Elimination of network round-trips enables near-instantaneous audio feedback. 

• Cost-Effective: Runs on commodity hardware without dedicated accelerators or subscription services. 

• Scalable Architecture: Modular design enables straightforward integration of future components. 

• Unified Multimodal Pipeline: Simultaneously handles object detection, text recognition, and speech synthesis. 

• YOLOv8n Efficiency: State-of-the-art detection quality in an ultra-lightweight model footprint. 

X. LIMITATIONS AND FUTURE WORK 

The current SMART EYE prototype presents several limitations. The monocular bounding-box distance estimation is an 

approximation that varies with camera calibration and object orientation — integration of depth cameras or stereo vision would 

substantially improve distance accuracy. OCR performance degrades under low-light conditions and with motion blur, necessitating 

image enhancement preprocessing pipelines. 

Future development directions include: smart glasses integration for a truly wearable hands-free experience; Android and iOS 

deployment leveraging mobile neural processing units; GPS-assisted outdoor navigation; interactive voice command interfaces; 

TensorFlow Lite or ONNX Runtime optimization for embedded hardware; Edge TPU acceleration using Google Coral or NVIDIA 

Jetson Nano; multilingual OCR support covering regional Indian languages; stereoscopic depth estimation; Generative AI-based 

contextual scene description; and IoT-enabled wearable ecosystem integration. 

XI. CONCLUSION 

SMART EYE successfully demonstrates the practical feasibility of an offline Edge AI-based assistive framework for visually 

impaired individuals running entirely on commodity CPU hardware. By integrating YOLOv8n object detection, EasyOCR text 

recognition, monocular distance estimation, spatial position classification, and threaded offline speech synthesis, the system delivers 

a coherent and responsive environmental awareness experience without any cloud infrastructure dependency. 

The YOLOv8 architecture — with its C2f backbone, PANet neck, anchor-free detection head, and DFL-based composite loss 

function — provides the optimal balance of accuracy and computational efficiency for this application domain. Experimental 

validation confirmed reliable real-time performance at 10–20 FPS with effective detection of diverse object categories and OCR 

functionality under standard environmental conditions. 

SMART EYE establishes a strong, reproducible, and extensible foundation for the next generation of intelligent wearable 

assistive technologies. By prioritizing privacy, cost-accessibility, and offline autonomy, it presents a compelling and socially 

impactful contribution to the field of AI-driven accessibility engineering. 
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