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1. INTRODUCTION  

1.1 Background 

Vision is the primary channel through which people perceive and navigate the physical and social 

world, and its loss imposes daily constraints on independence. Globally, at least 2.2 billion pe

ople live with a vision impairment [C1], and visual disability is among the largest registered d

isability groups in Thailand [C2]. For blind and visually impaired (BVI) individuals, three ever

yday activities remain disproportionately difficult and consequential for autonomy: travelling s

afely on foot, handling cash, and recognising the people nearby [C3]. Existing aids address thes

e needs only partially. The white cane and guide dog detect only near, ground-level hazards [C4]

; ultrasonic electronic travel aids extend range but report a single distance without spatial co

ntext [C5]; identifying banknotes by touch is error-prone [C6]; and conventional aids do not sup

port social recognition at all [C7]. Camera-based systems can, in principle, perceive scene geom

etry, read currency, and identify people [C8], yet most are single-function [C9], depend on clou

d inference with its connectivity, latency, privacy, and cost burdens [C10], and are seldom desi

gned for resource-constrained, non-Western contexts such as Thailand. 

1.2 Objectives 

The objectives of this study are: 

1. To design and implement a wearable, on-device, multi-modal assistive system integrating (

a) stereo-depth obstacle detection with tactile-paving guidance, (b) Thai banknote identi

fication, and (c) recognition of a pre-enrolled set of acquaintances, under a unified voi

ce-driven interface. 

2. To characterise the performance of the on-device recognition models on labelled image dat

a and the behaviour of the depth-based obstacle module. 

3. To assess the feasibility of consolidating these functions on affordable embedded hardwar

e operating without cloud connectivity, and to identify the limitations to be resolved be

fore field deployment. 

1.3 Significance 

This study contributes a single, low-cost wearable that consolidates multiple independence-suppo

rting functions while performing all inference on the device itself, addressing three gaps in ex

isting aids. Its design embodies three principles: edge-first computing, which removes network d

ependence and preserves the privacy of continuously observed surroundings [C11]; class-agnostic o

bstacle sensing, which uses stereo depth directly so that any physical obstacle—wall, pole, glas

s, or box—is detected whether or not it has been seen before [C12]; and non-visual, multimodal i

nteraction, in which the entire interface is auditory, pairing speech-command control with spoke

n feedback in the user's language. By targeting Thai currency, tactile-paving conventions, and l

anguage, the work also demonstrates assistive technology adapted to a non-Western, resource-cons

trained setting. 
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1.4 Scope of Study 

This paper presents and evaluates a working prototype with preliminary results. The scope covers 

the design of the integrated hardware–software system and a quantitative technical evaluation of 

its perception modules on labelled image datasets and controlled bench/walkthrough conditions. T

he recognition component is limited to five Thai banknote denominations and a closed, pre-enroll

ed set of three individuals; the face module performs fixed-roster identification rather than op

en-set recognition. A controlled trial with BVI end-users is outside the present scope and is id

entified as future work. The remainder of this paper is organised as follows: Section 2 reviews r

elated work; Section 3 details the methodology; Section 4 reports results; Section 5 discusses i

mplications and limitations; and Section 6 concludes. 

	

	

	

 

 

2. LITERATURE REVIEW 

Wearable assistive technologies for visually impaired users have been systematically classified b

y sensor modality — camera, LiDAR, and ultrasonic — with camera-based systems augmented by depth 

sensing identified as offering the most comprehensive scene understanding within a miniaturised w

earable form factor [R7]. A persistent limitation across surveyed prototypes, however, is their s

ingle-function scope: most systems address either navigation or object recognition, but seldom b

oth within one integrated device [R7]. 

The perception capabilities of such systems have been transformed by the evolution of deep convo

lutional neural networks and, more recently, Vision Transformers. [R1] establishes that hierarch

ical backbone architectures pre-trained on large-scale datasets produce transferable feature rep

resentations suitable for fine-tuning on specialised downstream tasks. The current trend toward c

omputationally efficient backbone designs — reducing multiply-accumulate operation counts withou

t sacrificing benchmark accuracy — has made real-time inference feasible on edge hardware lackin

g discrete GPUs [R1], a prerequisite for any wearable deployment. 

Within the recognition domain, currency identification and human detection represent two high-va

lue tasks for visually impaired users. Bandara [R2] demonstrated high-precision banknote recogni

tion using EfficientDet-lite2 with a weighted bidirectional feature pyramid network, achieving a 

mean average precision of 0.9877 across six Sri Lankan denominations and delivering results via o

n-device text-to-speech, yet the system remains restricted to smartphone deployment and a single 

country's note series. At an earlier stage of the field, Rajesh et al. [R3] combined Tesseract O

CR with Haar cascade face detection on a Raspberry Pi 3, demonstrating that multi-modal recognit

ion is achievable on low-cost embedded hardware. Both methods, however, suffer from well-documen

ted degradation under uncontrolled outdoor illumination and non-frontal viewing angles, limiting 

practical deployment to controlled indoor environments. 
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For navigation, stereo-vision obstacle detection has evolved from FPGA-based disparity processor

s [R5] — which highlighted the fundamental resolution–latency trade-off in dense depth map compu

tation — toward sensor-fusion approaches that combine disparity with appearance-based segmentati

on. Dzhans and Tolstaya [R4] addressed the failure case of low-contrast ground-level obstacles b

y fusing SLIC superpixel segmentation with stereo depth data, reliably distinguishing three-dime

nsional objects from flat patterns such as shadows and road markings that mislead appearance-onl

y detectors. Tactile paving detection, directly relevant to guided pedestrian navigation across A

sia, has been addressed by Li et al. [R6] using a lightweight architecture combining an Improved 

G-GhostNet backbone with Coordinate Attention and a redesigned atrous spatial pyramid pooling mo

dule, achieving 94% mean intersection over union at 59.2 fps on an embedded NPU — a strong accur

acy–speed benchmark for this class of problem. 

Despite these advances, no existing system unifies currency recognition, obstacle avoidance, tac

tile-paving guidance, face identification, and voice interaction within a single wearable protot

ype. Furthermore, no prior work addresses the Thai operational context specifically — Thai Baht d

enominations, Thai-standard guiding tiles, or a Thai-language audio interface. The present study 

addresses this gap. 

	

3. RESEARCH METHODOLOGY 

3.1 Research Design 

This study adopts a design-and-development (engineering) research design combined with a quantit

ative technical evaluation, rather than an experimental or hypothesis-testing design. This choic

e is dictated by the research objectives: the central aim is to design, build, and demonstrate t

he feasibility of an integrated, on-device, multi-modal assistive wearable, and then to characte

rise the performance of its constituent perception modules under controlled conditions. The work 

therefore proceeds in two phases. The first is a constructive phase, in which system requirement

s are derived from the daily-living needs of blind and visually impaired (BVI) users and transla

ted into a modular hardware–software architecture. The second is an evaluative phase, in which t

he recognition models (banknote and face) are assessed quantitatively on labelled image data, an

d the depth-based obstacle module and tactile-paving guidance module are assessed descriptively u

nder controlled bench and walkthrough conditions. Because this paper reports a working prototype 

with preliminary results, the design deliberately excludes a controlled trial with BVI end-users 

at this stage; such a field study is identified as future work (Section 5). 

 

3.2 Participants / Samples 

This phase of the research involved no human BVI participants; consequently, no inferential powe

r analysis or participant sampling was required. The units of analysis are instead three categor

ies of the evaluation sample: 

1. Banknote image dataset: Images of the five Thai Baht denominations were captured using t

he OAK-D Lite colour camera (CAM_A) under controlled indoor lighting, yielding 76 raw ima

ges across five classes (฿20: 11, ฿50: 13, ฿100: 11, ฿500: 22, ฿1,000: 19). Images were a

nnotated in YOLO bounding-box format using CIRA Core offline annotation software. Offline 

augmentation (rotation, contrast adjustment, Gaussian noise, Gaussian blur) at ×22 per c
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lass expanded the dataset to 1,672 images, split into 1,505 training / 167 validation ima

ges (~90/10). [C16] 

2. Face image dataset: A purpose-built dataset of 213 raw images across three enrolled indi

viduals — book (70 images), pearn (81 images), and tonnam (62 images). These were constru

cted using the OAK-D Lite colour camera under varied indoor lighting, distances (approxim

ately 0.5–2 m), and head angles. Offline augmentation ×5 per class yielded 935 training 

/ 103 validation images (~90/10 split). The three individuals are members of the research 

team who provided written informed consent. 

3. Obstacle and tactile-path test scenarios: A set of controlled scenarios used to charact

erise the walking mode. Formal controlled obstacle and tactile-paving trials were not con

ducted in the present study; the walking-mode modules were characterised through informal 

observation during development, as described in §4.3 and §4.4. Quantitative controlled 

trials are identified as a primary direction for future work. 

The dataset sizes follow common practice for transfer-learning–based object detectors on narrow, 

closed-set tasks, where a few hundred well-labelled images per task are typically sufficient for 

convergence [C13]. 

3.3 Instruments and Materials 

3.3.1 Hardware 

The hardware platform of the proposed wearable assistive system comprises four principal subsyst

ems: a stereo-vision camera unit with on-chip neural processing, a single-board host computer fo

r ROS 2 orchestration, an audio peripheral pair for voice input and spoken output, and a portabl

e power supply. All components are mounted on a vest-shoulder rig so that the camera maintains a

n unobstructed forward field of view above pelvis level to ensure reliable obstacle detection. T

he assembled prototype is shown in Figure 1, and the electrical connections between subsystems a

re illustrated in Figure 2. 
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Fig. 1 — photo of assembled prototype, worn by a research member  

	

	

The electrical connections and data flow between all subsystems are summarised in Figure 

2. 

Fig. 2 — hardware architecture/block diagram (that PowerPoint diagram) 

The primary sensing and inference unit is the OAK-D Lite (Luxonis, Inc.), a compact spati

al AI camera with a front face of 91 × 28 mm and a body depth of 17.5 mm (Figure 3). Three imag

ing sensors are integrated within the single housing: one central RGB colour camera (Sony IMX214

, 13 MP, 81° diagonal field of view) for appearance-based recognition tasks, and two monochrome 

stereo cameras (OmniVision OV7251, 640 × 480 resolution, 89.5° diagonal field of view) separat

ed by a 75 mm baseline for stereo depth computation. The OAK-D Lite incorporates an Intel Movidi

https://doi.org/10.19895/ijstemr.2026.1.4
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us Myriad X (RVC2) vision processing unit (VPU), which provides 4 TOPS of dedicated neural infer

ence throughput and executes all convolutional network operations entirely on-chip at 30 frames p

er second, offloading the host processor from inference workloads entirely. The device connects t

o the host computer via a USB 3.1 Gen 1 Type-C interface, through which both power delivery and b

idirectional data transfer are handled over a single cable. Because the device is mounted in an i

nverted orientation on the wearable rig, the image orientation is corrected in firmware by setti

ng ROTATE_180_DEG via the DepthAI pipeline API, so all downstream detection coordinates are repo

rted in the correct upright frame. Fixed focus is applied to the colour camera at a lens positio

n of 15 (on a 0–255 scale, where 0 = infinity and 255 = macro), calibrated empirically to mainta

in sharpness at typical walking distances of 0.5–3 m while preventing the autofocus mechanism fr

om hunting during motion. 

	

	

 Fig. 3 — OAK-D Lite mechanical drawing. Cited: link 

The host processing unit is a Raspberry Pi 5 running Ubuntu 24.04 and the ROS 2 Jazzy mid

dleware. The Raspberry Pi executes the four ROS 2 nodes responsible for orchestration, decision l

ogic, audio output, and web display (§3.3.2), receiving pre-decoded detection results from the O

AK-D Lite over USB rather than performing any neural inference locally. This deliberate separati

on of responsibilities — neural inference on the VPU, logic and inter-process communication on t

he host CPU — maintains host processor utilisation within a manageable range during full five-fu

nction operation and leaves sufficient headroom for concurrent node execution. The host is also r

esponsible for running the live JPEG preview stream, compressed at quality level 50 and downscal

ed to a maximum width of 480 pixels, which is pushed to the web dashboard at port 8080 for careg

iver or researcher monitoring. 

Voice input is captured via an Essager USB/Type-C external sound card connected to a 3.5 mm head

set microphone operating at a sample rate of 16,000 Hz, compatible with both the PyAudio and ALS

A (arecord) capture backends supported by the speech_logger_node. The recogniser applies a 1-sec

ond ambient noise calibration window before each listening cycle and enforces an RMS energy thre

shold of 120 to reject silent audio frames, reducing spurious API calls. Speech transcription is 

performed by the Google Speech Recognition API, configured for Thai (th-TH) as the primary langu

age with a fall-through to English (en-US) selectable at launch. Audio output is delivered throu

gh 3.5 mm earphones via the same Essager USB/Type-C sound card, driven by Microsoft Edge TTS (ed

https://doi.org/10.19895/ijstemr.2026.1.4
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ge-playback) using the th-TH-PremwadeeNeural neural voice for Thai and en-US-EmmaNeural for Engl

ish. To prevent overlapping announcements, a first-in, first-out speech queue is maintained in a 

dedicated thread; any queued utterance beyond the first is discarded when a new, higher-priority 

result arrives, ensuring the user always hears the most current detection without audio backlog. 

The entire system is powered by a 3,300 mAh, 12.6 V LiPo battery (3C2P configuration) connected t

o the Raspberry Pi via USB-C Power Delivery, providing an estimated runtime of approximately 3 h

ours under continuous 30 fps inference. The OAK-D Lite draws power directly from the Raspberry P

i's USB 3.0 port, which supplies up to 900 mA at 5 V — within the camera's rated power envelope. 

The complete wearable has a total component cost of approximately 15,000 THB, itemised in Table 3

. 

3.3.2 Software.  

The software architecture of the proposed system is built on the Robot Operating System 2 (ROS 2

) middleware framework, which provides a standardised publish–subscribe communication model, lif

ecycle management for sensor nodes, and parameter-driven configuration without code changes. ROS 

2 was selected over ROS 1 for its native support for real-time communication, improved security, 

and active long-term support releases that target Linux on ARM single-board computers. The entir

e system is implemented in Python 3 and comprises four ROS 2 nodes that exchange data exclusivel

y through typed message topics, achieving a fully decoupled architecture in which any node can b

e restarted or replaced independently. 

	

Fig. 4a. ROS 2 node–topic communication graph of the proposed system. Arrows indicate published t

opics; colours denote the publishing node. 

The four nodes and their responsibilities are as follows. The main_pipeline_node owns the 

OAK-D Lite camera pipeline and serves as the sole interface to the DepthAI 3.x API. Because the O

AK-D Lite supports only one active pipeline at a time, this node is responsible for tearing down 

the current pipeline and building a new one whenever the operating mode changes; a mode transiti

on takes approximately 1–2 seconds during which the previous pipeline is closed, and the USB dev

ice is reopened. The speech_logger_node captures audio from the microphone, transcribes voice co

mmands using the Google Speech Recognition API at 16,000 Hz, and publishes mode-switch or naviga

tion-toggle commands onto the appropriate topics. The decision_audio_node receives all detection 

results from the main_pipeline_node, applies priority-based filtering and temporal voting logic, 
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and drives the text-to-speech (TTS) engine to produce spoken output for the user. The web_displa

y_node subscribes to the live JPEG preview and the latest spoken announcement, and serves a brow

ser-accessible dashboard on port 8080 for monitoring purposes. 

Topic-based communication between nodes is carried over the following ROS 2 topics. The speech_l

ogger_node publishes mode commands to /oak/mode_cmd and navigation on/off commands to /oak/nav_c

md, both using the custom oak_interfaces/msg/Mode and std_msgs/Bool message types, respectively. 

The main_pipeline_node broadcasts the currently active mode on /oak/current_mode every second as 

a heartbeat, ensuring all subscribers remain synchronised even across reconnections. Detection r

esults are published on four separate topics — /money/detections, /navigation/detections, /face/

detections, and /tactile/path — all using the custom oak_interfaces/msg/Detection2DArray message 

type, which encodes class name, confidence score, and normalised bounding-box coordinates. The l

ive camera preview is published on /oak/preview/compressed as a sensor_msgs/CompressedImage JPEG

, and the latest spoken phrase is mirrored to /oak/announcement as a std_msgs/String for the web 

dashboard. A /oak/language topic allows the system language (Thai or English) to be switched at r

untime without restarting any node. 

Operating modes are defined by a three-state enumeration  WALK (mode 0), MONEY (mode 1), 

and FACE (mode 2) — declared in oak_interfaces/msg/Mode. The system starts in WALK mode by defau

lt. When main_pipeline_node receives a mode command, it calls _cleanup_pipeline() to close the c

urrent DepthAI device connection and clear all output queues, then immediately builds and starts 

the pipeline for the new mode. In WALK mode, the pipeline activates the stereo cameras (left: CA

M_B, right: CAM_C) at 640 × 400 pixels with the HIGH_DENSITY depth preset, aligned to the colou

r camera frame (CAM_A), and additionally streams 640 × 360 BGR frames from CAM_A for the tactil

e detection module. In MONEY and FACE modes, the pipeline switches to a single-camera DetectionN

etwork configuration that loads the respective YOLO11-nano NN Archive and runs on-chip inference 

at 30 fps; both modes use the identical pipeline structure with only the archive file and per-cl

ass confidence thresholds differing. 

Inference polling is performed by a 50 ms ROS 2 timer (20 Hz) within the main_pipeline_node. On e

ach tick, the node drains its output queue fully and retains only the most recently arrived pack

et, discarding any stale frames that accumulated between ticks. This drain-to-latest strategy pr

events detection results from building up a lag during transient processing slowdowns. For bankn

ote and face detection, a confirmed result requires a majority vote across a sliding window of f

ive consecutive frames (money_confirm_count: 5) before the detection is published, reducing the i

mpact of single-frame false positives. 

Speech management in decision_audio_node is handled by a dedicated background thread that 

enforces four rules simultaneously: (i) coalescing — only the most recently enqueued utterance p

er logical key (e.g., "dir" for direction, "alert" for obstacles) is retained, so a rapid burst o

f identical events never produces a speech backlog; (ii) prioritisation — a higher-priority utte

rance kills the currently playing audio mid-sentence via subprocess.terminate() before starting i

ts own; (iii) deduplication — the same phrase on the same key is not repeated within a configura

ble minimum interval; and (iv) expiry — utterances older than their time-to-live (TTL) are disca

rded unspoken, so a navigation instruction for a turn already passed is never announced late. Pr

iority levels are assigned as: direction guidance (10) < status information (20) < mode changes (

30) < recognition results (40) < obstacle alerts (50) < battery undervoltage warning (60). Audio 

is synthesised using Microsoft Edge TTS (edge-tts) with the th-TH-PremwadeeNeural neural voice f
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or Thai and en-US-EmmaNeural for English. To minimise per-utterance latency, synthesised phrases 

are pre-cached at boot time as MP3 files identified by MD5 hash and played by mpv or ffplay loca

lly, requiring a network connection only on the first synthesis of each unique phrase. The syste

m additionally monitors the Raspberry Pi supply voltage via vcgencmd get_throttled every 10 seco

nds and issues a spoken low-battery warning (repeating at most once per 60 seconds) when the und

er-voltage bit is set, providing the user with a hardware safety alert without requiring any vis

ual display. 

	

	

3.3.3 Models.  

The proposed system employs three distinct perception models, each dedicated to one funct

ional task. Two of the three are neural-network detectors based on the YOLO11-nano architecture; 

the third is a classical computer vision pipeline that requires no learned weights. All models o

perate exclusively in their designated operating mode and are never active simultaneously, as th

e OAK-D Lite supports only one DepthAI pipeline at a time. 

	

Banknote detection model. 

  The banknote dataset was constructed by photographing physical Thai Baht notes using the 

OAK-D Lite colour camera (CAM_A) under controlled indoor lighting, with varied presentation angl

es and distances to simulate real-world handling. The 76 raw images (฿20: 11, ฿50: 13, ฿100: 11, 

฿500: 22, ฿1,000: 19) were annotated in YOLO format using CIRA Core offline annotation software a

nd split 90/10 into training and validation sets. Offline augmentation — rotation, contrast adju

stment, Gaussian noise, and Gaussian blur — was applied at ×22 per class via CIRA Core, yieldin

g a final dataset of 1,505 training / 167 validation images. 

Face recognition model. 

  The face recognition dataset comprises 213 raw images across 3 identity classes (book: 70

, pearn: 81, tonnam: 62), collected by capturing frames from the OAK-D Lite colour camera under v

aried indoor lighting, head angles, and distances, ensuring that the training distribution match

ed the deployment sensor. The dataset was split 90/10 and augmented at ×5 per class (rotation, c

ontrast, noise, blur) via CIRA Core, yielding 935 training / 103 validation images. 
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Fig. 4b — YOLO11-nano architecture diagram 

Tactile-paving detection model.  

The tactile-paving guidance module does not use a neural network. Instead, it applies a c

lassical colour-segmentation pipeline implemented in OpenCV, chosen for its deterministic latenc

y and zero inference overhead on the host CPU. The pipeline processes 640 × 360 BGR frames from 

the OAK-D Lite's colour camera. Each frame is first converted to the HSV colour space, and a bin

ary mask is produced by thresholding within the yellow hue range H ∈ [5, 20], saturation S ≥ 25

, and brightness V ≥ 85 (OpenCV 8-bit scale, where H ∈ [0, 179]). The mask is refined by two se

quential morphological operations: an opening pass with a 5 × 5 elliptical structuring element r

emoves isolated noise pixels, and a closing pass with a 7 × 17 elliptical kernel (taller than w

ide) reconnects broken vertical tile segments; a final 5 × 5 median blur suppresses per-frame s

peckle. Analysis is confined to the lower 30% of the frame height and the central 30% of the fra

me width, eliminating sky, distant background, and roadside objects from consideration. The deta

iled heading-classification procedure built on top of this mask is described in § 3.4.4. 

3.3.4 Validity and reliability.  

Validity in the context of the proposed wearable system refers to the degree to which eac

h module's output correctly represents the physical state it is intended to measure. For the ban

knote detection module, validity is defined as the correspondence between the spoken denominatio

n and the denomination physically presented to the camera. For the obstacle detection module, va

lidity is the correspondence between an issued alert and the actual presence of a physical objec

t within 1,500 mm of the device along the reported left, centre, or right zone. For the tactile-

paving module, validity is the correspondence between the reported heading (straight, bear, or s

harp left/right) and the actual geometric direction of the guiding tile path visible in the came

ra frame. For the face recognition module, validity is the correspondence between the announced i

dentity and the person physically present. 

Several design decisions in the system address construct validity directly. The stereo de

pth measurement underlying obstacle detection is geometrically grounded: disparity values are co

nverted to millimetre distances by the OAK-D Lite's on-chip stereo engine using the factory-cali
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brated camera baseline of 75 mm, making the depth value a physically interpretable quantity rath

er than an abstract score. The tactile heading is derived from the normalised lateral offset of t

he fitted path centreline relative to the frame's fixed reference point (frame centre-bottom), w

hich corresponds geometrically to the user's standing position; this offset has a direct physica

l interpretation as the angular deviation from the path. Confidence thresholds for the neural-ne

twork detectors are set conservatively at 0.20 for most banknote classes and 0.70 for face recog

nition, so that only detections with sufficient evidence are published, trading recall for preci

sion to avoid communicating incorrect information to a visually impaired user. 

Reliability refers to the consistency of the system's outputs under repeated exposure to 

equivalent conditions. Three temporal-smoothing mechanisms are implemented to improve frame-to-f

rame reliability. First, the banknote detector requires a majority vote across a sliding window o

f five consecutive frames before a denomination is announced, so a single misclassified frame ca

nnot trigger a false output. Second, the tactile heading is determined by majority vote over all 

frames received within the preceding one second (minimum five samples required), with an additio

nal 2.5-second dwell constraint that prevents the announced direction from oscillating between a

djacent categories when the path image is ambiguous. Third, obstacle zone classification uses th

e 20th percentile depth value of near pixels within each zone rather than the minimum, making th

e measurement robust to the isolated erroneous disparity values (flying pixels) that stereo matc

hing routinely produces at object edges. Additionally, when an obstacle is detected, tactile gui

dance is suppressed for two seconds to prevent the lower-body region of a nearby person from bei

ng misread as a guiding tile, a known failure mode of colour-based segmentation in crowded scene

s. 

Quantitative evidence of validity and reliability, including per-class detection accuracy, confu

sion matrices, and false positive rates measured during controlled evaluation trials, is present

ed in § 4. 

	

3.3.5 Novel instrument. 

The instrument developed in this study is a unified, voice-controlled wearable assistive 

device that integrates five perception functions:  obstacle avoidance, banknote recognition, tac

tile-paving guidance, face identification, and voice interaction within a single hardware unit o

perated through spoken commands in both Thai and English. As established in §2, no prior work h

as combined these functions in one prototype, and no existing assistive device has been validate

d against the Thai operational context specifically. The instrument therefore represents a novel 

contribution both in its functional scope and in its localisation. 

The primary technical novelty of the instrument lies in its execution architecture. All neural i

nference executes on the Intel Movidius Myriad X VPU embedded within the OAK-D Lite camera unit, 

connected to the host single-board computer over a single USB 3.1 cable. This design eliminates t

he need for a discrete GPU, cloud connectivity, or a laptop-class processor, reducing the host c

omputer to an orchestration role only. The consequence is a self-contained device whose battery r

untime is not constrained by GPU power draw and whose inference latency is not subject to networ

k variability. The ROS 2 publish–subscribe architecture further enables the five functional modu

les to operate as independent, replaceable nodes that share a common message bus, a design that a

llows any individual module to be updated, swapped, or disabled without affecting the remaining f
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unctions. The mode-switching mechanism, driven entirely by the user's spoken commands, allows th

e same camera and VPU hardware to serve three distinct inference pipelines sequentially, making t

he single OAK-D Lite equivalent in functional coverage to what would otherwise require three sep

arate specialised sensors. 

A secondary novelty is the instrument's Thai-language integration throughout the full per

ception-to-output chain. The banknote detector is trained exclusively on Thai Baht denominations 

(฿20, ฿50, ฿100, ฿500, ฿1000). The tactile-paving detector is calibrated to the yellow hue of Th

ai-standard guiding tiles. The speech recognition engine is configured for Thai (th-TH) as the p

rimary language, and audio output uses a Thai neural TTS voice (th-TH-PremwadeeNeural). This end

-to-end Thai localisation distinguishes the instrument from all reviewed prior works, which addr

ess other national contexts or provide no language-specific adaptation. 

	

	

3.4 Data Collection Procedures 

3.4.1 Model training 

Two custom object detection models were trained for the proposed system: a banknote denom

ination detector and a face recognition detector. Both adopt the YOLO11-nano architecture [C13], 

selected for its balance between parameter count and detection accuracy at the input resolution r

equired for RVC2 on-chip inference. Training followed an identical pipeline for both models, dif

fering only in dataset content, class definitions, and per-class confidence thresholds applied a

t inference time. 

Dataset construction.  

The banknote dataset comprises 76 raw images across five Thai Baht denomination classes (

฿20: 11, ฿50: 13, ฿100: 11, ฿500: 22, ฿1,000: 19), collected by photographing physical notes und

er varied illumination conditions, backgrounds, and orientations to simulate real-world handling

. Images were captured using the OAK-D Lite colour camera (CAM_A) and annotated in YOLO format u

sing CIRA Core offline annotation software. 

The face recognition dataset comprises 213 raw images across 3 identity classes, collect

ed by capturing video frames of 3 individuals (book, pearn, and tonnam) under varied lighting, d

istances, and head angles using the OAK-D Lite colour camera directly, ensuring that the trainin

g distribution matched the deployment sensor. 

Augmentation. 

Both datasets underwent a two-stage augmentation pipeline. In the first stage, offline au

gmentation was applied using CIRA Core prior to the train/validation split: rotation, contrast a

djustment, Gaussian noise, and Gaussian blur at ×22 per class for the banknote dataset and ×5 p

er class for the face dataset, expanding the raw collections to 1,672 and 1,038 images respectiv

ely. 

In the second stage, Ultralytics online augmentation was applied stochastically during training. 

For the banknote model, several parameters were customised beyond their defaults to reflect the a

ppearance variation expected in real-world note handling: geometric jitter included rotation up t

o ±15°, shear of 2.0, perspective distortion of 0.0005, scale variation in the range 0.1×–1.9
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×, and translation of 0.15; vertical flip was disabled (flipud = 0) because Thai Baht notes car

ry orientation-dependent visual features; colour jitter used hsv_h = 0.02, hsv_s = 0.8, and hsv_

v = 0.5; mixup blending (0.15) and copy-paste augmentation (0.3) were enabled to increase inter-

class diversity; and mosaic was applied at probability 1.0 and disabled for the final 15 epochs t

o allow the model to fine-tune on clean single-image samples. For the face recognition model, Ul

tralytics default online augmentation parameters were retained (scale = 0.5, hsv_h = 0.015, hsv_

s = 0.7, hsv_v = 0.4, mosaic = 1.0, randaugment), with no geometric distortions beyond horizonta

l flip, as face recognition requires stable spatial structure. The full augmentation parameter s

ets for both models are listed in Table 4. 

	

Training procedure.  

Both models were trained using the Ultralytics YOLO11 framework [C13] with the AdamW optimiser a

nd a cosine learning rate schedule over 150 epochs with a batch size of 64. The banknote model u

sed an initial learning rate of 0.00111 and an input resolution of 416 × 416 pixels. The face r

ecognition model used an initial learning rate of 0.001429 and was trained at 640 × 640 pixels; 

the checkpoint was subsequently converted to a 416 × 416 input NN Archive at deployment (§3.4.

1), meaning the two models share the same on-device input resolution despite differing training r

esolutions. Training was conducted on a local workstation with an NVIDIA RTX 5060 Ti GPU (16 GB V

RAM). The best-performing checkpoint, selected by the highest validation mAP@0.5, was saved as b

est.pt. 

	

Table 1: Training hyperparameters for the banknote denomination and face recognition mode

ls.   	

3.4.2 Recognition evaluation.  

Both the banknote and face recognition models were evaluated using an offline, on-device 

protocol that mirrors the conditions of live deployment as closely as possible. Rather than expo

rting weights to an ONNX or CPU runtime, the evaluation pipeline feeds labelled still images dir

ectly into the deployed NN Archive (.rvc2.tar.xz) running on the physical OAK-D Lite via a host i

nput queue, so the scores measured reflect the actual quantised model executing on the Myriad X V

PU — not an approximation. This design choice ensures that any quantisation error introduced dur

ing the tools.luxonis.com conversion is captured in the reported metrics. 
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The evaluation dataset is organised as a flat directory of class sub-folders, where each sub-fol

der name is treated as the ground-truth label. For the banknote model, sub-folders correspond to 

the five denomination classes (฿20, ฿50, ฿100, ฿500, ฿1000); for the face model, sub-folders cor

respond to the 3 registered identity classes. Each image is pre-processed identically to the liv

e pipeline: a centre-crop to the largest inscribed square is applied first, followed by bilinear 

downscaling to 416 × 416 pixels, replicating the resizeMode=CROP behaviour of the DepthAI Detec

tionNetwork node. The same per-class confidence thresholds used at runtime (§3.3.3) are applied 

during evaluation, so an image for which no detection clears its class threshold is recorded as a 

none (no-detection) prediction rather than a forced class assignment. 

The task is treated as closed-set classification: the highest-confidence detection that c

lears its per-class threshold is taken as the model's prediction for that image, and this predic

tion is compared against the folder-level ground-truth label. From the resulting prediction list

, the following metrics are computed: overall accuracy, per-class precision, recall, F1-score, a

nd support. A confusion matrix is constructed with rows indexed by true label and columns by pre

dicted label, and is saved in both raw-count and row-normalised forms. All output per-image pred

ictions, per-class metrics, and confusion matrix images are written to a structured output direc

tory for inclusion in §4. 

The reported numbers constitute validation-set performance, evaluated on 167 images for the bank

note model and 103 images for the face model. The complete per-class results and confusion matri

ces are presented in §4. 

3.4.3 Obstacle-detection procedure.  

The obstacle-detection module operates exclusively in WALK mode and relies on stereo depth data a

lone; no neural network is involved. This design choice means the module detects any physical ob

ject that displaces space within range, regardless of its appearance: walls, glass panels, bolla

rds, parked vehicles, and people are all detected identically, which is precisely the property r

equired for safe pedestrian navigation. 

Stereo depth pipeline.  

When WALK mode is active, the main_pipeline_node constructs a DepthAI StereoDepth node from the t

wo monochrome cameras (CAM_B left, CAM_C right), each streaming 640 × 400 pixel NV12 frames at 3

0 fps. The StereoDepth node is configured with the HIGH_DENSITY preset, which maximises disparit

y map coverage at the cost of some spatial resolution, and depth output is spatially aligned to t

he colour camera frame (CAM_A) so that pixel coordinates in the depth map correspond directly to 

the same scene positions visible in the RGB preview. The resulting depth frame encodes per-pixel 

distances in millimetres, derived from the stereo baseline of 75 mm via the standard disparity-t

o-depth relation. 

Region of interest.  

The full depth frame is cropped vertically to a region of interest spanning from 10% to 90% of t

he frame height, discarding the uppermost 10% (sky, ceiling, and distant background) and the low

ermost 10% (the user's own feet directly below the camera). This vertical band captures the obst

acle-relevant mid-field in front of the user without triggering false alerts from ground clutter 

immediately underfoot or from open space far overhead. 

Zone division and classification.  

https://doi.org/10.19895/ijstemr.2026.1.4


	
INTERNATIONAL JOURNAL OF STEM RESEARCH 
	 Vol. 1, No. 1, Year: 2026 

	

© International Journal of STEM Research  |  All rights reserved  |  DOI: https://doi.org/10.19895/ijstemr.2026.1.4 

The region of interest is divided horizontally into three equal-width zones — left, centr

e, and right — each spanning one third of the frame width. For each zone, every pixel with a val

id depth reading in the range 0 < d ≤ 1,500 mm is classified as a near pixel. Two statistics are 

then computed per zone: the fraction of the zone's total pixels that are near (frac), and the 20

th percentile depth value among those near pixels (z_near). Using the 20th percentile rather tha

n the minimum makes the estimate robust to the isolated erroneous disparity values (commonly cal

led flying pixels) that stereo matching routinely produces at depth discontinuities. A zone is f

lagged as containing an obstacle if and only if frac ≥ 0.04 and z_near ≤ 1,500 mm. The 4% pixel-

fraction threshold filters out small reflections and single-pixel noise without requiring a larg

e object to fill the zone. 

Output and integration 

  Obstacle zones that pass both criteria are published as Detection2DArray messages on the 

/navigation/detections topic, with class_name set to "left", "center", or "right", and center_y c

arrying the zone's 20th-percentile distance in metres. When no obstacles are detected, an empty D

etection2DArray is published at 20 Hz to provide a continuous all-clear signal to downstream sub

scribers. Upon any obstacle detection, the tactile-paving guidance module is suppressed for two s

econds, preventing the lower-body region of a nearby person from being misread as a guiding tile 

by the colour segmentation pipeline running concurrently on the RGB frame. 

3.4.4 Tactile-Paving Guidance Procedure. 

Yellow tactile guiding tiles are a mandated pedestrian wayfinding feature in Thailand, in

stalled along footpaths and transit stations to indicate safe walking routes and decision points

. The proposed system detects these tiles in real time from the OAK-D Lite colour camera stream a

nd derives a heading instruction that tells the user which direction to walk to remain on the pa

th. 

	

Colour segmentation 

Each 640 × 360 BGR frame received from CAM_A is first converted to the HSV colour space, 

within which yellow is more robustly isolated from lighting variation than in BGR. A binary mask 

is produced by thresholding within the hue range H ∈ [5, 20], saturation S ≥ 25, and brightness 

V ≥ 85 (OpenCV 8-bit convention, H ∈ [0, 179]). The hue upper bound of 20 was set empirically t

o exclude green-tinted surfaces, while the low saturation floor of 25 admits faded or sun-bleach

ed tiles without capturing white or grey pavement. The raw mask is then refined by three sequent

ial operations: (i) a morphological opening with a 5 × 5 elliptical structuring element removes 

isolated noise pixels smaller than the kernel; (ii) a morphological closing with a 7 × 17 ellip

tical kernel (taller than wide) reconnects vertically broken tile segments that appear interrupt

ed due to the raised-dot surface texture of tactile paving; and (iii) a 5 × 5 median blur suppr

esses per-frame speckle arising from specular reflections on wet or polished tiles. 

Region of interest 

Analysis is restricted to a sub-region of the frame to eliminate irrelevant yellow object

s — taxis, signs, and clothing — that may appear outside the walking zone. Pixels above the hori

zon line (top 20% of frame height) are zeroed, as the path cannot appear in the sky region. Of t

he remaining lower 80%, only the bottom 30% of the full frame height is retained for contour ana
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lysis, confining detection to the near-ground region directly in front of the user's feet. Addit

ionally, only the central 30% of the frame width (±15% from the horizontal midpoint) is analyse

d, excluding roadside objects at the image periphery. 

Contour scoring and selection 

 External contours are extracted from the masked ROI. Each contour is scored against five 

criteria: (i) minimum area of 0.08% of the total frame area, filtering dust and small reflection

s; (ii) contour centroid must lie below the horizon; (iii) a reaches_bottom bonus (×2.0 multipl

ier) if the contour extends below 80% of the frame height, rewarding tiles that extend to the us

er's immediate walking area; (iv) an elongation bonus proportional to the height-to-width aspect 

ratio, favouring the vertical stripe geometry of guiding tiles; and (v) a proximity penalty prop

ortional to how far the contour's bottom edge deviates from the horizontal frame centre, discrim

inating the directly-ahead path from adjacent but off-path yellow objects. The highest-scoring c

ontour is selected as the candidate path region. 

Fork and stop detection 

Before computing a heading, the pipeline checks for junction conditions that require the 

user to stop and decide. Three triggers are defined: (A1) a Y-fork, where two or more strong con

tours (each exceeding 0.3% of frame area) have centroids spanning more than 20% of the frame wid

th horizontally; (A2) a same-side fork, where two contours are on the same side of the frame cen

tre but more than 10% of frame width apart; and (B) a horizontal cross-stripe, where a single co

ntour has a width-to-height ratio greater than 2.0 and spans more than 25% of frame width, indic

ating a pedestrian crossing or a warning-band tile. Any triggered condition sets the heading to S

TOP - DECIDE, which bypasses the normal direction-dwell logic in decision_audio_node and is anno

unced immediately. 

Centreline fitting and heading classification. 

 For a single-path frame, the median horizontal pixel position of the mask is sampled at 

every eighth row within the detected contour, producing a set of centreline points. A first-degr

ee polynomial x = m·y + b is fitted to these points (x as a function of y, allowing nearly verti

cal lines), yielding the centreline slope and intercept. The heading is then determined from the 

lateral offset of the line's far end, the x value at the top of the bounding box  relative to th

e fixed reference point at the frame's horizontal centre-bottom (W/2, H), which geometrically co

rresponds to the user's standing position: 

offset = (x_top − W/2) / W     (1

) 

The system determines the user’s heading by calculating the lateral offset of the path’s cente

rline relative to the center of the camera’s field of view. An offset value of zero indicates t

hat the path is directly ahead, while positive and negative values signal rightward and leftward 

deviations, respectively. Based on the magnitude of this offset, the heading is categorized into 

three navigational states: 'Straight' for minimal deviation, 'Bear Left or Right' for moderate a

djustments, and 'Sharp Left or Right' for significant course corrections. Additionally, the syst

em computes a 'reach' value, which represents the percentage of the frame height occupied by the 

path. This metric serves as a proxy for the path's visibility, indicating how far ahead the tact

ile guide is detectable within the camera's view.  
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Output and audio integration. 

  The heading string, reach value, and lateral offset are published as a Detection2DArray m

essage on /tactile/path at the pipeline polling rate of 20 Hz. The decision_audio_node accumulat

es these messages in a one-second sliding window and resolves the majority heading category acro

ss a minimum of five samples before issuing a spoken direction, smoothing out frame-to-frame fli

cker between adjacent categories. A minimum dwell constraint of 2.5 seconds prevents the announc

ed direction from oscillating when the path image is ambiguous. Tactile guidance is suppressed e

ntirely for two seconds following any obstacle alert, and can also be toggled off at any time by 

the voice command "ปิดระบบนําทาง" (disable navigation) without exiting WALK mode, allowing the us
er to silence path guidance while obstacle detection continues. 

	

3.4.5 Voice interaction procedure.  

The voice interaction subsystem provides the user's sole control interface and the system

's sole output channel, replacing any visual display. It operates as two independent pipelines r

unning concurrently in background threads: a speech recognition pipeline that listens for comman

ds, and a text-to-speech pipeline that announces detection results and system status. 

Speech recognition. 

The microphone is sampled continuously at 16,000 Hz using either the ALSA arecord backend 

or PyAudio, depending on the host audio environment. Audio is captured in two-second chunks, and 

each chunk is first tested against a minimum RMS energy threshold of 120 to discard silent frame

s without sending them to the recognition API, reducing unnecessary network requests. Chunks tha

t pass the energy gate are submitted to the Google Speech Recognition API, configured for Thai (

th-TH) as the primary language with English (en-US) selectable as an alternative at system launc

h. A one-second ambient noise calibration is performed before each listening cycle to adjust the 

recogniser's energy threshold dynamically to background conditions. 

Command matching.  

Transcribed text is matched against two independent command sets: mode-switch commands an

d navigation-toggle commands. Mode commands switch the active pipeline between WALK, MONEY, and F

ACE modes; navigation-toggle commands enable or disable the tactile-paving guidance sub-function 

within WALK mode without changing the mode itself. Thai transcripts are matched by substring, si

nce Thai text is written without word-boundary spaces; English transcripts are matched by whole-

word token to avoid false matches where short keywords such as "on" appear as substrings of unre

lated words such as "navigation". To prevent a known substring ambiguity in Thai, where "ปิด" (of
f) is a suffix of "เปิด" (on), the "on" condition is always evaluated first. Navigation-toggle co
mmands are silently ignored when the system is in MONEY or FACE mode, as toggling tactile guidan

ce is only meaningful during walking. An unrecognised transcript triggers a bilingual prompt ("พู
ดใหม"่ / "Say again") to indicate that no command was matched. 

Text-to-speech output.  

All spoken output is generated by Microsoft Edge TTS (edge-tts) using the th-TH-Premwadee

Neural neural voice for Thai and en-US-EmmaNeural for English. To minimise per-utterance latency

, synthesised phrases are cached as MD5-hashed MP3 files in a local directory at first synthesis
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; on all subsequent calls, the cached file is played directly by mpv or ffplay without a network 

request, making repeated announcements, direction guidance, obstacle alerts, and denomination re

sults effectively instantaneous. All phrases expected during normal operation are pre-synthesise

d into the cache during the boot sequence so that the first real-world use of each utterance inc

urs no delay. A boot greeting ("ระบบพรอ้มใชง้าน โหมดเดนิ" / "System ready. Walk mode.") is issued 
on startup to confirm that all nodes have initialised successfully. 

Priority and preemption.  

The speech queue enforces six priority levels: direction guidance (10), status informatio

n (20), mode changes (30), recognition results (40), obstacle and stop alerts (50), and battery u

ndervoltage warnings (60). A higher-priority utterance terminates the currently playing audio mi

d-sentence via process signal and is spoken immediately, ensuring that safety-critical alerts su

ch as obstacle warnings are never delayed by a lower-priority direction instruction. Within each 

priority level, only the most recently enqueued utterance is retained; earlier utterances on the 

same logical key are discarded, preventing a backlog from accumulating during rapid-fire detecti

on events. The Raspberry Pi supply voltage is polled every ten seconds via vcgencmd get_throttle

d; if active under-voltage is detected (throttle register bit 0), a spoken low-battery warning i

s issued at the highest priority and repeated at most once per sixty seconds. 

	

Ethics and consent.  

All individuals whose facial images were collected provided written informed consent for image c

apture, model training, and aggregate reporting, in accordance with the Declaration of Helsinki. 

As no BVI end-users participated in this phase, no further human-subjects procedures were undert

aken; the planned field study will obtain separate ethical approval and informed consent. 

	

3.5 Data Analysis 

Performance of the two neural-network recognition models: banknote denomination detection 

and face identification, is quantified using standard closed-set classification metrics derived f

rom the confusion matrices produced by the offline evaluation procedure described in §3.4.2. Fo

r each model and each class, precision, recall, and F1-score are computed from the per-cell conf

usion matrix counts, where precision measures the proportion of correct positive predictions, re

call measures the proportion of true instances that are detected, and F1-score is their harmonic 

mean. Overall model accuracy is reported as the fraction of test images for which the top-confid

ence prediction matches the ground-truth label. Macro-averaged F1 across all classes is addition

ally reported to give equal weight to each class regardless of support imbalance. Normalised con

fusion matrices (row-normalised by true class count) are presented in §4 to reveal per-class co

nfusion patterns that overall accuracy can obscure. 

Obstacle detection and tactile-paving guidance are not evaluated against a labelled image datase

t; instead, their correctness is assessed qualitatively through structured observation trials in 

which the system is operated in representative environments, an indoor corridor for obstacle det

ection, and a footpath with installed yellow guiding tiles for tactile guidance, and the corresp

ondence between spoken outputs and physical ground conditions is recorded. The number of trials, 
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environment details, and observer protocol for each module are reported alongside the results in 

§4.3 (obstacle detection) and §4.4 (tactile-paving guidance). 

4. RESULTS 

This section presents the quantitative and observational outcomes of evaluating the five functio

nal modules of the proposed system: banknote recognition, face identification, obstacle detectio

n, tactile-paving guidance, and voice interaction. All neural-network evaluations were conducted 

using the on-device offline protocol described in §3.4.2, with the deployed NN Archive running o

n the physical OAK-D Lite hardware. 

4.1 Banknote Recognition Performance 

The banknote detector was evaluated on 167 validation images across five Thai Baht denomination c

lasses. Macro-averaged precision was 0.972, recall 0.879, and F1-score 0.923, with a macro mAP@0

.5 of 0.966 (Table 1). The ฿100 note exhibits the lowest recall (0.689) and F1-score (0.816) amo

ng all denominations, consistent with its visual similarity to the ฿500 note under varied lighti

ng — the condition that motivated the elevated confidence threshold of 0.40 applied to that clas

s at runtime. All remaining denominations achieve F1-scores of 0.868 or above, with ฿500 achievi

ng the highest F1 (0.987). 

Table 1. Per-class precision, recall, F1-score, mAP@0.5, and mAP@0.5–0.95 for the banknote denom
ination model evaluated on 167 validation images. 

	

Class Precision Recall F1 mAP@0.5 mAP@0.5–0.95  

฿20  1.000  0.957  0.978  0.995  0.656  

฿50  0.971  0.923  0.947  0.990  0.715  

฿100  1.000  0.689  0.816  0.931  0.628 

฿500  0.993  0.981  0.987  0.994  0.665  

฿1000  0.895  0.842  0.868  0.920  0.613  

Macro mean  0.972  0.879  0.923  0.966  0.655  

	

The normalised confusion matrix in Figure 8 reveals the inter-class confusion pattern across the 

five denominations. The ฿100 note exhibits the highest confusion rate with the ฿500 note, consis

tent with the visual similarity between those two denominations that motivated the higher per-cl
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ass confidence threshold of 0.40 applied at runtime. All other denominations achieve per-class r

ecall of 0.842 or above.  

Fig. 8 — normalised confusion matrix (row = true label, col = predicted label) for bankn
ote model, produced by eval_money_model.py 

	

	

	

4.2 Face Recognition Performance 

The face recognition model was evaluated on 103 validation images across 3 identity classes. The 

model achieved near-perfect performance across all registered individuals, with a macro-averaged 

precision of 0.998, recall of 1.000, and F1-score of 0.999, and a macro mAP@0.5 of 0.995 (Table 

2). All three classes achieved recall of 1.000, indicating that no registered face was missed in 

the validation set. The high mAP@0.5–0.95 of 0.952 confirms strong localisation accuracy in addi

tion to classification correctness. 

Table 2. Per-class precision, recall, F1-score, mAP@0.5, and mAP@0.5–0.95 for the face recogniti
on model evaluated on 103 validation images. 

	

Class Precision Recall F1 mAP@0.5 mAP@0.5–0.95  

book 0.998  1.000   0.999  0.995  0.966   

pearn 0.998  1.000  0.999  0.995  0.941  

tonnam 0.998  1.000  0.999  0.995  0.949  

Macro mean  0.998  1.000   0.999  0.995  0.952 
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Fig. 9 — normalised confusion matrix for face recognition model 

4.3 Obstacle Detection Performance 

The obstacle detection module was verified through informal system operation rather than a contr

olled trial protocol. During development and integration testing, the module consistently issued 

correct left, centre, and right zone alerts when physical obstacles — including a standing perso

n, a cardboard box, and a wall surface — were introduced within the 1,500 mm detection threshold

. False positive rates were subjectively low under normal indoor lighting; the 4% pixel-fraction 

gate and 20th-percentile depth estimator effectively suppressed flying-pixel artefacts at object 

edges, consistent with the design rationale described in §3.4.3. Formal quantitative evaluation 

through a controlled trial protocol is identified as a primary direction for future work (§6). 

	

4.4 Tactile-Paving Guidance Performance 

The tactile-paving guidance module was verified through informal walkthroughs on [indoor mock-up 

/ yellow guiding tile footpath]. The system consistently issued correct straight, bear-left/righ

t, and sharp-left/right heading announcements during development testing, with the one-second ma

jority-vote window eliminating per-frame flicker and the 2.5-second dwell constraint preventing 

oscillation at borderline path angles. The STOP–DECIDE trigger was verified at Y-fork and pedest

rian-crossing configurations. Detection failed under strong shadows across tile surfaces, consis

tent with the known limitation of HSV-based colour segmentation described in §3.3.3. Controlled 

quantitative evaluation is deferred to future work. 

4.5 System Throughput and End-to-End Latency 
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The OAK-D Lite pipeline was configured at 30 fps for all three operating modes; this rate reflec

ts the hardware pipeline configuration and was observed to be sustained during operation. Formal 

measurement of sustained frame rate, host CPU utilisation, and end-to-end announcement latency w

as not conducted within the scope of this study and is identified as a quantitative objective fo

r future work. Qualitatively, TTS announcements for pre-cached phrases were perceived as immedia

te during operation, consistent with the design intent of the boot-time prewarm sequence describ

ed in §3.4.5. 

5. DISCUSSION 

The results of this study demonstrate that a unified, five-function wearable assistive device fo

r visually impaired users is achievable within the hardware constraints of a single-board comput

er and a compact on-chip inference camera, without requiring cloud connectivity for its core per

ception functions. The following discussion interprets these findings in relation to the researc

h objectives, situates them within the existing literature, and addresses the limitations that q

ualify the reported performance. 

Banknote recognition performance and comparison with prior work 

The banknote detector achieved a macro mAP@0.5 of 0.966 and macro recall of 0.879 across five Th

ai Baht denominations on the 167-image validation set (Table 1). These results are comparable to 

the mAP of 0.9877 reported by Bandara [R2] for Sri Lankan currency; a direct comparison requires 

caution, however, as Bandara’s evaluation used static still images under controlled conditions a

nd a different national currency series. The ฿100 denomination achieved the lowest recall (0.689

) and shows its highest confusion with ฿500 in the normalised confusion matrix (Fig. 8), consist

ent with the visual similarity between those two denominations that motivated the elevated confi

dence threshold of 0.40 applied at runtime. The five-frame majority-vote confirmation mechanism f

urther reduces false announcements in practice. These findings indicate that further expansion o

f the ฿100 training set, and possibly a more discriminative backbone architecture than YOLO11-na

no, would be beneficial before deploying the system for safety-critical financial decisions. 

Face recognition and multi-modal recognition context  

The face recognition module achieved 99.9% accuracy (macro F1 0.999) across three registered ide

ntities on the 103-image validation set, which is functionally appropriate for the closed-set sc

enario of recognising known companions but cannot generalise to unknown individuals. Rajesh et a

l. [R3] demonstrated that multi-modal recognition combining text and face detection is achievabl

e on a Raspberry Pi using classical methods (Haar cascades, Tesseract OCR), but reported signifi

cant degradation in uncontrolled lighting and non-frontal angles — conditions that the YOLO11-na

no detector, trained on varied-angle samples from the OAK-D Lite directly, partially mitigates. T

he present face module, therefore, represents a meaningful advancement in robustness over classi

cal approaches for the person-recognition sub-task, though the three-person training set is insu

fficient to draw statistically generalisable conclusions about recognition performance across di

verse individuals. 

Obstacle detection and tactile guidance 

The depth-zone obstacle detector and tactile-paving guidance module were verified through inform

al system operation during development rather than a formal controlled trial (§4.3–4.4). During 

development testing, the 20th-percentile depth estimator and 4% pixel-fraction threshold effecti

vely suppressed flying-pixel artefacts inherent to stereo matching, and the one-second majority-
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vote window and 2.5-second dwell constraint eliminated per-frame flicker in tactile heading outp

ut. Quantitative controlled-trial evaluation of both modules is identified as a primary directio

n for future work. Li et al. [R6] reported 94% mIoU using a dedicated lightweight segmentation n

etwork at 59.2 fps on dedicated NPU hardware; the present HSV-based approach trades segmentation 

completeness for near-zero host-CPU overhead, keeping the Raspberry Pi available for ROS 2 orche

stration across all five modules simultaneously. The practical trade-off is that the HSV pipelin

e is more sensitive to unusual lighting, overcast skies, night-time illumination, and strong sha

dows across tiles than a learned segmentation model would be. 

System integration and novel contributions 

The most significant finding of this study is not the per-module accuracy of any individual dete

ctor but the demonstrated feasibility of integrating five perception functions within a single w

earable platform without a GPU or persistent internet connection for inference. No reviewed prio

r work achieves this combination [R7], and the Thai-language and Thai-denomination specificity o

f the system addresses a gap in the assistive technology literature that affects over 184,000 vi

sually impaired individuals in Thailand [C2]. The ROS 2 publish–subscribe architecture enables i

ndividual modules to be independently updated or replaced as better models become available, pro

viding a modular foundation for future development. 

Limitations 

Several limitations qualify the present findings. First, all evaluation trials were conducted un

der controlled indoor conditions; field performance on outdoor footpaths, in direct sunlight, or 

at night remains untested. Second, the Google Speech Recognition API requires an active internet 

connection for transcription, making the voice-command interface unavailable in areas without ne

twork coverage a significant constraint for a wearable device intended for independent pedestria

n use. Third, the face recognition module is fundamentally closed-set: it cannot alert the user t

o the presence of an unregistered person, only to the absence of a known one. Fourth, the mode-s

witching transition of 1–2 seconds during which no detections are published represents a brief b

ut non-trivial gap in protection. Fifth, and most critically, no formal evaluation with visually 

impaired participants was conducted; the system's usability, cognitive load, and real-world util

ity for the target population remain to be established through user studies. 

	

6. CONCLUSION 

This study presented the design, implementation, and preliminary evaluation of a wearable 

assistive prototype that integrates five perception functions — obstacle avoidance, Thai Baht ba

nknote recognition, tactile-paving guidance, face identification, and bilingual voice interactio

n — within a single device comprising an OAK-D Lite spatial AI camera and a Raspberry Pi single-

board computer. All neural inference executes on the camera’s embedded Myriad X VPU, eliminatin

g the need for a GPU or cloud-based inference and enabling a self-contained wearable form factor

. The banknote detector achieved a macro mAP@0.5 of 0.966 (macro precision 0.972, recall 0.879) o

n the 167-image validation set, and the face recognition module achieved 99.9% accuracy (macro F

1 0.999) across three registered identities on the 103-image validation set. Obstacle detection a

nd tactile-paving guidance were verified qualitatively during development; formal controlled-tri

al evaluation is identified as a priority for future work. 
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The primary contribution of this work is the first published integrated assistive wearable valid

ated for the Thai context, addressing Thai Baht denominations, Thai-standard yellow guiding tile

s, and a Thai-language voice interface. The modular ROS 2 architecture further offers a replicab

le framework for future multi-function assistive device research. Future work should prioritise t

hree directions: replacing the internet-dependent speech recogniser with an on-device offline AS

R model; conducting a formal usability study with visually impaired participants under real outd

oor conditions; and expanding the banknote training dataset to improve per-class accuracy toward 

the threshold required for financial reliability. These steps would advance the prototype from a 

laboratory demonstration toward a deployable assistive tool for Thailand's visually impaired pop

ulation. 
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