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Abstract: Visually impaired individuals often encounter major difficulties in navigating independently, especially in new or unfamiliar 

settings. Conventional aids like white canes and guide dogs provide only partial support and are heavily dependent on physical 

infrastructure. This paper introduces VISNAV, an AI-driven Augmented Reality (AR) navigation system focused on enhancing movement 

and safety for individuals with visual impairments. By combining computer vision, AR overlays, and multimodal feedback (audio, haptic, 

and voice guidance), VISNAV facilitates real-time obstacle detection, route planning, and situational awareness. The system applies deep 

learning models such as YOLOv8 and Mobile-Net SSD for accurate object recognition, integrated with AR-Kit/AR-Core for rendering 

paths. Preliminary results indicate that VISNAV reduces reliance on external aids while delivering intuitive, scalable, and cost-effective 

navigation solutions. This paper examines current navigation technologies, explains the design and methodology of VISNAV, assesses 

performance in simulated environments, and highlights prospects for large-scale adoption.  
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I. INTRODUCTION   

 

Independent mobility is a vital factor in ensuring social 

participation and overall quality of life. Yet, for the 

approximately 285 million people worldwide living with 

visual impairments, navigating unfamiliar indoor and outdoor 

environments remains a persistent challenge. 
 

Traditional aids, such as white canes and tactile paving, 

offer only basic spatial awareness, while guide dogs are costly 

and demand extensive training [12], [14]. Mobile navigation 

applications that rely on GPS provide some outdoor assistance 

but are ineffective in indoor settings due to frequent signal 

disruptions [3], [18]. Recent developments in augmented 

reality (AR), computer vision, and artificial intelligence (AI) 

present promising avenues for assistive navigation 

technologies [2], [7], [16]. AR enables the projection of digital 

navigation cues onto real-world settings, while AI supports 
dynamic detection of obstacles, landmarks, and textual 

information. Unlike conventional tools, AR-based systems 

require no infrastructural modifications and can operate on 

common smartphones or AR-compatible wearables. 

 

This paper proposes VISNAV, a hybrid AR-AI 

navigation system for individuals with visual impairments. In 

contrast to earlier approaches that focus solely on obstacle 

detection or GPS-based guidance, VISNAV combines 
multimodal feedback (voice and haptics) with support for both 

indoor and outdoor navigation, thereby offering a unified and 

seamless mobility. 

 

 Problem Identification 

Independent mobility is one of the most pressing 

challenges for individuals with visual impairments. According 

to the World Health Organisation, over 285 million people in 

the world suffer from some degree of vision loss; a significant 

number of these people face daily challenges in getting around 

safely inside and outside their homes.[11]. Although existing 
assistive tools provide some level of support, they remain 

constrained by notable limitations [13], [14].  
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Table 1 Limitations of Existing Navigation Aids for Visually Impaired Individuals. 

  
 

This comparison highlights that current navigation 

solutions often fall short in terms of affordability, scalability, 

or reliability across varied environments. The core challenge 

lies in the lack of a cost-effective, AI-powered, AR-based 

multimodal system capable of providing accurate obstacle 

detection, uninterrupted indoor and outdoor navigation, and 

multi-sensory feedback on commonly available platforms 

such as smartphones and AR glasses [1], [2], [20].  

 

II. METHODOLOGICAL REVIEW 

 

Over the past five years (2020–2025), assistive 
navigation technologies have advanced considerably through 

the integration of artificial intelligence, computer vision, 

augmented reality, and multimodal interaction. However, 

despite these innovations, current approaches remain 

fragmented—spanning sensor-based devices, GPS-enabled 

applications, AR prototypes, and deep learning models. As a 

result, many solutions are either prohibitively expensive, 

restricted in functionality, or unsuitable for large-scale 

adoption within visually impaired communities.  

 

 Sensor-Based Approaches  
Early systems relied heavily on ultrasonic sensors, 

infrared sensors, and LiDAR to detect obstacles. These 

devices provide accurate distance measurement and reliable 

real-time feedback [23]. However, they are often expensive, 

bulky, and consume significant energy, making them 

unsuitable for daily use by the visually impaired. Moreover, 

sensor-based systems usually lack contextual awareness, 

detecting obstacles without recognizing what those objects are  

 

 GPS and Outdoor Navigation Solutions. GPS-enabled 

mobile applications expanded accessibility outdoors by 
providing voice-guided directions. While effective in open 

spaces, these methods perform poorly in indoor 

environments [3], [18], underground locations, or dense 

urban areas where GPS accuracy is reduced. Furthermore, 

GPS-only navigation cannot detect real-time obstacles 

such as vehicles, pedestrians, or construction zones, which 

are critical for safe mobility.  

 Computer Vision and Deep Learning Methods Recent 

research has focused on using deep learning models such 

as YOLO, SSD, and Faster R-CNN for object detection and 

recognition [10], [15], [19]. These approaches allow 

systems to not only identify obstacles but also classify 

them (e.g., car, pedestrian, signboard). However, vision-

based methods often face challenges in low-light 

conditions, require significant processing power, and may 

introduce latency that affects real-time usability.  

 Augmented Reality (AR)-Based Navigation AR systems 

such as Microsoft HoloLens and Google Glass have been 

explored for delivering immersive navigation guidance. 

They overlay digital cues directly onto the user’s 

environment, enhancing spatial awareness. Despite their 

effectiveness, these solutions are prohibitively expensive 

and not widely accessible. Their hardware requirements 

also make them impractical for large-scale deployment 

among visually impaired communities [2], [12], [16], [20].  

 

 Multimodal Feedback Systems  
Semantic matching has become a central research theme 

in academic recommendation. Keyword-based matching is 

often not able to capture the complexity of academic interests 

and yields poor-quality recommendations. To solve this, 

Natural Language Processing (NLP) methods like Word2Vec, 

GloVe, and BERT have been used in academic text mining [8], 

[17].  

 

III. COMPARATIVE ANALYSIS 

 

The rapid growth of assistive navigation research in the 
last five years has produced a variety of systems that employ 

different technologies, ranging from traditional sensors to 

advanced AI-driven AR platforms. While these solutions 
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demonstrate potential, they differ significantly in terms of 

affordability, usability, scalability, and adaptability.  

  

A. Comparison of Existing Approaches  

  

 Sensor-Based Systems [23]  

  

 Strengths: High accuracy in detecting obstacles and 
estimating distances.  

 Limitations: High cost, bulky hardware, and lack of 

contextual awareness (cannot identify object types).  

 

 GPS-Based Mobile Applications [3], [18].   

 

 Strengths: Effective for outdoor routing and widely 

accessible through smartphones.  

 Limitations: Poor accuracy in indoor and urban canyon 

environments; lack of obstacle detection.  

 
 

 

 Computer Vision and Deep Learning Models : [10], [15], 

[19].  

  

 Strengths: Enable object recognition, classification, and 

real-time decision-making.  

 Limitations: High computational requirements, limited 

performance in low light, and latency challenges.  

 
 AR-Based Prototypes (HoloLens, Google Glass, etc.) [2], 

[12], [16], [20].  

  

 Strengths: Immersive navigation with intuitive AR 

overlays and enhanced spatial awareness.  

 Limitations: Extremely expensive, limited availability, and 

impractical for mass adoption.  

 

 Multimodal Feedback Systems  [7], [8], [17].   

 

 Strengths: Use of audio, haptic, and voice cues reduces 
dependence on a single sensory channel, improving safety.   

 Limitations: Often not integrated seamlessly with 

navigation guidance, making them partial solutions.  

 

Table 2 Comparative Assessment of Navigation Systems Designed for Visually Impaired Users 
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The analysis reveals that although existing approaches 

offer useful features, none deliver a navigation solution that is 

simultaneously comprehensive, affordable, and scalable [1], 

[2], [5]. VISNAV sets itself apart by:  

  

 Integrating AI-driven object detection with AR overlays to 

provide context-aware navigation. 

  

 Employing multimodal feedback (audio and haptic) to 

improve safety and adaptability for users. 

  

 Enabling seamless indoor and outdoor navigation without 

dependence on expensive hardware.  

  

This comparative analysis highlights VISNAV as a 

significant step forward in providing practical, accessible, and 

inclusive navigation options for individuals with visual 

impairments. 

 

IV. ALGORITHMIC APPROACHES- VISNAV 

  

The VISNAV system integrates multiple algorithmic 

layers to provide reliable and adaptive navigation for visually 

impaired individuals. Its approach combines computer vision, 

semantic scene understanding, path planning, and multimodal 

feedback, ensuring usability in both indoor and outdoor 

environments.  

  

 Object Detection: YOLOv8 and MobileNet SSD models 

detect obstacles (e.g., poles, vehicles, stairs, potholes) in 
real time with high accuracy and low latency [10], [15], 

[19]. 

  

 Scene Understanding: Semantic segmentation algorithms 

classify the environment into regions such as roads, 

pathways, and crosswalks for context-aware navigation 

[9]. 

  

 Indoor Localisation: SLAM (Simultaneous Localisation 

and Mapping) supports GPS-free navigation in malls, 

airports, and multi-level buildings [5], [6], [18]. 

  

 Outdoor Path Planning: [20], [21] Google Maps API 

integrated with A* and Dijkstra algorithms ensures 

dynamic rerouting and efficient pathfinding. 

  

 Text and Sign Recognition: [13] Tesseract OCR reads 

signboards, menus, and street names, providing contextual 

awareness. 

  

 Voice Assistance: [21] Google Speech API enables hands-

free interaction through natural voice commands. 

  

 Multimodal Feedback: [7], [8], [17]. Adaptive decision-

making algorithms provide audio cues and haptic 

vibrations, ensuring safety even in noisy environments.  

 AR Overlay Guidance: [2], [12], [16], [20]. ARKit/AR 

Core render digital navigation cues, offering intuitive and 

immersive guidance in real-world settings.  

 

 
 Fig 1 Simplified Algorithmic Workflow of the VISNAV 

System. The System Captures Environmental Input from the 

Camera, GPS, and Sensors, Preprocesses it for Clarity, and 

Performs Environment Analysis Through Object Detection, 

Semantic Segmentation, and OCR   
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V. RESULTS AND EVALUATION 

 

The performance of VISNAV was evaluated through a 

combination of quantitative model benchmarking, system-

level performance tests, and a preliminary user study involving 

visually impaired participants. Experiments were conducted in 

both controlled and natural environments, including indoor 

corridors, staircases, open outdoor walkways, and moderately 
crowded pedestrian areas. 

 

 Object Detection Accuracy 

VISNAV integrates YOLOv8 for primary scene 

perception and MobileNet SSD as a lightweight alternative. 

A custom dataset of 3,200 images containing 15 obstacle 

classes—such as stairs, vehicles, bicycles, poles, potholes, and 

pedestrians—was used for evaluation. 

Table 3 Performance Comparison of Object Detection Models Used in VISNAV 

Model mAP@0.5 Precision Recall 

YOLOv8-s 92.1% 93.4% 90.7% 

MobileNet SSD 85.4% 86.1% 82.5% 

YOLOv5-n 78.2% 80.4% 76.3% 

 

YOLOv8 demonstrated superior accuracy and recall, 

making it the preferred model for real-time deployment. 

MobileNet SSD was retained for low-power fallback 

scenarios. 

 

 System Latency and Processing Performance 

Performance testing was conducted on a Snapdragon 

778G smartphone and a mid-range laptop (i5-11th Gen). The 

smartphone evaluation is emphasized since VISNAV’s target 
deployment is mobile devices. 

 

 Average inference latency: 148 ms (YOLOv8), 96 ms 

(MobileNet SSD) 

 AR rendering speed: 27 FPS sustained using AR Core 

 End-to-end perception → feedback delay: 180–220 ms 

 Battery consumption: 11% per 20 minutes of navigation 

(mobile device) 

 

These results demonstrate that VISNAV maintains real-

time responsiveness suitable for obstacle avoidance and 

continuous navigation. 

 

 Indoor Navigation Performance 

The SLAM module was evaluated in a university 

building and a shopping mall simulation environment. 

 

 Average localization drift: 0.21 m over a 35 m path 

 Loop closure success rate: 94% 

 Indoor route-following accuracy: 88.3% 

 

AR path stability remained consistent in well-lit 

environments, with minor tracking jitter under low-light 

conditions. 

 Outdoor Routing and AR Path Visualization 

Outdoor navigation was tested along sidewalks and 

campus pathways. 

 

 GPS route accuracy: 2.3 m median deviation 

 Dynamic rerouting time: 1.4 seconds 

 AR arrow stability: > 25 FPS in open areas; minor drops in 

high-glare conditions 

 
Users reported that AR arrows and hazard markers 

improved orientation compared to traditional audio-only 

navigation. 

 

 User Study Evaluation 

A pilot study was conducted with five visually impaired 

participants (ages 19–42). 

 

 Participants Navigated Both Indoor and Outdoor Routes 

Using: 

 

 Standard white cane 
 VISNAV (AR + audio + haptics) 

 

 Participant Feedback Themes: 

 

 AR arrows reduced confusion at intersections 

 Haptic alerts felt intuitive and less distracting than audio-

only warnings 

 System lag was minimal and acceptable 

 Indoor performance was “significantly better” than 

existing apps like Google Maps 

 

Table 4 Quantitative User Study Results Comparing White Cane and VISNAV 

Metric White Cane    Only VISNAV Improvement 

Collisions with obstacles 14 total 4 total 71% reduction 

Missed turns 9 2 78% improvement 

Path-following accuracy 62% 89% +27% 

User confidence rating (1–5) 2.4 4.3 +79% 
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 Summary of Evaluation 

Overall, VISNAV demonstrates: 

 

 High detection performance suitable for real-time use 

 Stable AR visualization with mobile-friendly latency 

 Reliable indoor navigation via SLAM 

 Strong user study results, indicating practical usability 

 Significant improvements in safety, confidence, and path-
following 

 

These results validate VISNAV as a scalable and 

effective assistive navigation system for visually impaired 

individuals. 

 

VI. FUTURE RESEARCH DIRECTION 

 

While VISNAV demonstrates the potential of AI-

powered augmented reality systems to assist visually impaired 

individuals in navigating complex environments, several 
opportunities exist for future research and development to 

enhance its effectiveness, scalability, and user adoption.  

 

 Energy Efficiency and Hardware Optimisation  

Continuous real-time object detection and AR rendering 

place heavy demands on mobile devices. Future research 

should focus on lightweight deep learning models, edge AI 

optimisation, and hardware acceleration to reduce battery 

consumption and improve device performance [22].  

  

 Scalability and Large-Scale Deployment  

Current evaluations are limited to controlled simulations 
and pilot studies. Wider deployment across diverse real-world 

environments—such as crowded cities, rural areas, and public 

transportation systems—will be critical to test robustness and 

adaptability [11].  

  

 Integration with Wearable Technologies [1], [2], [16].  

Although smartphones are accessible, wearable AR 

glasses and haptic-enabled devices offer more natural 

interaction. Future work can explore low-cost, lightweight 

wearables to deliver seamless guidance without occupying 

users’ hands.  

  

 Enhanced Indoor Positioning [5], [6], [18].  
While SLAM addresses indoor localisation, further 

research into hybrid approaches—combining Wi-Fi 

fingerprinting, Bluetooth beacons, or UWB (Ultra-Wideband) 

positioning— could improve accuracy in GPS-denied areas 

such as shopping malls or airports.  

  

 Personalised Multimodal Feedback [7], [17].  

Future iterations can integrate adaptive learning 

algorithms to personalise the balance between audio and 

haptic cues based on user preferences, environmental noise, or 

individual sensory sensitivities.  
  

 Multilingual and Contextual Support [13], [21].  

Expanding the system to support regional languages, 

dialects, and culturally specific navigation cues will improve 

accessibility across global user populations.  

  

 Integration with Smart City Infrastructure [21], [23].  

Future research can explore interoperability between 

VISNAV and smart city infrastructure, such as IoT-enabled 

traffic lights, pedestrian signals, and public transport systems, 

enabling context-aware, connected navigation.  

  
 Long-Term User Studies and Usability Research [11].  

Extended field trials involving larger, more diverse user 

groups are necessary to evaluate long-term usability, trust, and 

adoption. User-centred design feedback will help refine both 

the interface and algorithmic decision-making.  

 

Table 5 Challenges and Future Research Directions for  VISNAV  
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VII. FUTURE RESEARCH OPPORTUNITIES 

  

The VISNAV framework showcases the potential of AI-

powered AR navigation to enhance mobility and independence 

for individuals with visual impairments. However, its 

development also opens multiple avenues for future research 

that extend beyond current limitations.  

  
 Edge AI and Model Compression:  

Exploring advanced techniques such as pruning, 

quantisation, and federated learning could enable real-time 

object detection and AR rendering on resource-constrained 

mobile devices without sacrificing accuracy.  

  

 Advanced Indoor Positioning:  

Hybrid positioning systems that combine SLAM with 

Wi-Fi, Bluetooth beacons, or UWB (Ultra-Wideband) can 

enhance localisation accuracy in complex indoor settings 

where GPS is ineffective.  
  

 Human-Centred Personalisation:  

Adaptive algorithms that learn user preferences and 

sensory strengths (e.g., prioritising haptic feedback for users 

in noisy environments) can deliver a more personalised 

experience.  

  

 Integration with Wearable Devices:  

Future research can explore the use of lightweight AR 

glasses, haptic wearables, and IoT-enabled smart canes to 

deliver more natural and seamless navigation support.  

  
 Context-Aware Decision Making:  

Incorporating contextual AI that considers time of day, 

traffic density, or weather conditions could improve the safety 

and adaptability of the system.  

  

 Cross-Language and Regional Adaptation:  

Developing multilingual, region-specific versions of 

VISNAV will broaden its accessibility for diverse populations, 

making it more inclusive on a global scale.  

  

 Collaboration with Smart Cities:  
Interfacing VISNAV with smart traffic systems, IoT-

based pedestrian signals, and connected public transport can 

enable intelligent, environment-aware guidance.   

 

Future research opportunities should focus on enhancing 

efficiency, inclusivity, personalisation, and smart city 

integration. These directions will not only refine VISNAV but 

also position it as a scalable, globally deployable assistive 

technology that bridges AI innovation with real-world social 

impact.  

   

VIII. CONCLUSION 
 

This paper presented VISNAV, an AI-driven augmented 

reality navigation system designed to support visually 

impaired individuals in achieving safer and more independent 

mobility [1], [2], [5], [8], [19]. By integrating computer vision 

models, such as YOLOv8 and MobileNet SSD, semantic scene 

understanding, SLAM-based localization, and classical path 

planning, VISNAV can provide reliable navigation for both 

indoor and outdoor environments. Additional features on 

OCR-based text recognition, voice command processing, and 

multi-modal feedback further enhance accessibility and ease 

of use. A comparison with existing solutions shows that while 

traditional aids and current technological prototypes can only 

provide partial assistance, VISNAV stands out by being able 

to integrate affordability, scalability, and real-time adaptability 
into a single deployable framework for both smartphones and 

AR glasses. The system demonstrates the feasibility of 

combining AI, AR, and multimodal interaction into a practical 

and accessible navigation platform. Nevertheless, challenges 

persist in areas such as computational optimization, large-

scale deployment, and user personalization. Addressing these 

issues opens up future research opportunities in edge AI 

optimization, integration with wearable devices, hybrid indoor 

positioning techniques, and collaboration within smart city 

infrastructures. In this regard, VISNAV represents a 

significant step toward the next generation of assistive 
technologies, eventually offering visually impaired people 

improved navigation and also contextual interaction with their 

environment. Further refinement and wider implementation 

will make VISNAV a globally accessible, inclusive, and 

intelligent solution. 
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