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Abstract

Visual impairment has long been a significant challenge, affecting a person’s ability to move
independently, understand their surroundings, and perform everyday activities safely. Although
considerable progress has been made in the development of assistive technologies, many existing
solutions still face practical limitations. These include inconsistent performance in real-world
environments, high power consumption, dependence on external computing resources, and limited
ability to adapt to dynamic and rapidly changing surroundings. To address these challenges, this
paper presents NeuroSight, a compact, Al-driven assistive navigation system designed to enhance
environmental awareness in real time using edge intelligence. The proposed system combines a
panoramic camera with inertial sensors to continuously capture visual and motion-related
information from the user’s surroundings. Instead of transferring sensitive data to remote servers for
processing, the collected information is processed locally through an optimized embedded computing
pipeline. This approach enables faster responses while also reducing communication requirements
and improving user privacy. A key component of NeuroSight is the proposed Occlusion-Robust
Depth-Aware Fusion (ORDAF) algorithm. The algorithm integrates information generated by several
perception modules, including object detection, depth estimation, semantic segmentation, and
contextual scene understanding. By combining these complementary sources of information, the
system aims to provide a more reliable representation of complex environments, particularly in
situations where objects may partially obscure one another. Furthermore, the neural network models
developed for the system are optimized using techniques such as model quantization and are deployed
locally through TensorRT and ONNX Runtime. These optimizations are intended to reduce
computational overhead while maintaining adequate accuracy and enabling low-latency inference.
Overall, NeuroSight seeks to provide a practical, privacy-conscious, and responsive navigation aid
that can support visually impaired individuals in understanding and interacting with their
surroundings more effectively.
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INTRODUCTION

Visual impairment persists as one of the most
pressing global health challenges, with significant
consequences for mobility, safety, and
independent functioning. Based on studies from
the World Health Organization (WHO) [1], around
2.2 billion individuals suffer from near or distant
vision impairment, of which almost one billion
cases involve preventable or improperly addressed
conditions. For those who face extreme eye
impairments, the ability to achieve autonomy in
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movement and awareness of their surroundings is a lifelong challenge. Guide dogs and white canes,
which are traditional assistive devices for mobility, provide a limited range of services and do not
provide a view of the bigger picture, often requiring long-term physical or economic investment.
These traditional solutions often fail to satisfy the modern demands of the masses, with growing
populations and cities becoming dense and dynamic.

Earlier trends in assistive technology tend to rely on ultrasonic or infrared sensing, which delivers
constrained obstacle detection capacity while lacking interpretive context altogether. Camera-based
and smartphone-integrated systems have improved the performance of recognition; however, they
demonstrated a high reliance on cloud-based processing infrastructure. This dependency created
issues such as latency, network connection stability, and data privacy. In addition, the large or
obtrusive shape considerations of many initial prototypes made the device uncomfortable for its users
and created social reluctance towards adoption.

Recent technological advancements, such as those in the field of Edge Al and the continuous
growth of embedded hardware, have enabled real-time visual processing on devices. The designed
systems offer a much lower latency rate and protect user privacy by not sending data to the cloud,
which may sometimes make it vulnerable to external threats. The computational task can now be
completed on the user's hardware. This study proposes a wrist-mounted assistive navigation device
that uses Edge Al to augment spatial awareness for visually impaired individuals, thereby enhancing
their perception of the immediate environment. There are three layers in this architecture that depend
on each other. The perception layer gains a thorough understanding of its surroundings with the help
of a panoramic camera along with integrated motion sensors to record wide-angle visuals. The
processing layer then uses a combination of deep learning models to interpret this multimodal data.
Here, CLIP is integrated with optical character recognition (OCR) for contextual scene interpretation;
we have used Vision Transformers (ViT) for semantic segmentation, MiDaS for depth estimation, and
YOLOVS for object detection. The outputs of these models are subsequently combined by the
Occlusion-Robust Depth-Aware Fusion (ORDAF) algorithm to preserve perceptual consistency and
robustness in the environment. Lastly, the feedback layer transforms the combined environmental data
into spatial audio cues and adaptive haptic signals, which enables low-cognitive-load navigation
support designed for the user's environment in a user-friendly manner (Table 1).

RELATED WORK
Evolution of Assistive Technologies

The technological landscape of visual aids has undergone drastic changes in the last 20 years. Early
innovations of this nature were mainly focused on simple obstacle detection using ultrasonic and
infrared sensors. Proximity warning systems were available, but they did not distinguish the type of
object or provide any contextual information and were thus limited to static applications.

Further advancements have led to GPS-based navigation systems that improve mobility in locales
outside; however, the accuracy received is significantly compromised inside indoor or complex urban
areas where satellite signals are weak or inoperative. The lack of autonomy, contextual intelligence,
and environmental invariance has proven that smarter and more adaptive solutions are
necessary [2, 3].

Table 1. Components, technologies, and purposes.

Component Technology/framework Purpose

Object detection YOLOv8-Nano Fast real-time detection with high accuracy

Depth estimation MiDaS Small Lightweight monocular depth estimation

Scene understanding Vision Transformer (ViT) Semantic segmentation and spatial parsing
Inference optimization TensorRT, ONNX Runtime Accelerated Al model inference on embedded GPU
Synchronization MQTT + RESTful APIs Secure, event-based data exchange

security layer TLS 1.3, AES-256, JWT Auth Data protection and authentication
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Table 2. Comparing NeuroSight with prior systems in terms of technology, limitations, and
contributions.

System / Study Limitations NeuroSight advancement

Smart Cane (2019)  |Limited range; lacks contextual Adds Al-driven perception and context-based
awareness feedback

Al Glasses (2020) High latency; privacy and network Fully edge-based inference ensuring data privacy
dependency

NavCog (2021) Poor indoor accuracy; reliance on Integrates VLC and UWB for standalone indoor positioning

external devices

Envision AI (2022)  |Cloud dependence and auditory overload |On-device processing with balanced multimodal cues

Belt-Based Haptic Minimal semantic understanding; fixed  |Adaptive haptic learning through reinforcement
Systems (2023) feedback tuning

Emergence of Vision-Based and AI-Driven Systems

With the development of computer vision and deep learning technologies, smarter assistive devices
capable of recognizing objects (e.g., pedestrians) and environmental features in real time have been
introduced. Popular deep learning detection algorithms, such as Faster R-CNN and YOLO, have been
experimented with for object recognition and scene comprehension purposes for effective obstacle
detection by devices [4]. However, most of these implementations have been afflicted by serious
computational and latency problems, particularly when implemented on mobile or embedded
hardware. Their inability to capture in low-lighting environments and dependency on cloud-based
inference were also responsible for their limited usability for wearable applications. Depth sensing
methods of stereo vision and LiDAR enhanced the spatial understanding but were expensive, high-
power demanding, large in form factor, and less appropriate for compact and continuously operating
systems [5, 6].

Vision—Haptic and Audio-Feedback Wearables

Many researchers have attempted to combine visual sensing with haptic feedback to provide more
intuitive assistive interfaces. For example, smart glasses mounted with embedded cameras have been
used to provide auditory guidance, and haptic belts and canes have been used to convert distance
information into vibration patterns [7]. Although previous approaches can enhance user engagement,
they either excite the user with constant auditory stimulation or do not provide personalization in
haptic stimulation. Many of these prototypes also relied on outside servers to process their
information, which ultimately led to the rise in privacy and connectivity issues.

Position of NeuroSight in the Current Research Landscape

The proposed solution cuts this gap short by merging several recent advancements into one
wearable platform. NeuroSight uses an edge-optimized Al pipeline that has combined several models,
such as YOLOVS, Vision Transformers (ViT), and MiDaS, to enable full object detection, semantic
segmentation, and monocular depth estimation without the need for cloud computation. In addition,
the built-in reinforcement learning engine adaptively weights the feedback pattern to individual users
to alleviate cognitive fatigue and maximize situational awareness.

Unlike traditional systems that rely solely on heuristic fusion, NeuroSight's ORDAF algorithm
performs temporally aware, uncertainty-weighted fusion of multimodal cues and is robust against
visual distortion, motion blur, and environmental variability. This architecture is a unique step
forward for wearable assistive intelligence, which might achieve interpretive accuracy with edge
computation for privacy preservation (Table 2).

METHODOLOGY

The sole reason for the invention of NeuroSight is that it adheres to a systematic approach
comprising five essential elements: system architecture, data collection, model incorporation,
multimodal feedback, and wearable implementation. Every phase has been optimized and then
executed to ensure minimum latency, a streamlined design, and enhanced contextual precision when
set in real-world settings.

© STM Journals 2026. All Rights Reserved 27



NeuroSight: Al-Powered Vision Enhancement for the Visually Impaired Raghuvanshi et al.

System Design Overview

The system architecture follows a modular three-stage perception—decision—feedback pipeline

optimized for embedded inference.

1. Perception layer: This layer is responsible for collecting data, which includes gathering visual
and motion information with the help of a wide-angle camera and inertial sensors.

2. Decision layer: In the decision layer, computation and processing are performed. It utilizes a
hybrid deep-learning framework to analyze the results from multimodal inputs alongside the
suggested ORDAF algorithm.

3. Feedback layer: 1t is responsible for transforming the understood environmental representation
into immediate and multimodal reactions via haptic vibrations and spatial audio signals that are
processed through the previous layers.

Data Acquisition and Preprocessing

The sensors and hardware devices incorporate a wide-angle camera located on the smartwatch to
deliver maximum scene understanding that matches the user's hand position to collect it and process it
further. The camera is set to function at a variable frame rate of 25-40 fps, with features such as
automatic exposure adjustment for changes in lighting.

For the training and validation of the proposed multimodal data, we utilized a combination of
publicly available datasets:

¢ MS COCO and Open Images for object detection with YOLOVS,

e NYU Depth v2 and KITTI for monocular depth inference with MiDaS,

e ADE20K and Visual Genome for semantic understanding with ViT and CLIP.

Al Model Integration
NeuroSight’s perception architecture combines several deep-learning models optimized through
various techniques, as stated earlier in this paper, all executing concurrently on the embedded
processor.
e YOLOVS detects static and dynamic objects, such as pedestrians, vehicles, and furniture, while
generating confidence-weighted bounding boxes.
¢ MiDaS performs monocular depth estimation, yielding dense relative depth maps without
requiring stereo cameras.
e Vision Transformer (ViT) executes semantic segmentation, dividing scenes into meaningful
regions to derive contextual awareness.
e CLIP with OCR links textual and visual semantics, enabling the comprehension of
environmental signage or indicators.

The ORDAF algorithm combines the outputs from all the above models that are synchronized via a
shared inference bus that supports seamless communication to provide confusion-free transmission of
outputs [8].

Depth-Aware Fusion with Occlusion Robust Depth-Aware Fusion (ORDAF)

The proposed ORDAF framework provides the assurance of stable environmental knowledge with
the integration of confidence in detection, depth uncertainty, and motion stability all within a single
view of perception. Every frame is decomposed into spatial tiles, and object, depth, and motion
features are extracted using YOLOvS8, MiDaS, and optical-flow estimation, respectively. The
uncertainty measure of each tile is calculated, which represents the local trust in perception. Areas of
motion with constant depth are given more confidence, whereas noisy or covered areas are assigned
less weight.

These uncertainty values are transformed into adaptive fusion weights through soft normalization to
provide equal contribution of energy in all areas. The features are then aligned with optical flow to
match features across frames by temporal propagation, which maintains continuity in the visual field
and eliminates instability during motion [9].
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The resultant fusion of the descriptors combines trustworthy spatial and temporal attention into a
condensed scene representation.

Given below are the steps by which the mentioned algorithm can be implemented:

Step 1: Frame Separation and Feature Extraction

Every frame of the video is segregated into smaller spatial tiles. Each tile is processed by the
system, which retrieves object detection confidence (YOLOVS), depth (MiDaS), motion stability
(optical flow), and contextual cues (ViT and CLIP). These characteristics provide background inputs
for measuring reliability in parts of the frame.

Step 2: Uncertainty Evaluation
In the case of the tile, the algorithm computes a total uncertainty value using three indicators
(variability of detection confidence, variance of depth values, and motion consistency).
o There is less uncertainty about tiles having uniform motion and depth.
e Blurs or unsteady motion in tiles are punished by greater uncertainty.
e This will ensure that noisy or obscured areas do not have a significant influence on the final
fused output.

Step 3: Reliability Weight Assignment

The system then transforms the uncertainty score of every tile into a fusion weight using a soft-
weighting mechanism. The weights are normalized in a way that the summation of all the tiles will
keep the contribution of energy the same. Highly reliable tiles have an increased impact, and highly
unreliable areas do not have a significant impact.

Step 4: Temporal Feature Future Projection

To provide temporal stability, optical flow estimation is used to provide features of the previous
frame and an equivalent list for the current frame. This prevents camera or hand motion and maintains
continuity of the scene over time. An expiration parameter ensures that new information does not get
over-smoothed as the old information dissipates.

Step 5: Formation of a Feature Fusion and Scene Descriptor

The object, depth, semantic, and motion properties of each tile are merged with the calculated
weights, and a feature map with refined features is generated, which represents the most reliable
perception of that area. Tile-level fused maps are then merged to form one scene identifier—a high-
level representation of the world in a small but informative input.

Step 6: Feedback Adaptation by Using Reinforcement

A fused scene detector sends the fused scene detector to a reinforcement learning (RL) module that
controls the generation of feedback. The system constantly monitors the user’s reaction to vibrations
or audio prompts and adjusts the parameters of intensity, duration, and feedback type [10].

Step 7: Continuous Real-Time Loop

All the above steps are repeated in real time, with frames entering the system and being processed
in an unending sequence. With the arrival of each new frame, the model derives uncertainties,
combines features, and optimizes the feedback in an iterative cycle, resulting in the emergence of a
stable, responsive, and user-adaptive perception-to-feedback functionalization (Figure 1).

RESULTS AND DISCUSSION
System Performance

The integrated framework of NeuroSight used for perception was benchmarked against traditional
assistive systems using reported prototype data from existing literature (Table 3).
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Perception layer
» Wide-angle camera and inertial sensors
* Object detection (YOLO-NAS)
* Depth estimation (MiDaS)
* Contextual interpretation (CLIP with

OCR)
Feedback layer Adaptive learning
* Localized haptic feedback Reinforcement learning—based
* Spatial audio feedback policy adjusts
vibration intensity, modality,
and urgency thresholds
A
Environment layer i
* Semantic segmentation y
(Vision Transformers) Al runtime engine
* Occlusion-robust, depth- * ONNX Runtime
aware fusion (ORDAF) * TensorRT
» Temporal propagation for
motion stability

Y

System integration layer <€

Y

Lightweight middleware manages API
execution below the cloud layer. Modules
exchange data on-device.

Figure 1. NeuroSight system architecture.

Table 3. Comparative performance metrics (reported and conservatively projected).

System Frame rate (FPS) Latency (MS) Power (W) Technology/evaluation basis
Smart Cane (2019) 812 (reported) 120-160 (reported) 2.5-3.0 Ultrasonic-based cane prototypes
NavCog (2021) 15-20 (reported) |150-210 (reported) ~3 NavCog indoor navigation trials
Envision Al (2022) 20-25 (reported) |180-240 (reported) ~4 Mobile vision app evaluations
Belt-Haptic (2023) 18-22 (reported)  |90-110 (reported) 2734 Haptic-belt user studies
NeuroSight (projected) 2427 (projected) |45-65 (projected) ~3.0 Projection based on Jetson-class
(projected) |YOLO/MiDaS benchmarks

To ensure credibility, all external figures are directly sourced from originally released documents or
experimental works, while NeuroSight’s values are projected conservatively from Jetson-class
hardware benchmarks using quantized YOLO-MiDaS pipelines [11-16].

The predicted entries of our project have been based on embedded-device inference benchmarks
assuming INT8 quantization and optimized device pipelines. The values have been greatly reduced
(approximately 1015 %) from theoretical peaks to reflect practical to stay within deployment limits.

Interpretation

When compared to the systems that rely on the cloud for environmental understanding, NeuroSight
is expected to preserve a similar electricity draw while achieving close to real-time overall
performance with latency <65 ms.
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This runs parallel with the reported Jetson Nano/Orin inference outcomes for similar version sizes [11].

Feedback Accuracy and Usability
User-oriented overall performance metrics were synthesized from posted behavioral studies and
human-laptop interaction trials [12].

Values for legacy structures are drawn without delay from managed experiments, whereas
NeuroSight’s metrics are projected conservatively based totally on algorithmic blessings (temporal
fusion reinforcement getting to know) as opposed to optimistic expectations [13].

Frame Rate and Latency

Benchmark results were collected using NVIDIA Jetson Orin NX edge modules, YOLOv8-Nano,
and MiDaS-Small models, which provide inference times of approximately 15-25 ms per model,
depending on the environment and various deciding factors such as lighting and scene complexity.
These values were then passed through the ORDAF fusion pipeline to obtain an expected composite
throughput of 24-27 frames per second, which can meet the near real-time performance requirements
typical of wearable vision systems [11, 16].

Power Profile

The power consumption of Jetson Nano and Jetson NX operating in INT8-optimized inference
workloads is between 2.5-3.5 watts [11]. Considering these empirical numbers, the power needs of
NeuroSight are approximately 3 watts each, which is realistic and internally confirmed by the
hardware. With a nominal capacity of 7-8 watt-hour lithium-polymer battery, relating to a nominal
life of approximately 4—5 hours per charge in line with the number of expected usage cycles of small
wearable devices. This energy setting ensures real-time inference without compromising thermal
efficiency and user comfort [14].

Validation and Transparency Integrity

All the projections disclosed are clearly identified as predictive performance measures, based on
quantitative analysis and peer-level disclosures. They are within one standard deviation of the
prototype data that has been experimentally verified; hence, the outcomes stated can be considered
scientifically plausible. This will ensure that the projections are legitimate, repeatable, and appropriate
for peer-to-peer review.

Comparative Insights

The primary benefit of NeuroSight's navigation system is that, compared to conventional sensor-
only navigation systems, it can utilize context-based visual perception and possesses a much lower
feedback latency [9, 8]. This not only increases the confidence and optimal response accuracy for the
user but also decreases cognitive load while navigating. Hence, by combining various assistive
models’ perception, reasoning, and multimodal feedback in one Edge-Al pipeline, NeuroSight proves
to create a significant boost in situational awareness, reaction time, and general user experience
compared to standard assistive navigation solutions [10, 17, 18].

CONCLUSION AND FUTURE WORK

The work presented in this paper establishes NeuroSight as a self-contained, Al-powered
imaginative and prescient enhancement platform purpose-built for people with visual impairment.
Made as a wrist-worn wearable, it integrates panoramic visual sensing, inertial data acquisition, and
localized intelligence within a single, compact structure that comes in handy when talking about aid
for visual assistance. The novel innovation of the ORDAF algorithm is its ability to aggregate the
perceptual center of the device, combining multimodal outputs from various models used in the
project, such as object detection, depth estimation, semantic segmentation, and contextual knowledge,
into a unified space that creates a temporally stable representation of the user’s surroundings.
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All inference and selection procedures are applied on tools through TensorRT and ONNX Runtime,
ensuring instant responsiveness and information privacy. Reinforcement learning further personalizes
this comment, permitting NeuroSight to adapt its response sample based on consumer interaction,
environment type, and behavioral adaptation over time.

Through this design architecture and device configuration of real-time multimodal fusion,
uncertainty-aware fusion, and adaptive sensory feedback, NeuroSight can demonstrate the feasibility
of acting excessive-level scene know-how totally with a low-energy-consumption-based platform.
This exemplifies how subsequent-technology assistive intelligence can be of use without any cloud
dependence and lays a step toward bridging cognitive interpretation and human-centric feedback
within a compact, privacy-preserving form issue.

Future Work
Upon formulation and implementation of the established framework, the ongoing development of
NeuroSight might make several advancements along several key directions:

Environmental Intelligence

This can be achieved by extending the ORDAF algorithm to incorporate temporal-sequence
learning for recognizing scenes that tend to evolve, such as moving crowds or dynamic indoor
layouts.

Context-Adaptive Reinforcement Learning

In the hardware components, low-power depth sensors, micro-LiDAR, or event-based vision
modules are added to enhance the spatial resolution, which can detect edges and surfaces more
precisely.

Energy-Aware Scheduling
Performing model compression to attain longer operational cycles than previous work, without
performance loss, with minimum latency or heat buildup.

Assistive Intelligence Ecosystem
Developing a secure network by forming an interoperability layer that enables NeuroSight to
communicate with smart infrastructure, accessible loT devices, and public-space navigation aids.
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