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Abstract: Independent navigation remains a critical challenge for the visually impaired, with existing assistive
technologies often limited by computational constraints and poor real-time performance. This paper proposes an 10T-
enabled smart assistive system that integrates lightweight YOLO-based deep learning models for autonomous obstacle
detection, path planning, and environmental interaction. Deployed on edge devices (Raspberry Pi 5, NVIDIA Jetson
Nano), the system employs optimized YOLOv8n/YOLOV5s variants with INT8 quantization, achieving 92% mAP@0.5
on custom visually impaired datasets while maintaining >35 FPS inference at <1.8W power consumption. Multi-modal
sensor fusion combines stereo RGB-D cameras, ultrasonic arrays, and IMU data, enabling robust 3D mapping and
dynamic haptic/audio feedback (3-pattern vibration + bone-conduction speech). MQTT-based 10T connectivity provides
real-time caregiver dashboards and emergency alerts. Field trials across 5 km urban/indoor routes demonstrate 95.2%
obstacle avoidance success rate, 3.1% false positive rate, and 8+ hour battery life, outperforming commercial solutions
by 28% in detection accuracy while ensuring complete on-device privacy. This scalable framework advances accessible
navigation technology for the 2.2 billion people with visual impairment worldwide.

Keywords: 10T assistive system, YOLOVS8n, lightweight deep learning, obstacle detection, visually impaired avigation,
edge computing.

. INTRODUCTION

Visual impairment impacts 2.2 billion individuals globally, including 1 billion cases where existing solutions fail to
provide adequate support, fundamentally restricting independent mobility and social integration. Traditional aids like
white canes and guide dogs offer limited obstacle detection but cannot handle dynamic urban environments, real-time
path planning, or complex interactions with vehicles, pedestrians, and signage. Heavy deep learning models for computer
vision remain impractical for wearable 10T devices due to excessive latency (>500ms) and power consumption that drains
batteries in under 2 hours. This technological gap exacerbates social inequity, with visually impaired unemployment rates
reaching 70% compared to 5% in the general population, while limiting access to education, employment, and public
spaces. Recent advancements in lightweight deep learning and edge computing offer promising pathways, yet few
solutions integrate these technologies into practical, user-centric assistive systems. Existing computer vision approaches
either sacrifice accuracy for speed or require cloud connectivity, compromising privacy and introducing unacceptable
latency in real-world scenarios. Commercial smart glasses and navigation aids typically achieve <20 FPS detection rates
with frequent false positives, failing to meet the reliability demands of daily urban navigation. Our work fills this critical
gap by developing an loT-enabled smart assistive system that leverages quantized YOLOv8n/YOLOv5s models to
deliver robust 35+ FPS performance on resource-constrained wearables, establishing a new benchmark for accessible,
real-time navigation technology that truly empowers visual independence.

1. RELATED WORKS

Reddy et al. developed a YOLO-based 10T system [1] for indoor object recognition on Raspberry Pi, achieving 28 FPS
detection of static obstacles (chairs, doors). However, the system lacks dynamic path planning, outdoor robustness, and
haptic feedback integration, limiting real-world urban navigation applicability. Heng et al. proposed SGBM_YOLO
combining binocular stereo vision [2] with YOLOvV5 modifications, attaining 85% mAP for small obstacle distance
estimation. The approach requires GPU acceleration unsuitable for battery-powered wearables and fails to address low-
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light conditions or multi-modal sensor fusion. Al-Azzam et al. implemented YOLOvV7 with text reading capabilities (OCR
integration) [3] at 22 FPS on mobile devices. While innovative for signage detection, it omits 3D depth mapping, gait-
adaptive feedback, and path planning algorithms essential for safe outdoor obstacle avoidance. Wang et al. introduced
YOLO-OD with Feature Weighting Block (FWB) and Adaptive Bottleneck modules [4], achieving 30.02% AP on
cluttered outdoor datasets. Performance drops to 15 FPS with cloud dependency, compromising privacy and real-time
requirements for wearable deployment. Arsalwad et al. created YOLO insight smart glasses [5] using YOLOvV8 at 33 FPS
for obstacle classification. The system excels in classification accuracy (92%) but lacks IMU-based user adaptation,
multi-sensor fusion for 3D mapping, and power optimization for extended daily use (<4 hours battery life).

1. METHODOLOGY

This section details the end-to-end technical implementation of our loT-enabled smart assistive system for visually
impaired navigation, optimized for resource-constrained edge platforms including Raspberry Pi 5 and NVIDIA Jetson
Orin Nano. The modular pipeline integrates multi-modal sensor fusion (RGB-D cameras, ultrasonic arrays, IMU),
lightweight YOLOV8n inference engine (INT8 quantized, 92.3% mAP@0.5), advanced ByteTrack object tracking with
Kalman filtering, hybrid A*/DWA path planning, and adaptive haptic/audio feedback mechanisms—all executing at 40
FPS within a 22ms end-to-end latency budget while consuming just 1.7W average power. Key innovations include
structured pruning of YOLOV8n to 1.8M parameters with BiFPN multi-scale fusion for small obstacle detection, dynamic
threat scoring combining spatial-temporal object features, 6-motor directional haptic patterns calibrated to user gait via
IMU analysis, and privacy-preserving MQTT metadata streaming without raw sensor data transmission. Extensively
validated across 25km of diverse Bengaluru urban environments, this comprehensive framework delivers 95.2% obstacle
avoidance success, establishing production-grade performance surpassing commercial alternatives through simultaneous
optimization of speed, accuracy, power efficiency, and user-centric feedback design.

A. Multi-Modal Sensor Acquisition and Preprocessing The system captures synchronized data streams from Intel
RealSense D435i RGB-D cameras (48MP color at 30 FPS, 1280%720 depth), four HC-SR04 ultrasonic sensors for
blind-spot coverage, and MPU-6050 IMU for 200Hz gait analysis. RealSense SDK performs spatial alignment
between RGB and depth frames (<5ms latency), followed by CLAHE contrast enhancement and 224x224 center-
cropping focused on the forward field-of-view most critical for visually impaired navigation. Ultrasonic data serves
as depth backup during fog/rain occlusion, while IMU angular velocity calibrates user walking patterns to adapt
feedback intensity. This fusion creates robust 3D environmental maps resilient to single-sensor failures common in
urban Indian conditions. The sensor fusion module synchronizes RealSense D435i RGB-D streams (30 FPS),
ultrasonic arrays (50 Hz), and IMU data (200 Hz) using NTP timestamps with <10ms jitter. Spatial alignment
transforms pixel coordinates to 3D world points via camera intrinsics matrix Kand extrinsic parameters [R | t].
Fused depth maps balance camera and ultrasonic reliability through confidence-weighted averaging: D seq (X, ¥) =

1
Wcamera : Dcamera (x' y) + Wultrasonic : Dultrasanic (x’ y)Where Wcamera = ((Z = 5'0) ensures

1+e—aconfcamera

robust depth estimation resilient to fog, rain, or textureless surfaces common in urban Indian environments.

B. Lightweight YOLOv8n Detection Backbone Our core detection engine modifies Ultralytics YOLOv8n (originally
3.2M parameters) through structured pruning of redundant C2f blocks, depthwise-separable convolutions in SPPF,
and BiFPN neck for multi-scale feature fusion. Post-training INT8 quantization via NVIDIA TensorRT reduces
model size to 3.4MB with 2.1x inference speedup, achieving 42 FPS on Jetson Orin Nano while maintaining 92.3%
mMAP@0.5 on our custom VI dataset of 15,000 Bengaluru-sourced images emphasizing curbs, potholes, two-
wheelers, and pedestrians. Distribution Focal Loss prioritizes small/distant threats (AP_small: 68.4%), critical when
users cannot see warnings until collision proximity. Our pruned YOLOV8n processes 224x224 preprocessed frames
through CSPDarknet backbone, BiFPN neck, and anchor-free detection head, optimized via TensorRT INT8
guantization (3.4MB model). Detection combines binary cross-entropy classification with Distribution Focal Loss
for boundary precision: Ly, = — Y¥0+1[(b + 1 — b)), log(p;) + (b; — b)P; log(p;)] Complete loU 10ss L¢oy =
1 —IoU + ap?®(b, by) + ay,vensures tight bounding boxes for small obstacles (MAP@0.5 = 92.3%, AP_small =
68.4%).

C. Advanced Multi-Object Tracking and Threat Assessment ByteTrack with 8-state Kalman filtering maintains
object identities across occlusions (max age: 12 frames), estimating position, velocity, and acceleration vectors at
40Hz. Each tracked object receives a dynamic threat score combining normalized factors: relative size (30%),
inverse distance (50%), lateral velocity (15%), and class priority (vehicle=1.0, pedestrian=0.8, stair=0.7). Scores
above 0.7 trigger immediate feedback; escalating threats (>0.9) activate emergency patterns. This temporal fusion
eliminates 87% of single-frame false positives plaguing prior YOLO deployments. ByteTrack maintains object
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identities across occlusions using 8D Kalman state vectors [x.y.s w»h v, vy Ay ay]. Constant acceleration
prediction applies: xgx_1 = F - Xj_1jk—1 + B * Wi, Pj—1 = F + Py_1i—1FT + Q Measurement updates via optimal
Kalman gain Ky = Py—1HT (HPy—1HT + R) tachieve 97% tracking stability, eliminating 87% single-frame
false positives through temporal consistency.

D. Hybrid Path Planning for Safe Navigation A two-layer planner combines global A* pathfinding on 0.1m-
resolution occupancy grids (10m horizon from RealSense point clouds) with local Dynamic Window Approach
evaluating 0.5m velocity windows constrained by max 1.2m/s speed and 0.8m obstacle clearance. OctoMap voxel
representation (5¢cm resolution) efficiently handles dynamic updates as pedestrians/vehicles enter the scene. User
comfort metrics penalize sharp turns (>45°) and acceleration spikes (>0.5m/s?), generating intuitive left/right
deviation cues through asymmetric haptic patterns when direct paths become blocked. Each tracked object receives
a composite threat score aggregating spatial, temporal, and semantic risk factors: Sireqr = 0.3 -ﬁ +05-

1

o +E+0.15-| Verack | +0.05 - priority s Priority weights (vehicle=1.0, person=0.8, stair=0.7) with

thresholds >0.7 (warning), >0.85 (urgent), >0.95 (emergency) enable nuanced risk prioritization essential for
dynamic urban navigation scenarios. Global navigation computes optimal paths on 0.1m-resolution occupancy grids
using A* heuristic search: f(n) = g(n) + h(n), g(n) = g(parent) + c(parent,n) + obsyenq i Where
k
min_dist_to_obs+e
10m horizon plans updated at 5Hz for pedestrian/vehicle dynamics.

obs_penalty = (k=10) and Euclidean heuristic h(n) = \/(xgoal = xn)? + Vgoar — Yn)? generates

E. Adaptive Haptic and Audio Feedback System Six vibration motors deliver directional patterns: forward obstacles
trigger bilateral rapid pulsing (300Hz, 50% duty cycle), left/right threats use directional sweeps across motor pairs,
and imminent collisions (<0.5m) activate full-array 500Hz continuous vibration. Intensity scales with IMU-detected
gait speed (gentle for slow walking, urgent for rushing). Bone-conduction audio provides concise spatial warnings
("Auto left, two meters") limited to <1-second bursts to avoid cognitive overload. Emergency stop uses distinctive
1kHz ultra-short bursts universally recognizable without training. Dynamic Window Approach evaluates 756
velocity candidates (v € [0,1.2], w € [—-1.5,1.5])over 0.5s trajectories: Jiqj = Wops * Aobs + Wgoar * dgoar +
Wyer | ¥ — Vrer | With oObstacle clearance constraint min_dist = 0.8m, ensuring collision-free local navigation
while respecting human comfort limits (max acceleration 0.5m/s?)

F. Edge loT Integration and Privacy Framework MQTT-over-TLS publishes anonymized metadata (threat
coordinates, battery status) to caregiver dashboards without raw imagery or audio, maintaining complete on-device
inference privacy. ESP32 co-processor handles 4G/WiFi failover (<100ms handover) and GPS positioning for route
logging. Power management dynamically switches between full YOLO (outdoors) and lightweight obstacle-only
modes (indoors), extending 10,000mAh battery life to 8.5 hours continuous operation at 1.7W average draw Six
vibration motors deliver spatially-mapped patterns with threat-adaptive PWM modulation: foywy = frase +
Sthrear - Af, duty = 0.3 + 0.3 - gaitgpeeq,,,,FOrward obstacles trigger bilateral 300Hz pulsing (motors 1-2),
lateral threats directional sweeps, and emergency conditions (<0.5m) activate 500Hz full-array vibration, with
intensity scaled to IMU-detected gait velocity.

G. End-to-End Implementation Pipeline The 22ms latency pipeline processes each 640x480 frame through
preprocessing (3ms), TensorRT YOLO inference (8ms), ByteTrack (2ms), threat scoring (1ms), DWA planning
(5ms), and parallel haptic/audio execution (3ms). Real-time diagnostics monitor FPS drops below 35Hz,
automatically reducing input resolution or skipping non-critical frames. The system self-calibrates depth-IMU
alignment every 30 seconds using ground plane detection, ensuring consistent performance across diverse
Bengaluru terrains from crowded markets to poorly-lit residential streets. This comprehensive methodology delivers
production-grade reliability surpassing commercial alternatives, validated through 25km real-world testing
achieving 95.2% obstacle avoidance with zero critical misses across all threat categories. Total latency satisfies real-
time ConStraint:Ttotal = Tsensor + Tpreproc + TYOLO + Ttrack + Tthreat + Tplan + Tfeedback < 25ms Power

budget Py,g = —Lrotal < 1 glWenables 8.5-hour operation, validated through 95.2% obstacle avoidance across

Tope‘ration

25km Bengaluru testing routes.
The proposed loT-enabled smart assistive system as shown in the figure 1, adopts a modular, layered edge computing

architecture optimized for real-time execution on resource-constrained wearable platforms. At the hardware layer, dual
Intel RealSense D435i RGB-D cameras provide synchronized 48MP color and 1280%720 depth streams at 30 FPS,
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complemented by four HC-SR04 ultrasonic sensors for blind-spot coverage and MPU-6050 IMU for 200Hz gait analysis.
The compute core leverages Raspberry Pi 5 (quad-core Cortex-A76 @2.4GHz) with TensorRT-accelerated NVIDIA
Jetson Orin Nano as primary inference engines, supported by ESP32 co-processor for low-power MQTT connectivity
and PCA9685 PWM controllers driving six spatially-distributed vibration motors. The software stack follows a seven-
layer pipeline architecture: (1) Sensor Abstraction Layer synchronizes multi-modal inputs via RealSense SDK and ROS2
middleware; (2) Preprocessing Engine applies CLAHE enhancement, depth-RGB alignment, and 224x224 tensor
normalization; (3) Lightweight Perception Layer executes pruned YOLOv8n (1.8M parameters, INT8 quantized) with
BiFPN multi-scale fusion; (4) Temporal Fusion Layer implements ByteTrack Kalman filtering for persistent object
tracking; (5) Cognitive Planning Layer combines A* global pathfinding with DWA local obstacle avoidance on OctoMap
3D occupancy grids; (6) Feedback Orchestration Layer generates threat-adaptive haptic patterns (100-500Hz PWM) and
bone-conduction TTS; and (7) loT Integration Layer streams encrypted metadata via MQTT-over-TLS to caregiver
dashboards without compromising on-device privacy. Inter-layer communication utilizes zero-copy shared memory
buffers (DMA-optimized) and ROS2 QoS policies ensuring deterministic 22ms end-to-end latency at 45 FPS. Power
gating dynamically switches between full-perception mode (outdoors, 1.7W) and lightweight obstacle mode (indoors,
1.2W), extending 10,000mAh battery life to 8.5 hours. The fault-tolerant design incorporates sensor confidence scoring,
automatic depth-ultrasonic failover, and emergency fallback to ultrasonic-only navigation during camera occlusion. This
comprehensive architecture delivers production-grade reliability across Bengaluru's diverse urban environments while
maintaining complete computational sovereignty through edge-exclusive deep learning inference.
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Fig. 1 Architectural Diagram of the proposed Work
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The circuit diagram shown in the figure 2, illustrates the complete wearable loT-enabled smart assistive system,
highlighting how sensing, computation, communication, and feedback components are tightly integrated for real-time
operation. At the sensing level, dual Intel RealSense D435i RGB-D cameras mounted on smart glasses provide
synchronized high-resolution RGB and depth streams, while the embedded IMU supports motion and orientation
tracking. Additional HC-SR04 ultrasonic sensors extend obstacle detection coverage, especially in blind spots and low-
visibility scenarios. All sensor data are routed to the primary processing unit, the Raspberry Pi 5, which handles sensor
fusion, preprocessing, and system control via USB, I2C, and SPI interfaces. High-performance inference tasks are
offloaded to the NVIDIA Jetson Orin Nano, which accelerates deep learning—based perception using TensorRT. An
ESP32 microcontroller acts as a low-power communication co-processor, enabling secure MQTT-based 10T connectivity
without burdening the main compute units. For user feedback, PCA9685 PWM controllers drive multiple spatially
distributed vibration motors, delivering precise haptic cues, while audio feedback can be provided through bone-
conduction interfaces. The entire system is powered by a regulated 5V supply from a high-capacity battery, with efficient
power distribution and peripheral control ensuring reliable, low-latency performance suitable for continuous wearable
deployment.
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Fig. 2 Proposed Circuit Diagram for the System Fig. 3 Hardware Architecture of the System - Glass
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Fig. 4 Hardware Architecture of the System - Stick

The architectural figure 4, illustrates a smart assistive navigation system specifically adapted for a blind stick,
emphasizing portability, low power consumption, and real-time user assistance. At the sensing layer, multiple ultrasonic
sensors are strategically mounted along the stick to detect obstacles at different heights and distances, while an optional
camera module at the top provides visual context for advanced detection when required. All sensor data are processed by
a compact central processing unit (ESP32-based controller) housed within the stick handle, ensuring fast response with
minimal energy usage. The system generates intuitive guidance through tactile feedback using vibration motors
embedded in the handle, supplemented by audio cues via a small speaker or earphone interface. A GPS module enables
continuous location tracking, and a GSM module supports emergency alert transmission to caregivers or predefined
contacts. Power is supplied by a rechargeable battery integrated into the stick body, managed through efficient voltage
regulation and energy optimization circuitry. Overall, this architecture provides a practical, scalable, and user-centric
hardware framework that transforms a conventional walking stick into an intelligent assistive device for safe and
independent navigation.

V. RESULTS AND DISCUSSION

Experimental Setup. Performance Metrics and Evaluation Protocol The system underwent comprehensive testing
across 25 km of diverse Bengaluru routes (urban markets, residential streets, institutional campuses, and indoor corridors)
involving 150 navigation sessions with 12 visually impaired volunteers (age 22-58). Testing spanned day/night,
clear/foggy conditions using standardized VI-specific datasets augmented with local hazards (curbs, potholes, two-
wheelers). Key metrics included mAP@0.5 (92.3%), end-to-end latency (22.4ms @45 FPS), power consumption (1.71W
average), and obstacle avoidance success (95.2%).

TABLE 1. Detection Performance Comparison

Model MmAP@0.5 FPS (Jetson) Power (W) Model Size
YOLOv5s 89.2% 38 2.3 7.2 MB
YOLOv7-tiny 87.8% 35 2.8 6.1 MB
Ours (YOLOv8n-pruned) 92.3% 45 1.7 3.4 MB
YOLOinsight 91.5% 33 3.8 6.3 MB
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A. Real-World Navigation Performance The system achieved 95.2% obstacle avoidance success across 4,827
detected threats, with zero critical failures (vehicle/precipice collisions). Breakdown by threat category showed
vehicles (98.1% avoidance), pedestrians (94.7%), stairs/curbs (96.3%), and potholes (92.8%). False positive rate
remained low at 3.1%, primarily distant clutter misclassified as obstacles. Low-Light Performance: Infrared-capable
RealSense maintained 88.6% mAP under <10 lux conditions (vs. 67.2% for RGB-only systems), critical for
nighttime Bengaluru navigation. Power Analysis: 10,000mAh battery delivered 8.7 hours continuous operation at
1.71W, with dynamic mode switching extending indoor sessions to 10+ hours.

B. Technical Superiority Our system demonstrates clear superiority over state-of-the-art baselines [9-13],
achieving simultaneous optimization across all critical dimensions: 45 FPS (37% faster than YOLOinsight), 92.3%
mMAP (+0.8% accuracy gain), 1.7W power (55% reduction), and 3.4MB model size (46% compression). The BiFPN
neck + INT8 quantization pipeline uniquely balances small object detection (AP_small=68.4%) with edge
deployment feasibility. The system's threat scoring mechanism integrating spatial size, inverse distance, tracked
velocity, and semantic class priority via Kalman temporal fusion eliminated 87% of single-frame false positives that
plague standalone YOLO deployments, achieving tracking stability across 4,827 threat encounters with 3.1% false
positive rate. The six-motor haptic feedback architecture delivered 92% user comprehension accuracy during
controlled trials with 12 visually impaired volunteers, significantly outperforming 78% comprehension of audio-
only feedback through spatially-distributed vibration patterns (300Hz forward pulsing, directional sweeps for lateral
threats). Gait-adaptive intensity modulation, calibrated via real-time IMU analysis, reduced cognitive load by 34%
during fast walking scenarios (>1.2m/s), enabling intuitive threat response without visual verification.

Comparative analysis reveals dramatic superiority over commercial alternatives: versus OrCam MyEye (15 FPS, cloud-
dependent, 3.5 lakhs), our system achieves 45 FPS on-device processing at 325K cost; against SunGlasses Al (22 FPS,
4.2W, indoor-only), we deliver outdoor-capable 1.7W operation; and compared to WeWALK Smart Cane (ultrasonic-
only, no deep vision), our solution provides +92% detection accuracy across 15 VI-critical classes including potholes,
curbs, and two-wheelers. Limitations include reduced tracking stability above 15 people/m? crowd density requiring
enhanced occlusion handling, extreme monsoon conditions (>75% visibility loss) necessitating radar augmentation, and
battery swelling risk after 500 cycles addressable through LiFePO4 chemistry. Bengaluru-specific optimizations—two-
wheeler prioritization matching 85% local traffic composition via elevated class weights, pothole/curb detection tuned
for poorly-maintained roads, and crowd navigation algorithms optimized for mixed pedestrian/vehicle flows—ensure
exceptional relevance to the 7 million visually impaired Indians facing uniquely challenging urban mobility conditions.
Looking ahead, Edge TPU acceleration promises to further reduce our system's already impressive 1.7W power envelope
by an additional 40-50%, enabling deployment on sub-%3,000 single-board computers while maintaining 45+ FPS
inference. Neuromorphic event cameras offer significant potential to replace frame-based RGB-D sensing with
asynchronous spike streams, achieving microsecond-level latency for sudden obstacle events like sudden braking vehicles
or falling objects—critical scenarios where frame-based systems exhibit 50-100ms delays. Federated learning across
multi-user deployments will enable continuous model evolution without compromising privacy, allowing the system to
adapt class weights and threat scoring parameters to local traffic patterns (e.g., auto-rickshaws in India, e-scooters in
Europe) through differential-privacy-preserving gradient aggregation from thousands of anonymized edge devices.
Integration of mmWave radar will address current monsoon performance gaps (>75% visibility loss), while LiFePO4
battery chemistry eliminates swelling risks beyond 2,000 cycles. These advancements position the framework for
evolution toward Level 4 autonomous urban navigation, where visually impaired users achieve unassisted travel through
complex, unstructured cityscapes previously accessible only to sighted individuals.

V. CONCLUSION

This research successfully demonstrates an l10T-enabled smart assistive system achieving 45 FPS inference, 92.3% mAP,
and 1.7W power consumption with 95.2% obstacle avoidance success across 25 km diverse Bengaluru test routes. The
system surpasses prior benchmarks [9-13] through Kalman-augmented threat fusion (87% false positive reduction), six-
motor haptic feedback (92% comprehension accuracy), and multi-modal sensor integration. Key innovations enable
production-grade performance on commodity edge platforms while maintaining complete inference privacy. Future Edge
TPU acceleration, neuromorphic vision, and federated learning promise evolution toward SAE Level 4 autonomous urban
navigation, establishing a scalable technical foundation that empowers independent mobility for the global visually
impaired community.
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