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Abstract

Visual impairment (VI) affects over two billion people globally, with prevalence increasing
due to preventable conditions. To address mobility and navigation challenges, this study
presents a multi-platform, multi-sensor Electronic Travel Aid (ETA) integrating a combina-
tion of ultrasonic, LiDAR, and vision-based sensing across head-, torso-, and cane-mounted
nodes. Grounded in orientation and mobility (OM) principles, the system delivers context-
aware haptic and auditory feedback to enhance perception and independence for users
with VI. The ETA employs a hardware–software co-design approach guided by proxemic
theory, comprising three autonomous components—Glasses, Belt, and Cane nodes—each
optimized for a distinct spatial zone while maintaining overlap for redundancy. Embedded
ESP32 microcontrollers enable low-latency sensor fusion providing real-time multi-modal
user feedback. Static and dynamic experiments using a custom-built motion rig evaluated
detection accuracy and feedback latency under repeatable laboratory conditions. Results
demonstrate millimetre-level accuracy and sub-30 ms proximity-to-feedback latency across
all nodes. The Cane node’s dual LiDAR achieved a coefficient of variation at most 0.04%,
while the Belt and Glasses nodes maintained mean detection errors below 1%. The validated
tri-modal ETA architecture establishes a scalable, resilient framework for safe, real-time
navigation—advancing sensory augmentation for individuals with VI.

Keywords: visual impairment; electronic travel aid; orientation and mobility; LiDAR;
ultrasonic sensing; sensor fusion; assistive technology; proxemic framework

1. Introduction
Visual impairment (VI) affects over two billion people worldwide, limiting indepen-

dence and access to spatial information required for safe mobility [1]. Orientation and
mobility (OM) research has long emphasized that navigation for individuals with VI relies
on accurate perception of environmental cues, spatial awareness, and the integration of
auditory, tactile, and proprioceptive feedback. Traditional aids such as the white cane or
guide dog remain indispensable but provide limited sensing range and context. Recent
advances in embedded electronics and low-power sensing have led to renewed interest
in Electronic Travel Aids (ETAs)—wearable or handheld devices that augment human
perception through technological means [2,3].

Despite decades of exploration, existing ETAs often face three persistent challenges.
First, most systems are confined to a single physical platform (e.g., head-, torso-, or cane-
mounted), restricting the perceptual field to one proxemic zone. Second, reliance on a
single sensing modality—typically ultrasonic or infrared—limits environmental fidelity
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and robustness under variable lighting or surface conditions. Third, user feedback mech-
anisms are frequently slow or ambiguous, reducing trust and usability. Consequently,
the integration of multi-sensor, multi-platform configurations that distribute perception
across the body remains an under-explored yet promising direction.

In this pioneering phase of the research, the primary objective is to develop a fully
functional prototype and to rigorously assess the efficacy and accuracy of its functional
components through objective, quantitative testing. Demonstrating the reliability and core
performance of the proposed device is a critical first step, and must be established before
broader considerations such as user experience and user interface can be meaningfully
addressed. User experience and interface design are undoubtedly essential to the long-term
success of the proposed assistive technology, but they depend on a proven foundation
of technical effectiveness and efficacy. As such, user testing involving human subjects,
and user experience, fall outside the scope of this study. A detailed investigation into
usability and user interaction will be undertaken as a critical part of future work once the
prototype’s fundamental capabilities have been validated.

This work presents a multi-platform, multi-sensor ETA that integrates complementary
sensing modalities—ultrasonic, LiDAR, and vision—across three physically distinct yet
functionally cooperative nodes: a head-mounted Glasses node, a torso-mounted Belt node,
and a ground-oriented Cane node. Each node covers a specific region of the user’s personal
space, ensuring continuous environmental awareness from head to ground. The design
follows Hall’s proxemic framework [4], which categorizes interpersonal space into personal,
near, and far zones. Mapping these zones onto the body enables targeted sensor placement,
overlap for redundancy, and context-appropriate feedback.

The system further incorporates orientation and mobility principles by translating
sensor data into multi-modal feedback—vibrations for immediate alerts, auditory tones
for directional information, and synthesized speech for semantic context. Embedded
microcontrollers (ESP32 family) process sensor data locally, maintaining low latency while
supporting modular expansion.

The contributions of this study are threefold. First, it presents the complete design
and implementation of a multi-platform ETA that integrates ultrasonic, LiDAR, and vision-
based sensing within a proxemic framework. Second, it reports a comprehensive evaluation
in which detection accuracy and feedback latency were measured for each node under
controlled laboratory conditions simulating Hall’s spatial zones. Third, it introduces
a custom autonomous testing platform developed to ensure repeatable and objective
performance assessment. The findings demonstrate millimetre-level precision and sub-
30 ms response times across all nodes, validating the system’s capacity to deliver timely and
proxemically aligned feedback. By uniting proxemic theory, orientation and mobility (OM)
principles, and hardware–software co-design, this study establishes a scalable architectural
framework for next-generation assistive mobility technologies.

The remainder of this paper is organized as follows. Section 2 presents an abridged
systematic review of the literature on ETAs to contextualize the proposed system and
highlight the contributions of this work. Section 3 outlines the theoretical framework
underpinning this study, discussing how individuals with VI perceive their surrounding
space and how this perception influences their OM—insights that inform the sensor plan
and overall design of the proposed system described in Section 4. Section 5 details the
quantitative experiments conducted to evaluate the accuracy and performance of the
developed ETA device, followed by analyses of the resulting data. The paper concludes
with a discussion in Section 6 and a summary of key findings and implications in Section 7.
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2. Related Work (Abridged)
ETAs augment non-visual perception by sensing the environment and conveying

information via auditory or haptic channels. In this context, a physical platform denotes the
wearable or handheld structure—e.g., cane shaft, belt strap, eyeglass frame—onto which
sensors and feedback modules are mounted. Platform choice determines ergonomics,
body-region coverage, and the cognitive effort required to interpret feedback. While multi-
region systems can broaden field of view (FoV), they often introduce added complexity in
integration and wearability.

To maintain relevance, only studies published from 2015 to the present were con-
sidered, with particular emphasis on the most recent six years (2020–2024) (percentages
reported below reflect counts as of the search end date). Of the 43 studies selected for
inclusion [5–47], approximately 74% (n = 32) were published during 2020–2025 [5–36].
Devices were analysed along three functional components—input, processing, and output
(Figure 1)—and by body placement. Most systems used a single body region (n = 23,
∼53%), commonly hand-based (e.g., cane-mounted modules), with two-region designs
comprising ∼30% (n = 13), and only seven devices (∼16%) spanning three distinct regions.
Notably, in most three-part designs, one body part was typically reserved for housing
processing and/or power units rather than for sensor placement. In such cases, additional
input sensors were not distributed across all worn components. The system proposed by
Gao et al. [47] was the only solution identified in this review that deployed input sensors
across three distinct body parts—the wrist, waist, and ankle. Concentration on one site
restricts spatial coverage and leaves blind spots; multi-part systems improve coverage but
can be fragile when a single failure degrades overall function.

Figure 1. Functional components of an ETA.

Input (Sensing Modalities) Table 1 summarises the input sensing strategies across re-
viewed ETA designs, detailing sensor types, modality counts, total sensors deployed,
and distinct placement distributions. Two primary input classes are most prevalent
among ETA designs: proximity sensors (ultrasonic, infrared, LiDAR) and image sensors
(RGB/RGB-D). Approximately half of the reviewed systems employed proximity sensing as
the main input, with ultrasonic sensors being the most prevalent; LiDAR, though less com-
mon, provided higher precision and more stable range measurements. Image-based ETAs,
leveraging RGB or RGB-D vision, enabled semantic scene understanding and contextual
awareness, although many lacked effective fusion with complementary sensing technolo-
gies. Across studies, sensors were most frequently concentrated around the hand or waist,
offering limited rear coverage and no configurations achieving full panoramic perception.

Processing (Architectures and Platforms) Table 2 summarises the processing hardware
strategies across reviewed ETA designs, detailing hardware and hardware type distri-
butions. Processing pipelines ranged from MCU-centric (microcontroller unit) designs
(ESP32/Arduino-class) for low-latency control to SBC-centric designs (e.g., Raspberry Pi,
Jetson) for on-device vision and ML inference. Hybrid or distributed approaches were
less common but promising: distributing sensing and computation across multiple input
sensor components can reduce latency, improve resilience, and support modular upgrades.
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However, standardized metrics linking processing choices to end-to-end responsiveness
(e.g., detection-to-feedback latency) were rarely reported.

Table 1. Summary of ETA systems categorized by input modality, sensor configuration, and body-part
distribution. Rows are ordered by increasing Sum of Sensors, followed by Sum of Distinct Input
Modalities, and then by Sum of Distinct Region Placement.

Input Modality
Type Sum of Sensors Sum of Distinct

Input Modalities

Modality
Technology
Deployed

Sum of Distinct
Region Placement Region Placement ETA Count References

Proximity 1 1 Ultrasonic 1 Arm 1 [32]
Proximity 1 1 LiDAR 1 Chest 1 [35]
Proximity 1 1 GPS 1 Foot 2 [11,23]
Proximity 1 1 LiDAR 1 Hand 1 [8]
Proximity 1 1 Ultrasonic 1 Hand 3 [18,28,30]
Proximity 1 1 Radar 1 Hand 1 [41]
Proximity 1 1 Ultrasonic 1 Waist 1 [37]

Image 1 1 RGBD-Camera 1 Head 3 [27,33,36]
Image 1 1 RGB-Camera 1 Head 3 [5,22,46]
Image 1 1 RGBD-Camera 1 Hand 2 [20,38]
Image 1 1 RGB-Camera 1 Hand 3 [21,44,45]

Image 1 1 RGB-Stereo
Camera 1 Chest 2 [9,40]

Image 1 1 RGBD-Camera 1 Chest 2 [25,26]
Image 1 1 RGB-Camera 1 Chest 4 [13,14,16,19]

Proximity 2 1 Infrared 1 Hand 1 [43]
Proximity 2 1 Infrared 1 Foot 1 [29]
Proximity 2 1 Ultrasonic 2 Hand, Foot 1 [17]
Proximity 2 1 Ultrasonic 2 Head, Hand 1 [34]
Proximity 2 2 Ultrasonic, Infrared 1 Hand 1 [42]

Image, Proximity 2 2 RGBD-Camera,
Ultrasonic 2 Head, Leg 1 [15]

Image, Proximity 2 2 RGBD-Camera,
Ultrasonic 2 Hand, Foot 1 [17]

Image, Proximity 2 2 RGB-Camera,
Ultrasonic 1 Head 1 [31]

Image, Proximity 2 2 RGB-Camera,
Ultrasonic 1 Waist 1 [31]

Proximity 3 1 Ultrasonic 1 Foot 1 [10]
Proximity 3 2 Ultrasonic, Infrared 1 Head, Hand 1 [7]
Proximity 4 1 Ultrasonic 2 Head, Hand 1 [12]
Proximity 4 1 Ultrasonic 3 Waist, Hand, Ankle 1 [47]

Image, Proximity 4 2 RGB-Camera,
Ultrasonic 2 Head, Hand 1 [6]

Proximity 7 1 LiDAR 1 Waist 1 [39]

Table 2. Summary of ETA systems grouped by processing hardware and hardware type distribution.

Processing Hardware Processing Hardware Type ETA Count References

Arduino Uno MCU 9 [6,7,17,18,28,34,37,41,47]
Arduino Nano MCU 2 [7,32]

ESP32 MCU 1 [30]
Mbed LPC1768 MCU 1 [39]

Infineon XMC4500 MCU 1 [41]
Bespoke MCU Device MCU 4 [23,40,43,45]

Raspberry Pi 4 SBC 4 [12,20,21,26]
Raspberry Pi 3 SBC 3 [24,30,31]

Raspberry Pi Zero SBC 1 [9]
NVIDIA Jetson Xavier/Nano SBC 3 [8,19,27]

Odroid XU4 SBC 1 [35]
NVIDIA Xavier NX SBC 1 [8]

Raspberry Pi (unspecified) SBC 2 [9,17]
Linux Computer Computer/Laptop 1 [44]

ASUS Laptop/UX310U Computer/Laptop 2 [25,46]
MacBook Laptop Computer/Laptop 1 [36]

Google Tango Tablet Computer/Laptop 1 [38]
Samsung Galaxy (A80, S5, S9) Phone 3 [16,23,45]

OnePlus/Android Phones Phone 3 [14,22,33]
iPhone 12 Pro Phone 1 [13]

Not mentioned (Android Mobile Device) Phone 5 [11,14,29,33,42]
INMO Air2 Commercial Glasses 1 [5]

Moverio BT-200 Commercial Glasses 1 [36]
Google Glasses Commercial Glasses 1 [22]

Output (feedback modalities). Table 3 summarises the feedback modality strategies
across reviewed ETA designs, detailing the modality type and feedback type distribu-
tions. Auditory feedback was most prevalent (speech or non-speech tones), sometimes



Technologies 2025, 13, 550 5 of 40

complemented by haptics. Speech affords clarity and semantic richness but can be slower
and raise cognitive load; non-speech tones and vibrotactile cues provide rapid alerts but
limited context. Truly multi-modal feedback (coordinated speech + non-speech audio +
haptics) was uncommon, and few studies examined perceptual latency or user workload
systematically. Solutions that avoided occlusive headphones (e.g., bone conduction, open
speakers, localized buzzers) better preserved environmental hearing.

Table 3. Summary of ETA systems grouped by output modality and output sensor type distribution.

Modality Type Feedback Type ETA Count References

Auditory Non-speech 8 [19,21,27,30,33–35,40]
Auditory Speech 15 [5,6,10,11,13,18,20,22–24,26,29,31,32,38]

Tactus Pressure & Vibration 2 [9,43]
Tactus Vibration 5 [8,11,20,23,44]

Tactus + Auditory Force Feedback & Speech 1 [8]
Tactus + Auditory Speech & Non-speech 2 [14,25]
Tactus + Auditory Vibration & Non-speech 5 [12,14,16,41,47]
Tactus + Auditory Vibration & Speech 5 [15,28,39,42,46]

Synthesis and gaps. Two ETA solutions [11,23] developed by Kammoun et al. and
Tachiquin et al. are noteworthy for their use of Global Positioning System (GPS) technology
as a primary sensor. Although GPS is not inherently a proximity sensor and has a limited
sensing resolution, these solutions leveraged global positioning data related to buildings
and other defined landmarks to approximate the distance between the user and these
landmarks, effectively repurposing GPS as an indirect proximity sensor.

Among the reviewed ETA solutions, the preferred input modality was ultrasonic
sensing, accounting for approximately 62% of all designs. The majority of these designs
focused on hand-based configurations [7,8,12,17,18,28,30,32,34,37,41–43,47], representing
about 67% (n = 14) of the reviewed systems and typically taking the form of handheld canes,
gloves, or wrist-mounted devices. Only four ETA designs [12,17,34,47] distributed primary
sensors across multiple body regions, with one system [47] incorporating identical sensors
on three distinct body parts; however, none included rear-facing detection capabilities.

Approximately 35% (n = 15) of the reviewed ETA designs [6,7,9,11,12,14,17,22,23,29,
34,36,39,45,47] incorporated multiple processing components, combining diverse devices
to distribute computational loads or dedicate hardware to specific functions such as feed-
back generation. Within this distribution, MCUs accounted for roughly 36% (n = 19) of
implementations, favoured for their low power consumption, compactness, and suitability
for real-time control tasks. SBCs were used in about 32% (n = 17) of systems, offering
higher computational capacity for vision processing and machine learning tasks—often
employing Raspberry Pi or NVIDIA Jetson platforms. Smartphones and tablets appeared
in approximately 19% (n = 10) of studies, leveraging built-in sensors, connectivity, and user
interfaces, though with trade-offs in power efficiency and hardware variability. Propri-
etary smart glasses [5,22,36] and laptops [25,36,46] each constituted about 6% (n = 3) of
implementations, while desktop computers [44] were least common (2%, n = 1), primarily
used for prototyping and software development. Collectively, these findings highlight a
trend toward distributed, multi-component architectures that exploit the complementary
strengths of MCUs for embedded control, SBCs for advanced computation, and mobile or
wearable devices for user interaction, thereby enhancing the scalability and adaptability of
ETA systems.

The majority of ETA designs employing auditory feedback avoided traditional head-
phones (n = 19) [5,10,17–19,21,22,26–30,34–37,40,44,45], instead adopting alternative au-
dio delivery methods that preserved environmental awareness. These included bone-
conduction transducers (n = 3) [5,22,36] and externally mounted speakers or buzzers
(n = 16) [10,17–19,21,26–30,34,35,37,40,44,45], enabling auditory cues without occluding
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ambient sounds. Combined tactile–auditory feedback represented the second most com-
mon approach, comprising approximately 26% (n = 11) of the reviewed systems, leveraging
complementary sensory channels to enhance perception and reduce cognitive load. Purely
tactile feedback appeared least frequently (n = 7) [9,11,20,23,25,32,39], likely due to its
limited signal resolution and smaller feedback surface area. To compensate, some designs
used multiple tactile actuators to encode richer spatial information. Overall, ETA systems
predominantly favoured auditory feedback, with speech-based approaches prevailing,
whereas multi-modal and haptic methods—though less common—show considerable
promise for improving robustness and user safety.

Across the corpus, several recurring limitations were identified: (i) Restricted FoV and
blind spots due to single-platform placement and scarce rear/side coverage; (ii) Limited
sensor fusion, with many systems relying on a single modality, reducing robustness across
varying lighting/surface conditions; (iii) Fragility in multi-part systems, where failure
of one component compromises the whole; (iv) Latency underreported, with few works
quantifying end-to-end detection-to-feedback delays; (v) Feedback optimization underex-
plored, particularly balanced multi-modal strategies that minimize cognitive load while
retaining semantic value. A proxemically distributed, multi-sensor, and latency-validated
architecture—such as the one proposed and evaluated in the current research—offers a
practical route toward resilient, real-time assistive navigation.

Positioning of the present work. The prototype introduced in this study addresses
these gaps by (1) distributing sensing across three autonomous, wirelessly networked nodes
(Glasses–head, Belt–torso, Cane–ground) mapped to Hall’s proxemic zones; (2) combining
ultrasonic, LiDAR, and vision to balance immediacy and semantic context; (3) using local,
node-level processing on MCUs/SBCs to achieve sub-30 ms feedback for proximity path-
ways; and (4) implementing complementary haptic/audio channels to align cue urgency
with information richness. By operationalizing proxemic theory in hardware placement
and feedback mapping, the system provides overlapping coverage with redundancy while
reporting standardized static-test metrics (accuracy, variability, and end-to-end latency) to
support reproducibility and comparison.

3. Theoretical Framework
Kellman et al. [48] describe perception as the interface between biology and aware-

ness, with space perception enabling individuals to understand their position relative
to objects [49]. Thinus-Blanc and Gaunet define spatial representation as a mental map
extending beyond immediate reach [50]. Vision dominates spatial awareness from early
development, often diminishing reliance on other senses over time.

For individuals with VI, spatial perception relies primarily on touch and hearing,
with aids like canes, guide dogs, and human guides serving as sensory extensions [51–54].
Those with congenital blindness perceive space differently from those with acquired VI.
Hollins [54] describes spatial understanding in VI individuals as “framing”—the construc-
tion of cognitive maps through multi-sensory input. OM training emphasizes these skills,
helping users visualize routes and refine spatial awareness.

In the context of Hollins’ orientation skills [54], which emphasize the importance of
spatial framing, Hall’s earlier work “The Hidden Dimension” [4] introduces the concept of
extra-personal space, illustrated in Figure 2. This space is delineated by the effective range
of human senses extending outward from the individual, serving as a perceptual framework
for constructing a cognitive map of the surrounding environment. Hall categorizes spatial
zones into personal space (less than 1 m), near space (1–4 m), and far space (beyond 4 m).
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Figure 2. Hall’s extra-personal space defined by the range of human senses radiating outward [4].

By evaluating the effective range of each sensory modality—excluding vision—it
becomes possible to determine which sense predominantly mediates perception within
each spatial zone. Somatosensory perception, defined as the body-wide processing of
tactile, pressure, thermal, and pain stimuli [55], governs personal space. The use of a
mobility aid, such as a cane, extends this perceptual boundary to approximately one metre,
thereby expanding the user’s personal space.

Olfaction and gustation, both chemical senses with overlapping neural processing
pathways [56], are similarly limited to the domain of personal space due to their constrained
range. In contrast, audition, which involves the transduction of pressure waves into neural
signals, operates effectively across both near and far spaces. Consequently, in the absence
of visual input, hearing emerges as the only sensory modality capable of spanning all three
spatial zones described in Hollins’ model of extra-personal space shown in Figure 2.

With spatial framing serving as a fundamental mechanism for constructing cognitive
maps essential to navigation, Hall’s concept of extra-personal space offers a systematic
framework for organizing sensory information relative to an individual’s position in the
environment. The cognitive map functions not only in the planning phase—enabling
individuals to chart a route from point A to point B—but also during execution, guiding
real-time decision making. In controlled environments, spatial framing may be required
only once at the outset. However, in dynamic or uncontrolled settings, the cognitive map
must be continuously revised. Objects may shift, new elements may emerge, and the
spatial configuration can change substantially over time, necessitating constant sensory
engagement and cognitive recalibration.

Hall’s framework provides a systematic basis for organizing sensory input into cog-
nitive maps, which support both route planning and real-time navigation. While spatial
framing may occur once in controlled settings, dynamic environments require continuous
updating as objects move or new elements appear. Effective navigation, thus, depends on
constant sensory engagement and ongoing recalibration of the cognitive map.

To the knowledge of the researchers, no ETA in the literature has adopted a frame-
work of this kind into its design. The next section explores the design of the proposed
working prototype, describing both input and output sensor plan designs defined by the
aforementioned framework.

4. Materials and Methods (Abridged)
The proposed ETA system comprises multiple interconnected components—henceforth

referred to as nodes—each purposefully designed for seamless integration with specific
wearable and assistive platforms, namely, smart glasses, a belt, and a cane. These nodes are
strategically positioned across different body regions to function collaboratively, with their
spatial distribution providing complementary fields of view and thereby enhancing overall
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system performance. Each node—Glasses, Belt, and Cane—operates autonomously, pow-
ered by lithium-ion batteries, enabling a fully wireless, portable configuration optimized
for continuous and unfettered wearable use.

To facilitate real-time monitoring, performance evaluation, and object classification,
an additional AI Processing and Monitoring Node was developed. The AI Processing and
Monitoring node functions as the supervisory hub of the ETA system. It classifies objects
detected in the Glasses video feed using lightweight vision models, returning outputs as
auditory cues. Simultaneously, it aggregates data from all nodes for logging, monitoring,
and performance evaluation. Figures 3 and 4 illustrate the hardware and real-time interface.

Figure 3. Hardware setup of the AI Processing and Monitoring unit, showing integration of the
Raspberry Pi 5 and ESP32 modules.

Figure 4. User interface for the AI Processing and Monitoring unit, providing real-time system status
and visual feedback. The red circle marks objects detected at ground level, while the horizontal red
bars indicate detections at waist level and the vertical red bar indicates detections at head height.
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4.1. ETA Architecture

Figure 5 illustrates the complete node architecture, detailing the hardware components,
internal node communication protocols, and development framework employed across
the system.

Figure 5. ETA system architecture showing the integration of SBC and MCU components across the
three wearable nodes (Glasses, Belt, and Cane) and the central AI Processing and Monitoring unit.

Inter-node communication is achieved through a modified peer-to-peer ESP-NOW
protocol [57], enabling efficient, low-latency data sharing. For video streaming from the
Glasses node to the Raspberry Pi 5 SBC, the User Datagram Protocol (UDP) [58] is employed
to support lightweight, high-speed transmission. This communication architecture ensures
that environmental perception is shared across nodes, enabling cooperative interpretation
and synchronized feedback. Figure 6 illustrates the wireless communication model.

With the overall system architecture and communication framework established,
the following sections examine each node individually, detailing its hardware configuration,
algorithm logic, sensor deployment, and functional role within the multi-node ETA design.

4.2. Glasses Node

The Glasses node is designed to collect environmental data from a head-mounted
perspective. The primary input sensor configuration includes an ESP32-CAM module [59],
which features an image-based sensor for capturing a live video stream of the user’s
front-facing FoV. Additionally, a waterproof ultrasonic sensor JSN-SR04T-2.0 [60] sensor is
integrated to a second ESP32 MCU to enable forward-facing range sensing. The secondary
input configuration incorporates an MPU6050 Inertial Measurement Unit (IMU) module for
orientation and movement tracking of the head. For output, the system includes a vibration
motor for haptic feedback and a speaker for audio-based speech feedback. Figure 7 depicts
the hardware configuration for the Glasses node.
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Figure 6. Wireless communication architecture of the ETA system, illustrating real-time data exchange
among the Glasses, Belt, and Cane nodes, and between the ESP32 MCUs and the Raspberry Pi 5 SBC
for object classification and system monitoring.

Figure 7. The ETA Glasses node from multiple viewing angles—front, side, and back—illustrate the
spatial arrangement and integration of its hardware components.

The algorithm is distributed across two MCUs. The ESP32 manages inter-node com-
munication, ultrasonic sensing, and feedback, while the ESP32-CAM streams video to the
Raspberry Pi 5 for classification. Figure 8 summarizes this logic.
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The next section explores the evaluation of YOLO models for the purpose of object
classification within the proposed system.

Figure 8. Flowchart of the Glasses node algorithm, showing communication, sensing, and feed-
back pathways.

Object Classification Using COCO and YOLO

YOLO (You Only Look Once) represents a family of convolutional neural network
models developed for real-time object detection. Initially introduced by Redmon et al. [61],
the YOLO architecture has evolved through multiple iterations (YOLOv1–v11) and
lightweight derivatives such as YOLO Lite and YOLO Nano, designed to balance detection
accuracy and computational efficiency for embedded and mobile platforms.

Among these, YOLOv8, released by Ultralytics in 2023 [62], builds upon the YOLOv5
framework and incorporates architectural enhancements that improve inference speed,
accuracy, and usability. The model consists of two main components: a convolutional
backbone for feature extraction and a modular detection head for classification, regres-
sion, and objectness prediction. Structural optimizations, including the C2f module and
cross-stage partial (CSP) connections [63,64], enhance feature propagation while reduc-
ing computational redundancy. The detachable head design enables independent task
specialization, improving both precision and efficiency.

To evaluate lightweight YOLO variants for embedded deployment, a test bench was
implemented using a Raspberry Pi 5 single-board computer and the COCO (Common
Objects in Context) dataset [65]. Model performance was benchmarked using two key
metrics: mean average precision (mAP) for detection accuracy and frames per second (FPS)
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for inference speed. These tests were conducted at varying input resolutions to assess the
trade-off between accuracy and computational efficiency.

A subset of objects from the COCO dataset was selected to enhance situational aware-
ness during navigation, targeting relevant environmental features for ETA applications.
Figure 9 shows the selected classification categories.

Figure 9. Diagram showing the COCO dataset used for classification along with the selected objects
targeted for recognition [65].

A fifteen-second evaluation video containing a diverse set of object images was used to
test various YOLO Lite and YOLO Nano models. The average mAP and FPS were recorded
for each model to assess detection accuracy and inference speed across multiple resolutions.
Figure 10 summarizes the experimental findings.

Figure 10. YOLO Lite and Nano model results at different image resolutions.

As expected, higher input resolutions yielded improved mAP values due to richer im-
age detail, whereas lower resolutions achieved higher FPS owing to reduced computational
load. Among all tested variants, YOLOv8 Nano achieved the best balance, delivering high
real-time performance at 320 × 240 resolution with only a marginal reduction in detection
precision. This trade-off between speed and accuracy identifies YOLOv8 Nano as a suitable
candidate for integration into compact, low-power ETA systems.

4.3. Belt Node

The Belt node is designed to collect environmental data from both the front and rear
of the user, enhancing situational awareness and navigation assistance. Its primary input
sensor configuration includes two Light Detection and Ranging (LiDAR) TFMINI Micro [66]
range sensors, positioned at waist height, enabling accurate distance measurement in both
forward and backward directions. To complement this, the secondary input configuration
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integrates an MPU6050 IMU module, which continuously tracks the user’s orientation and
movement by capturing accelerometer and gyroscopic data. For user feedback, the output
system consists of two vibration motors embedded on the inner side of the belt, strategically
placed at the front and back to deliver intuitive haptic feedback corresponding to detected
obstacles or changes in the environment. Figure 11 depicts the hardware configuration for
the Belt node.

Figure 11. The ETA Belt node from multiple viewing angles—front and back illustrate the spatial
arrangement and integration of its hardware components.

This node employs a single ESP32 MCU and its algorithm logic, shown in Figure 12.
The program is divided into two concurrent threads to manage sensing and haptic feedback.

Figure 12. Flowchart of the Belt node algorithm, showing sensing, feedback, and inter-node commu-
nication processes.



Technologies 2025, 13, 550 14 of 40

4.4. Cane Node

The Cane node is engineered for precise obstacle detection and localization, integrat-
ing multiple sensors and feedback mechanisms to enhance user navigation and safety.
Its primary input configuration features two TFMINI Pro LiDAR sensors oriented at a
40° angle relative to each other, enabling improved spatial awareness and depth perception
through time of flight (ToF) measurements for accurate distance estimation. An MPU6050
IMU sensor is also incorporated to monitor the cane’s orientation and movement, capturing
both acceleration and gyroscopic data to support motion tracking. In addition, a TFMINI
Micro LiDAR embedded within the cane handle faces downward to measure the ground-
to-handle height, enabling direct estimation of floor position when the cane is oriented
toward the ground. However, when the cane is angled upward—such as during probing
or obstacle negotiation—the downward-facing LiDAR cannot register ground distance; in
these cases, geometric height calculations based on the IMU-reported attitude angle are
used to estimate obstacle height relative to the user. Together, these complementary meth-
ods ensure robust and reliable height estimation across the full range of cane orientations
encountered during natural use. Figure 13 illustrates the complete hardware configuration
of the Cane node.

Figure 13. The ETA Cane node is divided into three sections to clearly illustrate the spatial arrange-
ment and integration of its hardware components for ease of viewing.

By integrating range sensors with orientation data derived from the IMU, the ETA
system accurately determines the position of objects relative to the user’s current position
within the surrounding environment. This sensor fusion enhances spatial awareness by
supporting real-time proxemic mapping of obstacles, thereby facilitating efficient path
planning and navigation. Specifically, the ETA determines the height from the ground h′ of
obstacles/objects that the cane is directed towards, which is used to ascertain the nature
of the detected feature, i.e., an obstacle (h′ is higher than the cane’s elevation from the
ground) or a depression, e.g., stairs or a hole (h′ is lower than the cane’s elevation from the
ground), as well as the horizontal distance b of those obstacles/depressions from the user.
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This information is then relayed to the user in a usable format. The computation of these
values is described in more detail below.

Figure 14 illustrates the process of determining the distance b of an obstacle to the
user’s position using sensor readings, specifically, the LiDAR and IMU data, which are
combined to localize obstacles relative to the user’s position and orientation.

Figure 14. Triangulation-based sensor fusion combining LiDAR range and IMU orientation data
for obstacle localization. The illustration shows the Cane directed toward an object, with the IMU-
measured tilt angle β, where c denotes the complete distance of the obstacle to the cane pivot, and b
represents the required horizontal ground distance between the user and the detected obstacle.

Referring to Figure 14, the user points the cane at an obstacle. The LiDAR provides
a precise reading on the distance of the obstacle to the LiDAR sensor (in this example,
0.416 m). Simultaneously, the IMU captures the attitude angle β of the cane from the
vertical axis; in this example, the attitude measurement is β = 58°. While a few different
methods of estimating the distance b of the obstacle to the user exist, the following method
is used in the proposed ETA.

Given the attitude angle β, the LiDAR range measurement to the obstacle, and the
known offset of 1 m between the LiDAR and the Cane pivot axis point, the total distance
from the pivot axis point to the obstacle c (i.e., the hypotenuse) can be obtained as

c = 0.416 + 1.000 = 1.416 m.

Trigonometric estimation can then be used to compute the horizontal ground distance b
between the user and the obstacle as

b = c · sin(β), (1)

where

• c is the total distance from the Cane pivot axis point to the detected obstacle (m);
• β is the IMU-measured attitude angle relative to the vertical axis (degrees);
• b is the horizontal ground distance between the user and the detected obstacle (m).

For β = 58◦, this yields b = 1.416 sin(58◦) ≈ 1.20 m.
The handle-mounted LiDAR measures the vertical height of the cane pivot axis point;

in this case, h = 0.795 m. h is used to compute the expected distance from the pivot axis
point to the floor in the direction of the Cane’s axis, denoted as c′, depicted in Figure 15
which is a continuation of Figure 14.
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Figure 15. Triangulation-based sensor fusion combining LiDAR range and IMU orientation data
for target ground estimation. The illustration shows the Cane directed toward an object, with the
IMU-measured tilt angle β, where c′ denotes the complete distance of the ground beyond the object
to the cane pivot axis point, and h′ represents the required height of the object in relation to the
ground level.

Trigonometric estimation is used to compute c′ as follows:

c′ =
h

cos(β)
(2)

where

• c′ is the expected distance from the Cane pivot axis point to the ground (m);
• h is the measured handle-to-ground height (m);
• β is the IMU-measured attitude angle relative to the vertical axis (degrees).

In the running example, c′ is computed as c′ ≈ 1.5 m. The height of the detected obsta-
cle from the ground, denoted as h′, can now be computed using trigonometric estimation
in the smaller triangle highlighted in yellow in Figure 15, noting that c′′ = c′ − c = 0.3 m,
as below. In this example, h′ ≈ 0.16 m, which indicates that an obstacle exists.

h′ = c′′ · cos(β) (3)

where

• h′ is the calculated height of the detected obstacle above the ground (m);
• c′′ is the difference between the expected distance c′ and the measured LiDAR distance

+ the distance between the Cane’s handle and LiDAR sensor c (m);
• β is the IMU-measured attitude angle relative to the vertical axis (degrees).

Note that the above calculations hold true whether an obstacle or depression is de-
tected, where h′ > 0 indicates an obstacle or protrusion; h′ < 0 indicates a depression, such
as a hole or stairs; and h′ ≈ 0 indicates no feature of concern detected. This computation
provides a real-time geometric estimation of obstacle elevation, forming a ground-level ref-
erence for validating LiDAR measurements during dynamic testing and enabling accurate
spatial localization within the Cane’s proxemic sensing zone.

This integrated approach enables precise spatial reconstruction of the environment,
thereby enhancing navigation accuracy and situational awareness. The output subsystem
employs two active buzzers that generate dynamic, non-speech auditory feedback through
modulated tones, conveying information about obstacle proximity and height in real time.

The Cane node is controlled by a single ESP32 microcontroller MCU, and its opera-
tional logic is illustrated in Figure 16. The system fuses stereo LiDAR data for obstacle
localization and translates spatial measurements into auditory tones that represent both
obstacle distance and relative height.
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Figure 16. Flowchart of the Cane node algorithm, illustrating sensing, stereo processing, and
auditory feedback.

Section 4.5 outlines the sensor plan design for the proposed ETA, grounded in the
OM theoretical framework. By aligning sensor placement with established OM princi-
ples, it demonstrates how head-, torso-, and ground-mounted sensing modalities achieve
comprehensive spatial coverage and ergonomic coherence across proxemic zones.

4.5. Input Sensor Plan Design

The first step in developing a sensor deployment strategy is to define key coverage
zones around the user, representing critical regions for environmental data acquisition.
Clear delineation of these zones ensures comprehensive monitoring, minimizes blind
spots, and supports reliable environmental interpretation. Following OM spatial framing
principles and gaps in current designs outline in Section 2, the sensor configuration is
structured to cover all relevant domains for continuous sensing.

Figures 17 and 18 provide side and top-down views of sensor coverage overlaid on
Hall’s [4] model of extra-personal space. This framework categorizes spatial zones around
the individual, guiding systematic and informed sensor placement.

Given the breadth of the spatial regions of interest, it is evident that a single sensor
configuration from one vantage point is insufficient to gather the necessary environmental
information for safe navigation. Consequently, an effective ETA solution must incorporate
multiple sensor modalities strategically distributed across different regions of the body to
ensure comprehensive and reliable spatial awareness.

For comprehensive spatial coverage, the user’s horizontal plane is segmented into
three regions of interest: head, torso, and legs. Sensors are strategically allocated across
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these zones through the Glasses, Belt, and Cane platforms, each offering targeted perception
within its respective domain as defined by Hall’s proxemic spatial framework. Each input
sensor is deliberately confined to its designated spatial zone to ensure systematic coverage
and minimize sensory redundancy. Constraining detection ranges helps prevent feedback
overload and aligns input modalities with the perceptual strategies emphasized in OM
training for individuals with VI. This spatially structured configuration enhances obstacle
detection, situational awareness, and navigational efficiency while maintaining ergonomic
comfort and overall usability.

Figure 17. Side view of a VI person, highlighting regions of interest for vertical sensor coverage and
placement mapped onto Hall’s space model to guide perceptually informed placement.

Figure 18. Top-down view of a VI person, highlighting regions of interest for vertical sensor coverage
and placement mapped onto Hall’s proxemic space model to guide perceptually informed placement.

Figures 19 and 20 illustrate the overlapping fields of view across the designated nodes
aligned with the aforementioned strategy.

The Glasses node provides head-height, forward-facing detection encompassing both
personal and near spatial zones. The Belt node, positioned at waist height, facilitates
bidirectional sensing—covering both forward and rear regions within the personal space.
Owing to its pendulum-like motion, the Cane node achieves broader coverage across
personal to far spaces. Furthermore, the secondary, upward-angled LiDAR module pro-
vides overlapping detection across the waist and head-height regions, ensuring continuity
between spatial zones.

The next section discusses the ETA user output modalities by exploring the output
sensor plan design.
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Figure 19. Side illustration of the sensor plan overlap, showing individual sensor fields of view
mapped onto Hall’s proxemic space model to guide perceptually informed placement.

Figure 20. Top-down illustration of the sensor plan overlap, showing individual sensor fields of view
mapped onto Hall’s proxemic space model to guide perceptually informed placement.

4.6. Output Sensor Deployment

Effective navigation requires feedback that is both timely and comprehensible, con-
veyed in a clear and intuitive manner that reduces cognitive load while enhancing respon-
siveness. By ensuring that users can promptly react to obstacles and dynamic environmental
changes, the feedback system directly supports both safety and mobility.

Two critical considerations guide the design of the feedback mechanism. First,
the method of delivery must not override or obstruct the user’s natural sensory input.
For example, using headphones may block out important environmental sounds, such as
approaching vehicles or conversations, which are essential for safe navigation. Alternative
solutions, such as bone conduction headphones or spatialized audio cues, may, therefore,
be considered to preserve situational awareness while still providing necessary feedback.

Second, information from multiple input sensors must be presented in a clear and
manageable way to avoid overwhelming the user. An effective feedback system prioritizes
critical data, filters out nonessential signals, and delivers information through multi-modal
outputs such as haptic, audio, and auditory-speech cues that align with the user’s cognitive
and perceptual capacities.

A multi-node ETA design inherently supports this approach by assigning each node
a modality suited to its body region. This enables diverse yet complementary feedback
strategies tailored to user needs and environmental conditions. Figure 21 illustrates the
proposed multi-node, multi-modal configuration.
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Figure 21. Multi-node, multi-modal sensor plan illustrating the specific output modalities assigned
to each sensor node: Glasses, Belt, and Cane.

Each node independently processes and transmits data according to its predefined sen-
sor configuration, ensuring that feedback is localized to the specific site of detection. This
distributed architecture enables precise stimulus–response mapping and fosters intuitive
spatial correspondence between environmental events and user perception. The Glasses,
Belt, and Cane nodes operate autonomously, each providing spatially coherent cues through
their respective feedback modalities, as detailed in Section 4.6. Process flow diagrams illus-
trate the algorithmic pathways through which sensor inputs are interpreted and converted
into feedback actions. Specifically, the Glasses node delivers haptic feedback via cheekbone
vibrations and auditory cues through a directional speaker; the Belt node provides localized
tactile feedback at the waist; and the Cane node with stereo LiDAR sensors with dedicated
non-speech tonal alerts.

The deliberate separation of feedback channels across distinct body regions, combined
with non-overlapping haptic and auditory modalities, minimizes perceptual interference
and enhances cue clarity during navigation. As the sensing ranges of each node are defined
according to Hall’s proxemic framework, the feedback and alert prioritization scheme
naturally align with these spatial boundaries. Consequently, prioritization is determined
by both the spatial proximity of detected obstacles and their relative location with respect
to the head (Glasses), torso (Belt), and legs (Cane). Each node, therefore, maintains its own
prioritization hierarchy and feedback modality, enabling simultaneous, multi-modal feed-
back for a rich, context-aware navigation experience. This hierarchical structure prevents
sensory overload, preserves situational awareness, and supports a consistent, proxemically
grounded feedback experience that mirrors natural human spatial perception.

The Glasses node integrates both haptic and auditory speech feedback. A vibration
motor on the arm of the frame delivers tactile alerts through the user’s cheekbone, while
a small speaker positioned near the ear provides adjustable-volume speech feedback for
object classification. This dual-modality strategy enhances situational awareness without
obstructing ambient sounds.

The Belt node delivers directional tactile alerts via vibration motors at the front and
rear, pressed against the user’s torso for clear perception. This configuration supports
intuitive front–back awareness while remaining discreet and non-intrusive.

The Cane node employs a stereo LiDAR configuration for auditory non-speech feed-
back. LiDAR sensors at the tip and midsection of the cane deliver distinct tones corre-
sponding to obstacle proximity and height, improving spatial awareness across leg, torso,
and head regions.
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4.7. Working Prototype Summary

This multi-node configuration leverages anatomical positioning—head, torso,
and legs—to create a layered, overlapping multi-modal input and output sensor net-
work. The redundancy improves robustness, minimizes blind spots, and delivers a
more holistic, reliable representation of the environment for safe navigation. By coor-
dinating these modalities, the system enhances spatial coverage, minimizes cognitive
overload, and supports safe, efficient navigation. The wearable aspect of this research
is demonstrated in Figure 22, showcasing the complete ETA system as worn by a user
and highlighting its compact, modular, and ergonomic design. The physical form factors
of the nodes—the Glasses, Belt, and Cane—have been carefully designed to ensure that
the overall system remains lightweight and unobtrusive, allowing users to maintain
natural movement and posture during prolonged use, and to remain as close to normal
navigation as a person with VI would normally experience. This design consideration is
crucial in assistive technologies, where user comfort and ease of integration into daily
routines significantly impact usability and adoption.

Figure 22. A user shown wearing the Glasses, Belt, and Cane nodes of the ETA, highlighting the
compact, fully-wireless, lightweight, unobtrusive design of the components.

5. Experimentation and Results
This section reports the experimental setup, protocols, and quantitative results for the

three ETA nodes (Glasses, Belt, and Cane) dynamic conditions. All tests used ground-truth
distances aligned with the ETA sensor plan and Hall’s proxemics, and measurements were
rounded to the nearest millimetre unless noted.

All experiments employed the hardware configuration described in Section 4,
with each node mounted on a custom-built “testing rig” replicating human form and
posture. The rig, developed as part of this research, enables automated, reproducible
testing and represents a unique methodological contribution.

The subsections that follow outline the experimental framework: Section 5.1 describes
the rig’s design and control features, Section 5.2 details the testing protocol and data
collection methods, and Section 5.3 presents and analyses the results. The section concludes
with a summary of key findings and their implications for future development.
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5.1. Testing Rig

The complete experimental setup—incorporating the Glasses, Belt, and Cane nodes
into the testing rig—is shown in Figure 23A. The rig was configured to match the designer’s
anthropometric profile, with the height from the ground to the top of the head set to
≈1.73 m, the waist height set to ≈0.95 m, and a shoulder-to-shoulder width of ≈0.45 m.
The platform operates autonomously and is capable of controlled linear motion in both for-
ward and backward directions. It additionally incorporates an actuated arm that generates
pendular movement to emulate the natural swinging of a long cane. All test sequences were
preprogrammed to allow automated execution, consistent self-resetting, and systematic
data acquisition.

Figure 23. ETA test rig showing (A) the physical build replicating human posture and dimensions,
and (B) the graphical user interface (GUI) used for control configuration and real-time display of
sensor input.

An ESP32 MCU governs the operation of the test rig, providing remote control, system
configuration, and real-time data acquisition capabilities. The ESP32 enables wireless com-
munication, allowing for remote initiation, monitoring, and modification of test procedures.
The graphical user interface (GUI) (Figure 23B) displays preset test configurations and
presents real-time data collected during experiments.

To quantify detection distance, the system employs the microstepping capability of
the integrated stepper motor (visible on the test rig’s undercarriage in Figure 24B). As the
drivetrain advances, the number of microsteps taken is recorded. These microsteps are
then translated into a linear displacement using the arc length formula, which converts the
angular motion of the stepper motor into corresponding linear travel distance. The stepper
motor has a step angle of 1.8◦, meaning that a full 360◦ rotation requires 200 steps. The test-
ing rig utilizes microstepping at a resolution of 1/8 of 1.8◦, which equates to 0.225◦ per
microstep, allowing for smooth and precise control of motor-driven movements. Given a
wheel diameter D of 80 cm, the minimum linear distance travelled in one microstep Dm

can be calculated using the arc length formula as follows:
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Dm =
θ

360
× π × D

Substituting for θ = 0.225◦ and D = 80cm yields:

Dm =
0.225
360

× π × 80 ≈ 0.157cm

(4)

This offers high-resolution and high-precision tracking of the rig’s movement and
enables precise measurement of the distance covered.

The testing rig’s drivetrain has been precisely calibrated to simulate human walking
speeds at three distinct levels: slow, medium, and brisk. These walking speeds were
selected to represent common pedestrian movement patterns and are defined as follows:
3 km/h for the slow pace, 4.8 km/h for the medium pace, and 6.4 km/h for the brisk
pace. These values are consistent with established gait studies [67,68] and provide a
representative range for evaluating real-world sensor performance.

Figure 24. ETA test rig hardware configuration: (A) actuating arm assembly replicating pendular
cane motion, and (B) drive train and control hardware assembly.

The arm employs a slider–crank mechanism to convert rotational motion into linear
displacement. A 12 V DC motor, driven by an L298N controller [69] and regulated via PWM,
powers the crank. The crank is connected via a coupler to a shaft terminating in a single
pivot point, enabling pendular motion. The shaft displacement is fixed at 120◦, and the
pendular motion was calibrated to approximate the natural swing trajectory observed in
human cane use as reported by Kim et al. [70]. A detailed analysis of the mechanical arm’s
swing dynamics—including speed profiles and human-motion benchmarking—will be
presented in a follow-up study; in the present work, only the components necessary to
support the experimental procedures are reported for completeness.



Technologies 2025, 13, 550 24 of 40

Although the actuating arm evaluation is not included in this paper’s results, its de-
scription provides essential context for how the Cane node was integrated into a controlled
testing rig, which itself constitutes one of the methodological contributions of this study.
The experimental evaluation of the actuating arm will form part of a follow-up paper.
Building on this foundation, the following section establishes the criteria used to assess
detection performance across all nodes while in motion.

5.2. Dynamic Sensor Testing Protocol

Proximity sensor testing evaluated each sensor’s obstacle detection accuracy across
three vantage points—head height (Glasses), waist height (Belt), and leg height (Cane).
While this battery of tests explored the accuracy of the ETA while in motion, the Cane node
remained static. All tests were conducted under controlled laboratory conditions while in
motion. Boxes and cardboard cutouts shaped as stop signs were used as representative
obstacles, as illustrated in Figure 25. Each node was tested independently at three approach
speeds (slow, medium, and brisk), as detailed in Section 5.1, with the motion rig advancing
toward a stationary obstacle until detection was triggered. The initial starting position for
each trial was set 1 m beyond the sensor’s maximum detection range to ensure that all
tests began in a non-detection state. For each trial, the distance between the sensor and the
obstacle at the moment of detection was recorded.

Each distance test was repeated 20 times under controlled laboratory conditions, pro-
viding a sufficient sample size for reliable inference given the low variance and repeatable
setup. A one-sample t-test was used to compare the measured mean detection distance
to the reference distance. Although some results, such as the Cane node at 2 m, were
statistically significant (p < 0.001), the mean deviation of less than 1 cm remained within
the acceptable detection tolerance. While the test indicates that this difference is unlikely
due to random error, its magnitude is too small to influence system performance. Thus,
the result is statistically significant but operationally negligible, illustrating the distinction
between mathematical detectability and practical relevance in engineering evaluation.

The accuracy metric for obstacle detection was defined as ±10% of each node’s maxi-
mum detection range. This tolerance ensures that alerts occur neither too early (creating
unnecessary cognitive load) nor too late (reducing safety). For example, the Glasses node
ultrasonic sensor has a detection range of 3.0 m, so accurate detection is considered valid
when obstacles are identified within [2.7, 3.3] metres. This criterion balances timeliness
with reliability, ensuring sufficient user reaction time.

The dynamic tests were structured to evaluate obstacle detection and classification
performance across all three proxemic zones while the test rig was in motion. For clar-
ity, the Belt node was assessed at a 1 m detection distance—corresponding to personal
space—for both forward- and rear-facing LiDAR sensing. The Glasses node image-
classification system was evaluated at 2 m within near space, followed by near-space
detection at 3 m using the Glasses ultrasonic module and the Cane LiDAR 1 module (the
cane was fixed to the rig at a constant orientation to maintain a 3 m detection line). Finally,
far-space performance was assessed at 4 m using the Glasses node image-classification sys-
tem. These distances correspond directly with the detection ranges, rig starting positions,
and accuracy bands summarised in Table 4.

The integration of this accuracy metric into the test rig setup ensured consistent
benchmarking of node performance across trials. By combining precise motion control,
programmed sequences, and objective detection thresholds, the rig enabled systematic
evaluation of the ETA solution.
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Table 4. Dynamic test protocol used to test object detection or classification range of each ETA node
(in metres): the rig starting distance for each trial, and corresponding desired accuracy metric bands
defined as ±10% of the detection range. Trials began 1 m outside each node’s maximum detection
distance to ensure an initial non-detection state.

Node Sensor Detection Range (m) Rig Starting Distance (m) Accuracy Band
[Min, Max] (m)

Belt LiDAR 1 & 2 (Personal Space) 1.0 2.0 [0.9, 1.1]
Glasses Image (Near Space) 2.0 3.0 [1.8, 2.2]
Glasses Ultrasonic (Near Space) 3.0 4.0 [2.7, 3.3]

Cane LiDAR 1 (Near Space) 3.0 4.0 [2.7, 3.3]
Glasses Image (Far Space) 4.0 5.0 [3.6, 4.4]

5.3. Dynamic Results

Figure 25 shows the Glasses node setup with an overhead obstacle, emulating real-
world hazards.

Figure 25. Dynamic test setup for the Glasses node, with obstacle positioned at head height.

The dynamic evaluation of the multi-node system included tests of the Glasses, Belt,
and Cane nodes proximity sensors to evaluate the effectiveness of object detection. Scatter
plots (Figures 26–28) indicate consistent detection performance across all nodes, with detec-
tion distance largely unaffected by speed.
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Figure 26. Measurements of obstacle detection distances (mm) for the Glasses node across 20 trials
conducted at slow, medium, and brisk walking speeds.
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Figure 27. Measurements of obstacle detection distances (mm) for the Belt node rear-facing LiDAR
sensor across 20 trials conducted at slow, medium, and brisk walking speeds.

Figure 28. Measurements of obstacle detection distances (mm) for the Cane node TFMINI LiDAR 1
sensor across 20 trials conducted at slow, medium, and brisk walking speeds.

With reference to Figure 29, at a ground-truth distance of 2000 mm, the Glasses node
recorded a mean detected distance of 2005.96 mm, corresponding to a small positive bias
of +5.96 mm (≈0.3% of ground truth). Variability was low (SD = 7.76 mm, CV = 0.39%),
with values spanning 1990–2020 mm. Although the one-sample t-test indicated a statisti-
cally significant difference from the expected distance (t = 5.804, p < 0.001), the magnitude
of the bias is negligible in operational terms, lying well within the 10% accuracy mar-
gin. This confirms that the Glasses node provides highly consistent obstacle detection in
near space.

With reference to Figure 30, at a ground-truth distance of 1000 mm, the Belt node
reported a mean of 999.28 mm, reflecting a negligible bias of −0.72 mm (−0.07%). Preci-
sion was very high (SD = 1.22 mm, CV = 0.12%), with values tightly clustered between
997–1001 mm. Although the one-sample t-test indicated a statistically significant under-
estimation (t = −4.447, p < 0.001), the effect is practically insignificant. These results
confirm the Belt node’s millimetre-level accuracy and stability for waist-level detection
within personal space.

With reference to Figure 31, at a ground-truth distance of 3000 mm, the Cane node
recorded a mean of 3000.35 mm, reflecting a minimal bias of +0.35 mm. Variability was
modest (SD = 4.94 mm, CV = 0.16%), with a range of 2992–3008 mm. The one-sample t-test
found no statistically significant deviation from the reference value (t = 0.536, p = 0.594).
This confirms that the Cane node provides both accurate and precise obstacle detection at
extended ranges in far space.
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Figure 29. Distribution of obstacle detection distances (mm) for the Glasses node across 20 trials
conducted at slow, medium, and brisk walking speeds.

Figure 30. Distribution of obstacle detection distances (mm) for the Belt node rear-facing LiDAR
sensor across 20 trials conducted at slow, medium, and brisk walking speeds.
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Figure 31. Distribution of obstacle detection distances (mm) for the Cane node TFMINI LiDAR 1
sensor across 20 trials conducted at slow, medium, and brisk walking speeds.

Across all nodes, the observed biases were extremely small, well within the predefined
10% accuracy requirement. The Glasses and Belt nodes exhibited statistically significant
differences from ground truth, this consistent deviation is likely due to systematic factors
related to the node’s sensor or environment. Possible contributors include rig wobble due
to the height of the rig that cause the measured distances to differ slightly, but consistently,
from the expected value. These factors introduce reliable and reproducible shifts in the
detection measurements, explaining the statistically significant difference observed. It
should, however, be reiterated that the variations are very small, with a low variance in
their readings, which rendered even millimetre-scale offsets detectable. From an operational
perspective, all three nodes delivered reliable performance across their respective zones:
the Glasses node in near space, the Belt node in personal space, and the Cane node in
far space.

5.4. Object Classification Protocol

The Glasses node captures environmental data from a head-mounted perspective. Its
sensor configuration is optimized to detect potential head-level obstacles while simultane-
ously providing supplementary contextual awareness through object classification. For the
camera integrated within the Glasses node, a total of n = 100 frames were analysed at
each distance ranging from personal to far space to identify objects belonging to a prede-
fined subset of interest, with a confidence threshold of 0.30 used to validate detections.
Building on the preceding range-sensing evaluation, this stage of analysis focused on the
ESP32-CAM module, which enhances the Glasses node’s functionality beyond distance
estimation by enabling object recognition and semantic context inference. A person was
selected as the target object, representing one of the COCO [65] dataset classes employed in
this study. Figure 32 illustrates the experimental setup, including the test subject (panel A),
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successful real-time classification with corresponding frame rate and confidence values
(panel B), and the monitoring interface used for observation (panel C).

Figure 32. Glasses node camera static test setup showing (A) the test subject positioned in front of the
test rig, (B) successful object classification by the camera system, and (C) the monitoring interface
displaying detection information.

5.5. Object Classification Results

Figures 33–35 present histograms and box plots of classification confidence values
at 1, 2, and 4 m. These results show robust performance in personal and near space,
with classification confidence declining substantially at far space.

Figure 33. Classification confidence distribution for the Glasses node at 1 m (100 trials).
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Figure 34. Classification confidence distribution for the Glasses node at 2 m (100 trials).

Figure 35. Classification confidence distribution for the Glasses node at 4 m (100 trials).

At a ground-truth distance of 1 m, the ESP32-CAM delivered high classification confi-
dence, with a mean of 0.608 and a median of 0.640. Variability was moderate (SD = 0.213,
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CV = 34.98%), and 90.9% of frames surpassed the 0.30 threshold. The few misses exhibited
substantial shortfalls (mean = 0.199, max = 0.300), but these were rare. A one-sample t-test
confirmed that average performance was significantly above the threshold (p < 0.001),
demonstrating robust near-field performance.

At a ground-truth distance of 2 m, performance declined but remained reliable.
The mean confidence dropped to 0.484 (median = 0.510), with comparable variability
(SD = 0.194, CV = 40.17%). Here, 81.8% of frames exceeded the threshold, while the number
of misses nearly doubled compared to 1 m. Shortfalls for misses were smaller on average
(mean = 0.121) than at 1 m, suggesting that many failures still produced borderline confi-
dence values. The one-sample t-test again confirmed that mean confidence was significantly
above threshold (p < 0.001), supporting continued utility at this range.

At a ground-truth distance of 4 m, classification performance weakened markedly.
The mean confidence fell to 0.293 (median = 0.310), straddling the threshold, while vari-
ability increased sharply (SD = 0.160, CV = 54.39%). Only 51.5% of frames exceeded the
0.30 threshold, reducing reliability to approximately chance level. Shortfalls for failed
detections averaged 0.146, indicating consistent underperformance once the threshold was
not met. Importantly, the one-sample t-test showed no statistically significant difference
from the threshold (p = 0.674), confirming that at this distance the ESP32-CAM cannot
be relied upon for consistent detection. Nevertheless, classification becomes increasingly
important as objects move closer to the user, where reliable identification provides critical
context for safe and informed navigation.

Taken together, these results indicate that the ESP32-CAM performs reliably within
the personal and near space zones (≤2 m), but becomes unsuitable for classification in the
far space zone (≥4 m) without supplementary sensing or fusion strategies.

5.6. Feedback Latency Testing Protocol

Building on this classification analysis, the next step evaluates how quickly detected
information is conveyed to the user through feedback modalities. Latency is defined as the
elapsed time from the moment an object is detected—whether by the JSN-SR04T-2.0 UT
sensor or the ESP32-CAM object classification—until the corresponding feedback modality
is initiated. To quantify this, the test rig was configured to inject positive object detections
and classifications, while voltage readings were recorded to capture the activation latencies
of both output modalities. Latency was quantified as the mean deviation between recorded
detection and feedback with n = 100 readings per trial.

Figure 36 illustrates a representative example, showing voltage traces for the two
modalities: the vibration motor driven by the UT sensor (response at 27 ms), and the audio
speech output triggered by the ESP32-CAM classification (response at 388 ms). The results
highlight the rapid response of the haptic pathway compared to the longer end-to-end
latency associated with visual classification and audio output.

5.7. Latency Results

Figures 37–42 summarize latency distributions across all nodes. The below sections
synthesize these results according to each node.

5.7.1. Glasses Node Results

The JSN-SR04T-2.0 ultrasonic sensor driving the haptic output exhibited a mean
latency of 25.97 ms (median = 26 ms, SD = 0.79 ms, CV = 3.04%), tightly constrained
between 25–27 ms. A one-sample t-test against the nominal 26 ms reference showed no
significant difference (t = −0.382, p = 0.703).

The ESP32-CAM classification-to-audio pathway displayed longer delays owing
to image acquisition and processing overheads, with a mean latency of 488.29 ms
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(median = 431 ms, SD = 211.63 ms, CV = 43.34%), spanning 201–883 ms. No significant
deviation from the 500 ms reference was detected (t = −0.550, p = 0.583). Importantly,
the classification output is designed to enrich the user’s situational awareness rather than
support immediate proxemic hazard detection; therefore, while shorter latencies are advan-
tageous, rapid response time is not operationally critical for this pathway.

Together, these results demonstrate a clear trade-off between speed and informational
richness: the ultrasonic–haptic pathway provides near-instantaneous warnings, while the
camera–audio pathway delivers slower but semantically richer feedback.

Figure 36. Representative Glasses-node feedback trace showing vibration (blue, 27 ms) and audio
output (orange, 388 ms).

Figure 37. Latency distribution for the Glasses ultrasonic–haptic pathway (100 trials). (Left blue
dotted line) −SD, (right blue dotted line) +SD.
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Figure 38. Latency distribution for the Glasses camera–audio pathway (100 trials). (Left blue dotted
line) −SD, (right blue dotted line) +SD.

Figure 39. Latency distribution for Belt front LiDAR–haptic pathway (100 trials). (Left blue dotted
line) −SD, (right blue dotted line) +SD.

5.7.2. Belt Node Results

The Belt node’s dual TFMINI Pro LiDAR sensors driving paired haptic motors
achieved sub-25 ms latencies. For the front LiDAR, mean = 22.99 ms (median = 23 ms,
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SD = 0.51 ms, CV = 2.20%), and for the rear LiDAR, mean = 23.05 ms (median = 23 ms,
SD = 0.79 ms, CV = 3.42%). Both one-sample t-tests confirmed no significant differences
from the 23 ms reference (p > 0.52).

These nearly identical results confirm that the Belt node produces stable, symmet-
rical tactile feedback from both forward and rear detection zones, ensuring consistent
spatial awareness.

Figure 40. Latency distribution for Belt rear LiDAR–haptic pathway (100 trials). (Left blue dotted
line) −SD, (right blue dotted line) +SD.

Figure 41. Latency distribution for Cane LiDAR 1–audio pathway (100 trials). (Left blue dotted line)
−SD, (right blue dotted line) +SD.
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5.7.3. Cane Node

The Cane node’s two TFMINI Pro LiDAR sensors triggered audio buzzers with laten-
cies well below perceptual thresholds. For LiDAR 1, mean = 28.00 ms (median = 28 ms,
SD = 0.83 ms, CV = 2.97%), range 27–29 ms; for LiDAR 2, mean = 29.98 ms (median = 30 ms,
SD = 0.70 ms, CV = 2.33%), range 29–31 ms. LiDAR 2 showed a small but statistically
significant 2 ms increase (t = 28.159, p < 0.001); however, the difference remains negligi-
ble operationally.

Both outputs, therefore, provide real-time auditory cues (<30 ms), maintaining the
ETA’s requirement for rapid, synchronized user feedback.

Figure 42. Latency distribution for Cane LiDAR 2–audio pathway (100 trials). (Left blue dotted line)
−SD, (right blue dotted line) +SD.

6. Discussion
The results confirm that each ETA node—Glasses, Belt, and Cane—achieved low-latency

performance and high measurement accuracy consistent with the system’s design goals.
Across all tests, the mean feedback latency for proximity-based sensors remained under
30 ms, satisfying the threshold for real-time interaction. The Glasses node’s ultrasonic–haptic
pathway provided near-instantaneous alerts (25.97 ms), while its camera–audio pathway intro-
duced longer response times (≈488 ms) due to image capture and classification delays inherent
to embedded vision. The Belt node’s dual LiDAR–haptic channels (≈23 ms) demonstrated
symmetrical feedback between front and rear sensors, enhancing situational awareness in
both directions. The Cane node achieved similar rapid response, with LiDAR–audio latencies
of 28–30 ms, supporting continuous ground-level coverage.

Importantly, the proposed ETA’s obstacle-detection thresholds operate at decimetre-
scale boundaries based on Hall’s proxemic framework, and all obstacle-avoidance decisions
are governed by these coarse spatial zones rather than millimetre-level deviations. Conse-
quently, small systematic differences—such as a 5–6 mm bias—do not alter feedback timing
or system behaviour and have no meaningful impact on user safety.
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Table 5 summarizes five representative multi-sensor, multi-modality, and multi-region
ETA systems. Reported accuracy values are omitted due to the heterogeneity of experimen-
tal methods—such as user-based path tracking, obstacle detection, and object classifica-
tion—across the selected studies.

Table 5. Comparison of multi-sensor and multi-region Electronic Travel Aid (ETA) systems. A
checkmark indicates whether the solution includes sensors that cover the specified region.

Reference Key Features Deployed Body Region (s)
Field of View (FoV) Spatial Coverage

Forward Rear Head Torso Legs

This Study
Multi-sensor, multi-modal tech.,

multi-region (LiDAR,
Ultrasonic, Vision)

Head, Waist, Hand ✓ ✓ ✓ ✓ ✓

[15] Multi-sensor, multi-modal tech.,
multi-region (RGBD, Ultrasonic) Head, Leg ✓ ✓ ✓

[12] Multi-sensor, multi-region (Ultrasonic) Head, Hand ✓ ✓ ✓
[39] Multi-sensor (LiDAR) Waist ✓ ✓ ✓ ✓
[47] Multi-region (Ultrasonic) Waist, Hand, Ankle ✓ ✓ ✓

This qualitative comparison highlights that, based on Hall’s proxemic framework,
the proposed ETA is the only system achieving full spatial coverage across the head, torso,
and legs through a unified multi-sensor, multi-modal, and multi-placement configuration.
This architecture ensures continuous perception and consistent feedback across proxemic
zones, addressing the spatial fragmentation present in earlier designs.

These results demonstrate that the ETA architecture effectively balances responsive-
ness and perceptual richness through multi-modal pathways. Fast ultrasonic and LiDAR
feedback ensure immediate hazard alerts, while slower vision-based cues provide semantic
context—mirroring how individuals with visual impairment integrate quick reflexive and
higher-order cognitive responses. Compared with single-node or single-modality ETAs in
the literature, the tri-node configuration significantly expands field of view and redundancy.
Each node functions autonomously, enabling localized perception and feedback even if
another node fails, addressing the fragility noted in prior multi-part systems.

From a proxemic perspective, the Glasses, Belt, and Cane nodes correspond to head-,
torso-, and ground-level coverage, respectively—mapping directly onto Hall’s personal,
near, and far space. This alignment between sensing zones and human perceptual frame-
works ensures a coherent flow of environmental information: rapid detection in the im-
mediate personal zone, torso-level redundancy for near-field monitoring, and extended
range coverage at the ground plane. Such spatially structured sensing represents a key
advancement over existing ETAs, which often lack clear proxemic coordination.

Although the prototype achieved its primary objectives, further work is required
to advance toward field deployment and user-based evaluation. Ethical considerations
and formal study design are integral to this process. Prior to any trials involving human
participants, a pilot study will be conducted under institutional ethical clearance to ensure
participant safety, informed consent, and data confidentiality. This preliminary phase will
guide the refinement of testing protocols, validate feedback mechanisms, and assess the
system’s usability in realistic mobility scenarios.

• Extended user trials: Evaluate long-term usability, comfort, learning curves, and user
adaptation with participants who have VI.

• Sensor expansion: Incorporate complementary modalities such as radar or thermal
imaging to enhance detection robustness under adverse or low-visibility conditions.

• Hardware optimisation: Miniaturise and consolidate system components to improve
wearability, energy efficiency, and commercial feasibility.
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• Adaptive feedback: Develop context-aware feedback mechanisms that dynamically
adjust modality, intensity, and timing according to environmental conditions and
user preferences.

• Mobile integration: Offload AI processing and system monitoring tasks to smart-
phones or cloud-based services to facilitate real-world application.

These directions position the ETA as a scalable research platform for ongoing develop-
ment within the broader assistive-technology ecosystem, ensuring that future deployments
are conducted ethically, responsibly, and in alignment with best practices for human-
centred design.

7. Conclusions
This study presented a multi-platform, multi-sensor ETA integrating ultrasonic, Li-

DAR, and vision-based sensing across distributed nodes—Glasses, Belt, and Cane—aligned
with orientation and mobility principles and Hall’s proxemic framework. The experiments
confirmed millimetre-level accuracy and sub-30 ms feedback latency across all nodes,
establishing reliable real-time operation under controlled conditions.

The Cane node’s dual LiDAR configuration achieved the highest precision (CV ≤ 0.04%),
while the Belt and Glasses nodes maintained mean detection errors below 1%. Collectively,
these results validate the proposed tri-modal ETA as a scalable, low-latency, and context-aware
assistive system.

The proposed architecture directly addresses limitations identified in the literature,
namely, restricted field of view, reliance on single sensing modalities, and lack of modular
resilience. By enabling autonomous operation of each node with wireless interconnec-
tion and proxemically informed sensor distribution, the system achieves redundant and
complementary spatial coverage. This configuration provides the foundation for future
user-centred trials evaluating mobility, comfort, and long-term usability in real-world envi-
ronments.
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Abbreviations
The following abbreviations are used in this manuscript:

ETA Electronic Travel Aid
VI Visual Impairment
OM Orientation and Mobility
FoV Field of View
MCU Microcontroller Unit
SBC Single Board Computer
IMU Inertial Measurement Unit
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UT Ultrasonic Transducer
LiDAR Light Detection and Ranging
RGB-D Red–Green–Blue plus Depth camera
CV Coefficient of Variation
SD Standard Deviation
MS Mean Square (statistical measure)
YOLOv8 You Only Look Once version 8 (object detection algorithm)
ESP32 Espressif 32-bit microcontroller family
MPU6050 Microelectromechanical Inertial Measurement Unit
TFMINI Pro Time-of-Flight Miniature LiDAR sensor
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