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Abstract

Air-writing with body-worn inertial sensors is a promising, camera-free pathway to
text input on constrained or screenless devices. Yet Bengalione of the worlds most
widely used scriptsremains sparsely represented in public corpora, limiting repro-
ducibility and comparative progress. We introduce a motion-sensor Bengali air-writing
dataset comprising 3,996 single-character trials spanning 60 core symbol classes (vow-
els, consonants, digits), captured with a wrist/hand-mounted 6-DoF IMU at 200 Hz
under a controlled 2 X 3 X 2 protocol varying handedness (dominant/non-dominant),
writing speed (slow/normal/fast), and environment (normal/noisy). A cue-based ready-
go-write-hold procedure, deterministic file naming, and self-describing CSVs with
user/session metadata support transparent filtering, canonical splits, and faithful re-

analysis.

We benchmark recognition using classical machine-learning pipelines built on com-

pact time/frequency and cross-axis features, alongside sequence models that consume

minimally processed IMU streams. The baselines verify the feasibility of IMU-based

Bengali character recognition while surfacing persistent fine-grained confusions among
kinematically similar graphemes, cross-condition generalization gaps (hand/speed/en-

vironment), and the difficulty of writer-independent performance without personal-

ization. We further outline evaluation tracks for streaming, online decoding (joint

boundary detection and classification) to bridge from trial-bounded clips to real-time

interfaces.

As of our study, this is the second publicly described IMU-captured Bengali air-writing
corpus with a documented acquisition protocol and reproducible baselines. By releas-
ing data, canonical splits, and challenge definitions, we provide a rigorous foundation
for future work on rotation-/tempo-robust representations, few-shot personalization,
and low-latency decodingadvancing inclusive, privacy-preserving text input for non-
Latin scripts.

xi



Chapter 1
Introduction

As technology is evolving day by day, the way humans interact with the digital world is
shifting beyond traditional physical interfaces like keyboards and touchscreens. With
the fast development of wearable technologies, future digital environments are ex-
pected to offer immersive and seamless user experiences. The systems are expected
to replace traditional screens with wearable devices to interact with digital devices.
However, while output modalities are advancing significantly, input mechanisms re-
main a major limitation in these next-generation platforms.

Existing input technologies like gesture recognition have been researched extensively.
Though there are shortcomings to this. Gesture recognition is restricted by a limited
set of controlled environments, which may not be enough to cover complex interac-
tion needs. As a result, new input technologies that are flexible, accurate, and socially
acceptable are needed. It is the demand of the time.

1.1 Motivations and Scope

Air-writing characters in the air using free-hand gestures has come up with a promis-
ing input modality for future human-computer interaction. It offers a surface-free
means for text entry, allowing users to interact with digital systems without the need
for physical contact. Air-writing is useful for small-screen ot screenless devices such
as AR and VR, where the use of traditional text input is impractical.

Despite the growing interest in air-writing, most existing studies have focused on En-
glish and other Latin-based scripts. But the complex scripts like Bengali receive less
attention. Bengali is the fifth most spoken native language in the world. Yet, it has
remained significantly underrepresented in digital technologies. For a more inclusive
digital future, it is a must to develop intelligent input systems for underrepresented



languages like Bengali. This study aims to contribute to that goal by developing a
motion sensorbased Bengali air-writing dataset to facilitate the creation of accurate

character recognition systems.

1.2 Problem Statement

Despite promising prototypes, Bengali air-writing remains a data-scarce domain in
the motion-sensing setting: there is no publicly available, standardized IMU-captured
corpus of Bengali characters with documented acquisition protocols, calibrated sen-
sors, synchronized labels, and writer/session diversity. Consequently, model devel-
opment is fragmented and not reproducible, and reported accuracies are unlikely to

generalize across users, devices, or environments.

Existing studies typically rely on small, proprietary, or vision-based datasets collected
under controlled conditions; as a result, learned models are brittle to variation in writ-
ing style, speed, stroke order, handedness, device orientation, and ambient contexta
direct symptom of insufficient data diversity and sample size.

There is therefore a clear need for a robust, open benchmark dataset that: (i) Covers
the full Bengali inventory (39 consonants, 11 vowels, 10 digits) with adequate repeti-
tions; (ii) Captures natural inter- and intra-writer variability across multiple sessions
and environments; and (iii) Provides standardized splits, metadata, and baseline mod-
els to enable fair comparison and accelerate progress toward reliable, real-world Ben-

gali air-writing systems.

1.3 Research Challenges

Developing a comprehensive Bengali air-writing dataset poses several challenges. Be-
cause, the Bengali script includes complex curves and diverse stroke patterns, mak-
ing character separation and recognition more difficult than in Latin-based scripts.
Also, Capturing consistent and high-quality motion sensor data for dynamic hand
movements in three-dimensional space requires precise hardware calibration and a
controlled data collection protocol. Furthermore, Variations in writing speed, hand
movement and individual writing styles introduce noise into the dataset, making it
challenging to achieve high recognition accuracy. And identifying discriminative fea-
tures from time-domain, frequency-domain and statistical representations is critical
for training efficient machine learning models.



1.4 Contribution

We develop a 3D motionsensor air-writing dataset covering the full Bengali inventory
- 39 consonants, 11 vowels, and 10 digits with 6 repetitions per character, collected
under a standardized protocol with per-trial metadata.

We design a lightweight, battery-powered data-collection device paired with a USB
receiver, engineered for low-latency streaming and stable, session-to-session calibra-
tion. A cross-platform acquisition suite provides deterministic, time-stamped stream-
ing, live 3D stroke visualization, one-click calibration, and structured data manage-
ment (customizable file naming, session/subject metadata), forming a reproducible

backbone for current and future studies.

We implement and evaluate a comprehensive feature set spanning time, frequency,
and statistics-based descriptors to identify compact, high-signal representations for
Bengali character classification. We train and report a benchmark machine-learning
model on the dataset, establishing reference performance and protocols that support
future comparative research and applied deployments.

1.5 Organization

Chapter 2 reviews related work in air-writing and character recognition systems. Chap-
ter 3 describes the hardware setup, data acquisition methodology and dataset specifi-
cations.Chapter 4 shows the results from the methodology. Finally, Chapter 5 wraps
up the study with a conclusion.



Chapter 2

Related Works

In recent years, air-writingthe act of writing characters or words in midair and inter-
preting them via sensorshas evolved into a rich interdisciplinary field. Early efforts
focused on adapting pen-based and gesture-recognition techniques to a contactless,
three-dimensional setting. Since then, research has branched into four primary tech-
nological approachescomputer vision, radar sensing, WiFi-signal analysis and iner-
tial motion sensingeach offering distinct advantages and challenges. In the following
sections, we trace these thematic threads, critically compare methodologies and high-

light remaining gaps that motivate our own contributions.

2.1 Computer Vision-Based Air-Writing Recognition

Computer vision was the first modality to tackle air-writing, leveraging the ubiquity
of cameras and mature image-processing toolkits. Under consistent lighting and sim-
ple backgrounds, vision-based systems achieve high accuracy by tracking a colored
pointer or fingertip and extracting its trajectory.

Building upon early marker-based tracking, Shahinur et al. [1] introduced a trajectory-
based system in which users wave a colored fingertip before a static camera, convert-
ing the 2D motion path into character stroke sequences. Their approach achieved
reliable recognition for English letters, yet it depends heavily on stable illumination
and a plain backdrop. De et al. [5] extended real-time digit classification to live video
streams, employing background subtraction and a shallow classifier to achieve strong
accuracy under controlled conditions. Qu et al. [12] in contrast, utilized cosine-
similarity measures and fast nearest-neighbor searches to recognize both letters and
digits, demonstrating improved robustness to slight variations in writing speedbut still



faltering when shadows or cluttered scenery intrude.

More recently, deep learning has been applied to air-writing [8]: researchers have
trained convolutional neural networks on large corpora of characters, reporting near-
human performance under fixed lighting. Likewise, another team proposed [19] the
Temporal Convolutional Recurrent Network (TCRN)-a hybrid architecture tailored
for online handwritten textand outperformed prior methods on benchmark datasets.
However, despite these advances, all vision-based systems share a critical vulnerabil-
ity: their reliance on controlled environments. Variations in ambient light, occlusions
and dynamic backgrounds significantly degrade performance, limiting real-world ap-
plicability.

2.2 Radar Sensor-Based Air-Writing Recognition

To overcome lighting and occlusion issues, researchers have turned to millimeter-
wave and ultra-wideband (UWB) radars, which sense object motion via reflected elec-
tromagnetic signals. Because radar is insensitive to visible-light conditions and pen-

etrates certain materials, it offers a compelling alternative for in-air gesture capture.

In pioneering work, teams designed millimeter-wave radar applications for recogniz-
ing basic gestures, digits and alphabetic symbols in 2D space [1]. They combined
range-Doppler signal processing with template matching to achieve strong recogni-
tion rates. Expanding this concept, other researchers proposed a 60 GHz FMCW radar
network, where spatially arranged sensors trilaterate the users hand position, then
feed the trajectory into a temporal convolutional networkyielding high accuracy on
sizeable datasets.

Alternatively, another group exploited IR-UWB radar sensors in a rectangular layout
to capture 3D character strokes without any handheld marker. Their system surpassed
prior radar-based methods in classification accuracy but at the expense of portability:
the requirement for multiple fixed sensors constrains mobility and increases system
complexity. While radar solutions excel under varied lighting and background con-
ditions, their hardware cost, spatial coverage requirements and power consumption
pose obstacles for consumer-grade deployment.

2.3 WiFi Signal-Based Air-Writing Recognition

A nascent but promising direction leverages commodity WiFi devices to sense human
motion through Channel State Information (CSI). By analyzing the subtle perturba-
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tions in WiFi signal reflections caused by hand gestures, these systems aim to infer

writing trajectories without dedicated cameras or radars.

Though only a handful of studies have explored this modality, preliminary results in-
dicate that fine-grained CSI features can distinguish between a limited set of charac-
ters with reasonable accuracy. However, WiFi-based air-writing remains in an ex-
ploratory phase: challenges include isolating hand-induced signal variations from
other environmental changes and achieving sufficient spatial resolution to capture
rapid stroke transitions. As CSI-based recognition matures, it may offer a highly per-
vasive and low-cost solution, but substantial algorithmic innovation is required to
match the fidelity of vision or radar systems.

2.4 Motion Sensor-Based Air-Writing Recognition

Complementing external-sensor approaches, motion-sensor-based methods embed
inertial unitsaccelerometers and gyroscopeseither in wearable armbands or handheld
devices [21]. These systems translate 3D motion signals directly into stroke trajecto-

ries, free from lighting or background constraints.

The 2-DifViz algorithm converts raw Myo armband data into 2D pen-plotter com-
mands, enabling real-time text entry from arm motions. Other researchers have em-
ployed contour-based 3D models, where hand gestures map onto parametric curves
recognized as letters. Hidden Markov and continuous HMM frameworks appear fre-
quently [15][10][2]: some work combines Leap Motion data with bidirectional LSTM
networks, achieving strong word-level accuracy, while other systems use inertial read-
ings and continuous HMMs to classify stroke sequences with high precision [7][9].
Additionally, digital pens with built-in accelerometers have realized over 90 percent
accuracy in controlled trials.[20][16]

Motion-sensor techniques offer robustness to external factors and are easily portable-
but often demand that users hold or wear a device, potentially impacting user comfort
and limiting long-form writing. Moreover, drift and noise in inertial sensors necessi-
tate sophisticated filtering and trajectory-reconstruction algorithms, which can intro-
duce latency or reduce stroke fidelity[17].

2.5 Synthesis and Identified Gaps

Across these four modalities, several trends emerge. Vision-based systems lead in
maturity and leverage deep learning for high-accuracy recognition, yet they falter in

6



uncontrolled environments. Radar approaches overcome lighting issues but at the
cost of bulky hardware. WiFi-based methods promise pervasive sensing but currently
lack the spatial resolution for precise character capture. Motion sensors deliver porta-
bility and lighting invariance but require user-worn devices and contend with sensor
drift.

A further thematic gap is linguistic diversity. Nearly all studies concentrate on English
letters and digits; only a few address scripts like Bengali and Devanagari numeralsre-
porting high accuracy under constant illuminationyet they omit the full Bengali al-
phabet [13][11]. No existing system robustly recognizes non-Latin scripts in dynamic,
real-world settings [4]. Additionally, few works integrate multi-modal sensing (e.g.,
combining vision with inertial data) to exploit complementary strengths and mitigate
individual weaknesses.

2.6 Summary of the related works

In sum, air-writing recognition has progressed along distinct technological pathways,
each with unique trade-offs in accuracy, robustness and portability. While computer
vision and deep learning have driven recent advances, their environmental sensitivity
underscores the need for more resilient designs. Radar and WiFi methods introduce
powerful sensing alternatives yet face hardware and resolution constraints. Motion
sensors deliver portability but wrestle with noise and user ergonomics. Critically, the
narrow focus on English limits applicability in multilingual contexts.

By identifying these thematic strengths and weaknesses, as well as linguistic and
multi-modal integration gaps, we establish the foundation for our proposed methodol-
ogy: a hybrid system that combines vision and inertial sensing, enhanced by domain-
adapted models for Bengali script, designed to operate reliably in real-world environ-
ments. This approach aims to bridge existing gaps and extend air-writing technology

to new user populations and practical applications.



Chapter 3

Proposed Methodology

3.1 Overview of the Methodology

The proposed system aims to recognize air-written Bengali characters using motion
data from sensors (accelerometer and gyroscope). The process begins with data ac-
quisition via wearable devices or handheld sensors. Each gesture is captured, stored
as raw motion data, and then pre-processed to reduce noise and standardize values.
After that, a wide range of features (time-domain, frequency-domain) is extracted
from the cleaned signal. Feature selection techniques are applied to retain the most
informative attributes. Finally, a classification model is trained using the selected fea-
tures to identify the corresponding Bengali character from the gesture.

3.2 Chronological Breakdown of Components

3.2.1 Data Collection Device Construction

We engineered a low-intrusion wearable to capture Bengali air-writing while preserv-
ing natural kinematics and user comfortcore goals in HumanComputer Interaction
(HCI). The sensing element is a six-degree-of-freedom IMU (tri-axial accelerometer
and gyroscope) positioned near the index finger to maximize sensitivity to micro-
strokes and fine angular changes; this fingertip-proximal placement follows HCI prac-
tice of instrumenting the locus of control to reduce mediation between intention and
sensed motion. Processing, power, and physical I/O are offloaded to a compact, 3D-
printed wrist module secured by an adjustable Velcro strap. Distributing mass to the
forearm while keeping the sensor light at the finger lowers distal inertia, minimizes fa-

tigue, and maintains a stable sensorskin couplingcrucial for ecological validity. Flex-
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Figure 3.1: Data Collection Device

ible, strain-relieved wiring preserves wrist freedom and prevents cable torque from
biasing trajectories. A single tactile button and status LED expose the system state
(idle/armed/recording) and allow participants or the operator to drop explicit event
markers that align with our readygowritehold protocol; this immediate, glanceable
feedback reduces cognitive load and supports learnability and error recoverabilitykey
HCI qualities in wearables. The microcontroller timestamps samples at 200 Hz and
streams loss-bounded packets to the logger, enabling auditability and post-hoc syn-
chronization with cues. Materials and enclosure geometry were iteratively refined
for all-day comfort (rounded edges, skin-safe contact surfaces), ambidextrous use, and
quick don/doff in lab settings. The electronics are modular to facilitate maintenance
and replication across sites. Notably, we omit a magnetometer to avoid indoor fer-
romagnetic interference; instead, downstream preprocessing performs gravity align-
ment and drift control. Collectively, these design choicesergonomic form factor, trans-
parent feedback, stable coupling, and modularityembody HCI principles of embodied
interaction and low intrusiveness, ensuring that the captured signals reflect authentic
mid-air handwriting rather than instrumentation artifacts.



3.2.2 Data Collection Tool Development
System Overview

The Bengali Air Writing System is a research-grade tool specifically designed to cap-
ture fine-grained motion sensor data during the in-air writing of Bengali characters.
Unlike camera-based handwriting datasets, which often raise privacy concerns and
demand high computational cost for image preprocessing, our system relies on a wear-
able inertial measurement unit (IMU) that records six degrees of freedom (6-DoF) mo-
tion data in real time. This approach allows for highly portable, privacy-preserving,
and low-latency data collection, which is particularly valuable for under-represented

non-Latin scripts such as Bengali.

The system comprises two tightly integrated components: (i) Hardware Layer: A
wireless or USB-connected IMU sensor that continuously streams accelerometer and
gyroscope data. (ii) Software Layer: A cross-platform desktop application responsi-
ble for session management, real-time signal visualization, user guidance, metadata
handling, and persistent storage of data. Together, these components provide a con-
trolled acquisition environment that guarantees reproducibility, supports large-scale
dataset development, and enables downstream research in handwriting analysis, ges-
ture recognition, and humancomputer interaction (HCI).

Technical Architecture

The architecture of the Bengali Air Writing System has been designed to meet three
primary requirements: (i) Robustness: ability to handle noisy streams, malformed
packets, and unexpected user interactions. (ii) Real-Time Performance: ensuring
live feedback to the operator, both visually and aurally, with low latency. (iii) Cross-
Platform Compatibility: seamless deployment on Windows, macOS, and Linux envi-

ronments without requiring specialized drivers.

Software Framework

The application is implemented in Python 3.12, chosen for its extensive library ecosys-
tem, rapid prototyping capabilities, and strong community support in data science.
The software adopts an event-driven, multi-threaded model to separate computation-
ally intensive tasks (e.g., serial I/O, data logging, visualization) from the main GUI
thread. Key libraries and their roles are as follows:

10



Table 3.1: Used Python Libraries and Their Functions

Library Functionality

PyQt5 Provides a cross-platform graphical user interface (GUI)
with responsive layouts, theming, and operator interac-
tion features.

PyQtGraph Supports real-time plotting of accelerometer and gyro-
scope signals, with millisecond-scale refresh rates.

PySerial Ensures stable serial communication with IMU devices
at fixed baud rates.

NumPy Enables fast, in-memory signal processing and buffer
management.

pyttsx3 (TTS) Delivers auditory instructions (e.g., announcing the cur-

rent character or writing speed) to standardize experi-
ment protocols.

PyGame Provides supplementary auditory cues (such as beeps or
warnings) for accessibility and immediate feedback.

This modular design ensures separation of concerns: GUI logic is independent from
data acquisition, enabling easier maintenance and extensibility.

Hardware Integration

The system interfaces with a 6-DoF IMU comprising a 3-axis accelerometer and a
3-axis gyroscope. The IMU streams sensor readings over a serial communication pro-
tocol at 19,200 baud, ensuring a balance between throughput and packet reliability.

Each data packet follows a standardized seven-value format:

Packet = [Timestamp, A, A, A;, G, G,,G,]

Where:
« A,,A,, A, Linear accelerations along the x, y, and z axes.
* G,,G,,G, Angular velocities around the x, y, and z axes.
« Timestamp A synchronized time marker, aligned with the host system clock.

Incoming packets undergo strict validation (length, delimiter checks, numeric ranges).
Valid data is then time-aligned, buffered, visualized, and finally stored to disk for later
analysis.

11



Core Functionalities

A. Acquisition Parameters

A distinguishing feature of this system is the rich metadata captured alongside
raw sensor readings, ensuring end-to-end traceability and experiment reproducibil-
ity. Each recording session logs the following parameters:

Table 3.2: Metadata Categories Captured During Data Collection

Category Description

Character Class A set of 60 Bengali characters, including the full al-
phabet (consonants and vowels) and digits.

Handedness Whether the participant used the dominant or non-
dominant hand.

Data-Type Flag Indicates whether the recording represents natural
writing or a Parkinsons disease simulation.

Writing Speed Labeled as slow, normal, or fast, to capture kine-
matic variations.

Participant Demo- Includes age, gender, and optional study-specific

graphics annotations (e.g., clinical conditions).

This structured parameterization allows for systematic research on handwriting vari-
ability and pathological handwriting features.

B. Real-Time Processing
The system maintains a rolling buffer of 50 samples (approximately 1 second of
data), ensuring smooth visualization and operator oversight. The GUI refreshes every

~30 ms, rendering dual synchronized plots of accelerometer and gyroscope signals.
Additional real-time features include:

« Signal Quality Indicators: Alerts for packet drops, latency spikes, or missing
fields.

« Auditory Guidance: Automatic TTS announcements of the current task (e.g.,
Character: , Hand: Right, Speed: Normal), reducing operator workload and
preventing mislabeling.

+ Automated Error Prevention: Guardrails such as collision-proof filename
generation prevent accidental overwrites and missing coverage.
Data Management System

A. Directory Schema
To simplify data retrieval and ensure reproducibility, recordings are organized in a
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deterministic hierarchical structure:

recordings/
data_training/
[Character]/
[Character] _[DataType] [Speed] [UserID] [Hand] [Timestamp].csv

users.csv

This structure guarantees uniqueness of each file and enables efficient filtering based
on metadata.

B. CSV Record Layout
Each row in the generated CSV file contains:

Table 3.3: Key Data Elements Captured in Each Recording

Data Element Description

User and Session Metadata ~ Demographics, character class, writing speed,
writing environment.

Relative Timestamp Time elapsed since session start.

Sensor Values Accelerometer and gyroscope readings:
AL A)LA,LLG,G,,G,.

This design makes the dataset self-describing and compatible with diverse analysis
tools such as Python (NumPy/Pandas).

Participant Management

Each participant is assigned a UUID for anonymity and traceability. The Participant
Manager provides features such as: (i) Search and filtering of participant records. (ii)
Import/export of user profiles across studies. (iii) Progress tracking across all charac-
ters, speeds, and hands. (iv) By maintaining a completion matrix, the system helps
identify missing data and ensures balanced dataset coverage. (v) Participant’s list can
be sorted by various parameters (such as ID, Name, Age, Gender, Completion Percent-

age)
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User Interface and Accessibility

The graphical user interface (GUI) has been thoughtfully designed to minimize cog-
nitive load on operators while enhancing accessibility for a broad range of users. Key
design considerations include adaptability, clarity, and user customization, ensuring

efficient and error-resistant operation during data collection sessions.

Table 3.4: Key Features of the User Interface for Accessibility and Usability

Feature Description

Responsive Layout Adapts seamlessly to various screen sizes and reso-
lutions; supports both light and dark themes to re-
duce visual fatigue and accommodate user prefer-
ences.

Visual States Distinct color-coded indicators communicate con-
nection status, recording activity, and idle condi-
tions, enabling operators to quickly interpret sys-
tem state at a glance.

Customization Supports keyboard shortcuts and saves user settings
persistently, streamlining repetitive workflows and
reducing manual configuration overhead.
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Figure 3.5: Data Collection Tool
Specialized Panels

The Sensor Viewer is a crucial component that displays dual real-time plots for ac-
celerometer and gyroscope signals. This simultaneous visualization allows operators
to closely monitor the motion data streaming from the wearable sensors, with updates
at the millisecond level. Such immediate feedback helps in verifying the quality and
consistency of the recorded data during each session.

The Participant Manager provides an interface for inline editing of participant demo-
graphics. It also tracks the progress of data collection in real time, giving researchers
an up-to-date overview of participant status. This integration reduces administrative
overhead and helps ensure that metadata is accurately maintained throughout the
study.

The Session Controller simplifies the process of recording data by offering a one-
click start and stop mechanism. It incorporates robust, collision-proof file handling
to prevent accidental overwriting or loss of data files. This reliability is essential for
maintaining data integrity across large-scale recording sessions and supporting repro-
ducible research.
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Technical Specifications

The systems performance is enhanced by utilizing a 50-sample buffer that effectively
eliminates any lag during real-time visualization of sensor data. This buffering en-
sures smooth and responsive feedback for operators. Moreover, data is securely saved
to CSV files using atomic file creation methods combined with exception-aware re-
tries, which safeguard data integrity by preventing corruption or loss even in cases of
unexpected interruptions.

In terms of compatibility, the software has undergone extensive testing across multi-
ple operating systems, including Windows, macOS, and Linux. This cross-platform
support ensures broad usability in diverse environments. Furthermore, the system is
designed to work seamlessly with any inertial measurement unit (IMU) device that
complies with the established packet format, making it flexible and adaptable to var-
ious hardware configurations.

To maintain rigorous quality assurance, several validation and error-handling mech-
anisms are incorporated. These include duplicate-detection routines, strict checks on
metadata validity, and timestamp guards to ensure temporal consistency. Addition-
ally, the software provides clear, descriptive error prompts to notify users of common
issues such as busy serial ports, malformed data packets, or disk write failures, thereby
improving reliability and aiding in troubleshooting during data collection.

3.2.3 Data Collection Protocol

This subsection specifies acquiring Bengali air-writing motion data from inertial sen-
sors. It covers participant briefing and eligibility, apparatus and environment, task
design and condition factors, calibration, trial flow, counterbalancing, quality control,
post-session procedures, timing, risk mitigation, and data governance. The protocol is
designed to generalize across labs while remaining tightly coupled to the acquisition
software and hardware described in.

Participant Briefing and Consent
Participants attend a structured briefing that includes:

« Study objectives (motion-sensor capture of Bengali air-writing for recognition
research)

« Procedures and expected duration

+ Data types recorded (IMU streams, timestamps, metadata)
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« Risks/benefits (minimal risk; scientific contribution)
+ Confidentiality and de-identification
« Voluntary nature of participation

The session concludes with an opportunity for questions and written informed con-
sent. Participants are reminded they may pause or withdraw at any point without
penalty.

Eligibility (Inclusion/Exclusion)

Table 3.5: Participant Inclusion and Exclusion Criteria

Criteria Description

Inclusion Native Bengali speakers or individuals with functional
command of the Bengali script, including reading and
writing abilities.

Exclusion Individuals with acute upper-limb injuries or conditions
that would make arm or hand movement unsafe or
painful on the day of recording. Participants with stable
neuromotor conditions may be enrolled under a separate
protocol where applicable.

Demographic and Baseline Enrollment

At enrollment, the data are recorded: age, gender, and dominant hand (self-reported).
The acquisition suite assigns a UUID and stores a baseline profile in users. csv.

Apparatus and Environment

Sensors: Wrist/hand-mounted IMU (3-axis accelerometer + 3-axis gyroscope), streamed
via serial link. Each packet includes:

Packet = [Timestamp, A,, A, A,,G,,G,,G,]

Operator console: Desktop/laptop running the cross-platform GUI (mentioned in
table:3.1), with real-time plots.

Posture: Participants stand comfortably with the writing hand free; the non-writing
hand may rest at the side. A clear writing volume (~40 cm cube) is indicated at chest
height to standardize strokes.
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Task Design (Characters and Hands)

Participants air-write Bengali alphanumerics using both dominant and non-dominant
hands. The character set includes 60 classes (digits, vowels and consonants). The soft-
ware announces the target character via on-screen label and TTS. To reduce cognitive
load, characters are grouped, with short rests between groups.

Condition Factors (Speed x Environment x Hand)
Each character is recorded under 12 variations in a 2 X 3 X 2 factorial design:

Table 3.6: Experimental Variables

Variable Conditions

Hands Dominant, Non-dominant
Speeds Slow, Normal, Fast
Environments Normal, Parkinson (Noisy)

The acquisition Ul encodes these factors in the filename and metadata to ensure full

traceability.

Calibration and Warm-Up
To control sensor bias and alignment without magnetometers:

+ Static Bias Capture (3 seconds): Participants are instructed to hold the device
completely motionless for three seconds. During this period, the software esti-
mates the gyroscope bias to calibrate sensor drift and verifies the accelerometers
gravity magnitude, which should be approximately 9.81 m/ s’ within an accept-
able tolerance range. This step ensures accurate baseline sensor readings.

+ Axis Alignment Gesture (2 seconds): Participants perform a slow, deliberate
L-shaped movement within the sagittal and transverse planes. This gesture is
used to validate the sensors sign conventions and confirm correct axis orienta-
tion, ensuring consistent interpretation of motion data across sessions.

« Warm-up Trials (per hand): Participants complete 3 to 5 practice characters
for each hand, which are not logged in the dataset. These warm-up trials help
familiarize participants with the designated writing volume and target speeds,
reducing variability due to unfamiliarity during actual data collection.

Trial Flow and Timing

Each trial follows a consistent cue-based structure:
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« Ready Cue (TTS + Tone, 1 second): This phase uses a combination of text-to-
speech (TTS) announcements and an auditory tone lasting one second to pre-
pare the participant for the upcoming trial. During this cue, the system clearly
communicates essential parameters including the character class to be written,
the hand to be used (dominant or non-dominant), the intended writing speed
(slow, normal, or fast), and the environmental condition (normal or noisy). This
ensures that the participant is fully informed and ready before the recording be-

gins.

+ Go Cue (Tone, 0.5 seconds): Following the ready cue, a brief half-second tone
signals the participant to begin the air-writing task. This auditory prompt marks
the start of the active writing phase, during which the participant is expected to
initiate motion within the predefined 3D writing volume. The tone provides a

clear, unambiguous indication to promote consistent timing across trials.

+ Write Window (10-35 seconds): During this extended interval, the partic-
ipant performs the in-air writing of the specified Bengali character. Multiple
strokes are allowed within this window to accommodate natural writing be-
haviors, including corrections or complex character components. The duration
range allows flexibility while ensuring sufficient time to complete the character

without excessive delay.

« Hold Still (0.8-1.2 seconds): At the conclusion of the writing phase, partici-
pants are instructed to hold the hand steady for a brief period between 0.8 and
1.2 seconds. This quiescence interval serves to capture post-motion stabilization
data and helps delineate the end of each trial clearly in the sensor recordings.
It also reduces motion artifacts that might interfere with downstream analysis.

Per character, at least six repetitions are targeted across the 12 condition cells (bal-
anced as scheduling permits). The software enforces a minimum inter-trial interval
of 1.52.0 s to avoid carry-over motion.
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Table 3.7: Summary of Trial Phases and Total Duration per Variation

Phase Duration Description Duration
(s)
Ready Cue Fixed TTS and tone prepare participant 1

by announcing character class,
hand, speed, and environment.

Go Cue Fixed Tone signals participant to start 0.5
air-writing within the defined 3D
volume.

Write Window Variable Participant performs in-air writ- 10-35

ing; multiple strokes allowed for
complex characters.
Hold Still Variable Participant holds steady to cap- 0.8-1.2
ture post-motion stabilization and
reduce artifacts.
Total Time per — Sum of all phases 12.3-37.7
Trial Variation

Table 3.8: Approximate Time Requirements for Data Collection for Each Character
from Each Participant

Description Minimum Maximum
Time (s) Time (s)

Time per repetition (trial + inter- 13.8 39.7

trial interval)

Total time for all 12 conditions 165.6 476.4
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Randomization and Counterbalancing

To mitigate potential confounding effects such as order bias, participant fatigue, and
learning throughout the data collection process, the Bengali Air Writing System em-
ploys a carefully designed experimental protocol. First, a Latin-square design is used
to counterbalance the sequences of writing speed and environmental conditions for
each participant. This approach ensures that no single speed or environment condi-
tion consistently precedes or follows another, reducing systematic order effects across
the dataset.

Second, the experiment alternates hand usage in structured blocks, cycling between
the dominant and non-dominant hands (e.g., Dominant Non-dominant Dominant,
and so forth). Between these hand blocks, short rest periods are incorporated to help
alleviate muscular fatigue and maintain participant performance consistency. This
alternating scheme also allows clear separation of data by hand, supporting hand-
specific analysis without confounding cross-hand carryover effects.

Finally, within each hand block, the order of characters presented to the participant
is randomized without replacement. This ensures that participants do not repeat-
edly write the same characters in a predictable sequence, minimizing learning effects
related to memorization or motor repetition. Importantly, the exact order of trialsin-
cluding speed, environment, hand, and characteris logged in the session metadata.
This detailed record facilitates sophisticated mixed-effects modeling in downstream
analyses, allowing researchers to account for any residual variability due to trial order
or participant-specific factors.

Quality Control and Re-Collection Criteria

The acquisition suite integrates rigorous online quality control procedures to ensure
the validity and consistency of the collected data. During each trial, the system con-
tinuously monitors incoming sensor data for anomalies that could compromise the
quality or interpretability of the recording. One key metric is packet integrity; if the
proportion of malformed or dropped data packets exceeds 0.5% of the trial duration,

the trial is considered unreliable due to potential data loss or corruption.

In addition, the system evaluates the motion envelope to detect issues related to partic-
ipant performance or sensor limitations. Specifically, if the recorded peak acceleration
is abnormally low, it may indicate under-articulation, where the participants move-
ments are insufficiently expressive or incomplete. Conversely, if sensor signals satu-
rate due to clipping, it suggests the motion exceeded the sensors measurable range,
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potentially distorting the data. Both scenarios are flagged as unacceptable.

Lastly, the system verifies protocol compliance by checking that the participant uses
the correct hand specified for each trial. Any hand mismatch is automatically detected
and marked, as this would invalidate the condition for that trial.

When any of these quality checks fail, the acquisition software promptly notifies the
operator with an on-screen warning. The affected trial is immediately re-queued for
re-collection to maintain data integrity. Furthermore, all quality flags, alongside any
operator interventions or overrides, are meticulously logged in the session metadata.
This ensures transparency and supports downstream data auditing and analysis.

Annotation, File Naming, and Metadata
Each trial is saved as:
[Character] _[Env]_[Speed] [UserID] [Hand]_ [Timestamp].csv

Files contain time-aligned rows: relative timestamps, A, Ay, A;, Gy, Gy, G,. Asession
manifest (CSV) summarizes trial counts by condition and flags.

Post-Session Questionnaire and Debrief

Following the completion of the recording session, participants are asked to fill out
a brief questionnaire designed to capture subjective feedback about their experience.
The questionnaire combines Likert-scale items with open-ended free-text responses
to provide both quantitative and qualitative insights. Participants report on several
aspects including the perceived difficulty of the air-writing tasks, their comfort level
and any fatigue experienced during the session, and the clarity and effectiveness of the
auditory and visual cues provided throughout the experiment. Additionally, they are
encouraged to note any anomalies or disruptions encountered, such as sensor slippage
or environmental distractions, which might have impacted the data quality or their
performance. This post-session feedback is valuable for assessing participant burden,
refining experimental protocols, and interpreting the collected data within the context
of user experience.

Open-ended feedback is encouraged, especially regarding non-dominant hand writ-
ing and noisy conditions. A short verbal debrief concludes the session.

23



Session Timing and Breaks

A typical session lasts 25-30 minutes including briefing, calibration, practice, trials,
and questionnaire. Participants may take breaks as needed; the operator offers rest be-
tween blocks and resumes only with verbal confirmation. Multi-session participation
is allowed with the unique UUID.

Risks, Comfort, and Safety

Minimal risk. Mild forearm fatigue is mitigated by short blocks, optional seated pos-
ture, and breaks. No personal images or audio are recorded. Participants may with-

draw at any time without reason.

Data Privacy, Governance, and Release Readiness

The data management protocol prioritizes participant privacy and data integrity through-
out the acquisition and distribution process. To ensure de-identification, only univer-
sally unique identifiers (UUIDs) are used in filenames and metadata, with any direct
personal identifiers securely stored separately and excluded from distributed datasets.
Each recording session logs the versions of the acquisition software and IMU firmware
employed, enabling precise tracking of any potential software or hardware changes
that might affect data consistency.

File integrity is rigorously maintained through atomic saving procedures accompa-
nied by checksums, which help detect any corruption during storage or transfer. Ad-
ditionally, the system implements duplicate-recording detection to prevent redun-
dant data entries. Upon receiving ethics approval, a comprehensive public dataset re-
lease is planned. This release will include detailed documentation of all experimental
protocols, precise definitions for each experimental factor, standardized train/valida-
tion/test splits, and baseline code to facilitate preprocessing and classification tasks.
Together, these measures ensure transparency, reproducibility, and equitable bench-
marking for future research leveraging this dataset.
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3.2.4 Diagrams
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The Use Case Diagram presented in Figure 3.6 models the functional requirements
of the Bengali Air Writing System by illustrating the interactions between the system
and its primary users, or “actors.” It provides a clear visualization of the essential op-
erations the system must perform to facilitate effective data collection and subsequent
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Figure 3.6: Use Case Diagram

analysis for Bengali air-writing research.

Actors

The use case diagram identifies three primary actors involved in the Bengali Air
Writing System. The foremost actor is the Operator, who is responsible for conduct-
ing the data collection sessions. Typically, this role is fulfilled by a researcher or lab
assistant who oversees the hardware setup, configures the software parameters, man-
ages participant information, and controls the entire recording process during the ex-
periments. The Operator ensures that all necessary configurations are in place for
accurate data acquisition and oversees the smooth execution of each trial.
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The second actor is the Researcher or Analyst, who interacts with the system mainly
after the data collection phase is complete. Unlike the Operator, whose focus is on
live data capture, the Researchers role centers on post-processing and analysis of the
recorded data. They may use functionalities such as playback and visualization to
study the motion trajectories and assess data quality for further research or validation

purposes.

Finally, the Participant is the source of the air-writing data but is considered a pas-
sive entity in the system model, existing outside the software boundary. Participants
do not directly interact with the systems software interface; instead, their hand move-
ments during the air-writing tasks are captured by the wearable inertial measurement
unit (IMU) sensor managed by the Operator. This separation highlights the systems
focus on capturing data through sensor hardware rather than direct user input to the

software.

Core Use Cases (System Functionalities)
The use cases are organized to represent the typical workflow of the system, divided

into three main phases:

In the initial phase, the Operator is responsible for preparing the system for data
acquisition. This begins with establishing a reliable serial communication link be-
tween the system and the wearable Inertial Measurement Unit (IMU) sensor. The
connection process involves performing handshake procedures and validating the in-
coming data streams to ensure that the hardware integration is successful and sta-
ble, as elaborated in the systems technical architecture. Following this, the Operator
manages participant profiles by creating, editing, and maintaining demographic in-
formation. This participant management functionality is designed to uphold privacy
through an anonymization protocol, utilizing universally unique identifiers (UUIDs)
and a users.csv file system for secure data handling. Lastly, the Operator configures
the parameters for each recording session. These configurations include selecting the
target character for air writing, specifying the writing speed, choosing the hand to
be used, and determining the data type, such as distinguishing between normal and
Parkinsons simulation conditions. This structured setup ensures adherence to the

experimental design and facilitates systematic data collection.

During the active data collection phase, the system provides real-time monitoring of
sensor outputs, specifically accelerometer and gyroscope data. This immediate vi-
sual feedback allows the Operator to verify the quality and integrity of the incom-

ing signals, ensuring that the data is suitable for research purposes. Quality assur-
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ance procedures are incorporated to detect issues such as duplicate recordings or data
corruption. These QA checks may be automated or manually performed, serving as
critical steps to maintain the reliability of the dataset in line with the quality control
protocols described in the methodology. The core functionality in this phase is the ini-
tiation and termination of recording sessions. When recording is active, the system
logs time-stamped sensor data and relevant metadata into CSV files. This process is
tightly controlled to follow the precise flow of each trial as defined in the experimental
protocol.

After data acquisition, the system supports comprehensive post-processing and data
management functionalities. Recorded sessions can be securely packaged and archived,
including all raw sensor data and associated metadata, to facilitate data sharing and
future public release. Furthermore, the system offers playback and visualization tools
that allow both Operators and Researchers to review recorded sessions. By visualiz-
ing the motion trajectories, users can perform detailed analyses, debug data quality
issues, and conduct kinematic studies. This functionality bridges the gap between
data collection and meaningful interpretation, supporting the research objectives of
the Bengali air-writing project.

Relationships and System Boundary

The system boundary is represented by a rectangular box encapsulating all the
system-provided functionalities (use cases). Actors outside this boundary initiate in-
teractions via connecting lines that indicate the roles responsible for each use case.
The Participant is intentionally placed outside the system boundary to signify indi-

rect interaction through sensor data capture.

This Use Case Diagram effectively encapsulates the comprehensive software suite de-
tailed in 3. It demonstrates the integration of hardware management, participant ad-
ministration, real-time data monitoring, and robust post-processing tools necessary

to support a rigorous and reproducible Bengali air-writing data collection protocol.
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Figure 3.7: Activity Diagram

Figure 3.7 presents the Activity Diagram representing the control flow of a typical data
collection session within the Bengali Air Writing System. It visualizes the sequential
and parallel actions executed by both the Operator and the system, including key de-
cision points and the repetitive nature of collecting multiple character samples per

participant.

Initialization Phase

The session begins when the Operator launches the custom-built desktop applica-
tion. Upon startup, the system automatically loads and synchronizes the participant
database (users. csv), making all previously registered profiles and their progress ac-
cessible. The Operator selects a participant from this database, which assigns a unique
UUID to the session and ensures that all subsequent data is correctly attributed.

The next step is session configuration, where the Operator defines the experimental
parameters for the upcoming trial. This includes selecting the Bengali character to be
written, choosing the writing speed (slow, normal, or fast), determining the hand to
be used (dominant or non-dominant), and specifying the data type (normal or Parkin-
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son’s simulated condition).

Hardware Connection Phase

Before data collection can begin, the system checks the availability of the desig-
nated serial port used to communicate with the wearable IMU sensor. If the port is
unavailabledue to being disconnected or already in usethe system displays an error
message and prompts the Operator to either retry or abort the session. If the port is
available, the system proceeds to establish communication with the IMU by perform-
ing a handshake and initiating the data stream.

Data Collection Loop

This is the core iterative segment of the workflow. For each character trial, the
system announces the character and parameters using a built-in Text-to-Speech (TTS)
engine, ensuring standardized instruction delivery to the participant. The system then
pauses, waiting for the Operator to confirm readiness before initiating the recording.

Once started, the system concurrently logs sensor data to a uniquely named CSV file
and visualizes the signal in real-time. The CSV captures timestamped accelerometer
and gyroscope data across six axes (Ax,Ay,Az, G,,G,, G,). Real-time quality assur-
ance checks run in parallel, detecting anomalies such as dropped packets, signal clip-
ping, or unusually low motion. The Operator ends the trial manually when writing is
complete.

Quality Assurance and Iteration

After each trial, the system performs post-recording quality checks to determine
whether the data meets the criteria for inclusion. If the trial fails, it is flagged for redo
or annotation, and the system returns to reattempt the same configuration. If the data
passes QA, the system marks that character/speed/hand combination as complete. It
then checks whether there are remaining characters to be collected for the session. If

so, the loop continues with the next character trial.

Session Conclusion

Once all character trials are completed, the session ends. The system exports and
updates metadata filesmost importantly, the users. csvto reflect the participants up-
dated progress and preserve session integrity. This step ensures that all acquired data

is properly recorded and integrated into the overarching dataset.
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Sequence Diagram
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Figure 3.8: Sequence Diagram

Figure 3.8 presents the Sequence Diagram that illustrates the chronological flow of
messages and interactions among the core components of the Bengali Air Writing
System during the execution of the “Start/Stop Recording” use case. The diagram
emphasizes the low-level communication and control flow between the systems soft-
ware modules and the physical IMU sensor, detailing how data is collected, processed,

and stored in real-time.

Actors and Objects

The sequence involves several key participants. The Operator is the human user
who initiates and manages the recording session, typically a researcher or lab assis-
tant. The UI, implemented as the SessionController, serves as the central graph-
ical interface and orchestrates the entire recording workflow, from configuration to
finalization. The IMUDevice module handles the physical connection and serial com-
munication with the wearable IMU sensor. The DataLogger module is responsible
for structured logging of sensor data and associated metadata into CSV files. The
QAValidator component performs real-time quality assurance checks to maintain
the integrity of the data stream during acquisition.
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Sequence of Interactions
The use case is divided into three primary phases: session initialization, active data
streaming, and session finalization.

In the first phase, the Operator begins by configuring the session parameters through
the UI, specifying attributes such as the target character to be written, the writing
speed, the dominant hand to be used, and the type of data collection (e.g., normal
or simulated Parkinson’s condition). Upon confirmation, the UI sends a command
to the IMUDevice to establish a serial connection with the sensor at a baud rate of
19200. The IMUDevice interacts with the physical hardware, which responds with an
acknowledgment or device information message, confirming that the connection has
been successfully established. Following this, the Ul initializes the DataLogger with
the relevant session metadata, prompting the creation of a new CSV file that includes
the necessary headers and identification information.

The second phase begins when the Operator presses the Start button in the UI. This
action triggers a command to the IMUDevice to begin streaming data from the sen-
sor. Once active, the device emits a continuous stream of data packets containing six
degrees of freedom: three axes of accelerometer data (A,, A, A,), three axes of gyro-
scope data (G,, G,, G,), and a timestamp (ts). Each incoming packet initiates a multi-
threaded or parallelized processing loop. The packet is first sent to the QAValidator,
which performs an initial validation check. This includes verifying that the data val-
ues fall within acceptable ranges, ensuring the structural integrity of the packet, and
confirming the logical consistency of timestamps. In parallel, the raw packet is also
forwarded to the UI for real-time visualization and buffering, allowing the Operator to
monitor the sensors performance through live plots. Once validated, the data packet
is sent to the DataLogger, which appends a new row to the CSV file, including the
metadata, sensor values, and a relative timestamp. Additionally, the QAValidator
may perform deeper inspection through a sample-level check on selected packets, re-
turning a status flag (such as ok or warning) that can be displayed to the Operator for
immediate feedback.

In the final phase, the Operator presses the Stop button to end the recording. The UI
sends a command to the IMUDevice to stop the data stream and subsequently instructs
the DataLogger to flush any buffered data and close the file. This step ensures that all
data is safely written to disk and that the file is properly finalized. Upon completion,
the DataLogger returns the file path of the saved session to the UI. To conclude the
session, the Ul invokes a post-hoc validation by calling the finalChecks () method in
the QAValidator, providing the saved file path. This final check may include analyses
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such as signal saturation detection, minimum duration verification, and completeness
assessment. The QAValidator then returns a summary report, including a pass/fail
status and any issues identified during analysis. This report is presented to the Oper-
ator through the UI, along with options to export the results and data for subsequent
review or sharing.

This structured and modular flow of interactions ensures that each recording session
follows a reproducible protocol, with built-in safeguards for data integrity and quality
assurance. The sequence diagram encapsulates the coordinated behavior of software
modules and hardware components, forming the backbone of a reliable Bengali air-
writing data collection system.

3.2.5 Research Applications

Table 3.9: Research Applications Enabled by the Bengali Air Writing System

Application Domain Description

Handwriting Analysis Enables fine-grained examination of stroke-
level kinematics, including curvature and
variability, facilitating detailed studies of
handwriting dynamics.

Motor Skill and Kinematic Provides comprehensive profiling of move-

Studies ment metrics such as speed, jerk, and smooth-
ness, supporting research in motor control
and coordination.

Parkinsons Disease Re- Incorporates simulation flags to support con-

search trolled investigations of motor symptoms in-
cluding tremor, bradykinesia, and micro-
graphia.

Human-Computer Interac- Offers a camera-free, privacy-preserving in-

tion (HCTI) for Bengali put modality tailored for Bengali text entry
systems, enhancing accessibility and user ex-
perience.

Machine Learning Datasets Produces a standardized, metadata-enriched
corpus suitable for training and evaluating
deep learning models in gesture and hand-
writing recognition.

By integrating precise hardware components with a research-focused software suite,
the Bengali Air Writing System delivers a versatile and extensible platform uniquely
suited to address the complexities and specific challenges inherent in Bengali hand-

writing research.
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3.3 Integration and Interconnections

Common Preprocessing
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Figure 3.9: Overview of the data acquisition and processing pipeline for the Bengali
Air Writing System.

3.3.1 Raw Data — Load Dataset

The process begins with raw sensor streams (accelerometer, gyroscope) collected from
motion-sensing devices or existing benchmark datasets. Singh et el. [14] combined
UCI-HAR and PAMAP2 datasets to train HAR models, showing that using standard-
ized datasets is the first step toward reproducible experiments.
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Figure 3.10: Comparison of normal handwriting under different conditions.
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Figure 3.11: Comparison of slow handwriting under different conditions.
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Figure 3.12: Comparison of fast handwriting under different conditions.
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3.4 Preprocessing Pipeline

Preprocessing Operations and Equations

Notation

Let a, = [a,,,a,,,a,,]" be linear acceleration, w, = [w,,,®,,,®,,]" angular veloc-

ybo
ity at time ¢, sampled (after resampling, if needed) at f; Hz. Magnitudes: ||a;|| =

\/ai’t + ait +aZ, and e, || = \/cofu + coit +w?,.

1. Integrity & Cleaning

Packet validation: discard sample if any field is non-numeric or out of physical

range; re-fill short gaps by linear interpolation:

ti+1 —t i

‘ xX(tiz), tE[t,tial

x(t;) = x(t;) + ;

Ly — i1 — L

2. Resampling to a Uniform Rate f

Given irregular timestamps {t,}, resample onto t, = fﬁ using bandlimited (e.g., polyphase)

or linear interpolation:

liy1 — t],{

xX'(t) ~ax(t)+ 1A —a)x(ty,), o= —
i+1 i

3. Gravity Removal (Accelerometer)

(A) Butterworth High-Pass (3rd order): implement in SOS form with cutoff f;
the discrete filter Hy;p(z) yields body acceleration

bod
at < = HPFButter, fe (at) .

(B) Exponential Gravity Estimate (practical alternative):

27 f.

body __
2 fetfs

g=0-a)g_,+aa, a a—g, a=
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4. Smoothing / De-noising

(A) Moving-Average (length M):

1 M-1
e = M Z Xi—k-
k=0
(B) Butterworth Low-Pass (order n, cutoff f,):

Vi = LPFpyger, fc(xt) .

5. Normalization (per axis)

Z-Score:

~_xt_:ux _l — 1 — 2
Xy = o, 'ux_N;xt’ Gx_\/N-l;(x[ M)

min-max: )
X, — min(x)

t= max(x) — min(x)’

6. Segmentation (Character Clips)

Activity-based gating on norms with hysteresis (thresholds 7, 7,,, dwell H):
s, = I(J|a,|| > 7, V |leo]| > 7,), startatfirst H consecutive s, = 1, end at H consecutive s, = 0.

(When trials are pre-cued and file-bounded, this step reduces to trimming leading/-
trailing idle.)

7. Sliding Windowing

Windows of length W samples, stride S (overlap =1 — %):

W, ={t|teliS,iS+W-1]}, i=0,1,..

Outputs:
tensor € R"*¢  or d(W,) € R?
S~—— —_————
for deep models for classical ML features
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[1 1
RMS(x) = | 77 > X2, ZCR(x) = T >0 XX, <O
tew tEW—{tmax}

(Hjorth and spectral metrics can be computed per axis; correlations across {x, y, z} for
accel and gyro.)

Implementation notes

Unless stated otherwise, we (i) de-trend by subtracting the per-window mean; (ii)
optionally remove residual gravity from a(¢) via a moving-average high-pass (cutoff
near 1 Hz) if not already filtered; (iii) apply robust outlier clipping (e.g., 0.1/99.9 per-
centiles) to curb spikes; and (iv) band-limit to a physiologically plausible range (e.g.,
0.515 Hz for handwriting accelerometry, higher for gyroscopes), with an anti-aliasing
low-pass at f,/2.

3.5 Feature Extraction (for Machine Learning)

From each window, statistical, temporal, and frequency features are extracted (mean,
variance, entropy, FFT coefficients, correlation, etc.) for classical ML models. [6]
describe common hand-crafted features like mean, energy, entropy, correlation from
IMU signals.

3.5.1 Time-Domain Features

For each axis within a window W

1. Root-Mean-Square (RMS):

RMS(x) =

capturing instantaneous motion intensity (stroke vigor; angular-speed energy).

2. Shannon Entropy (amplitude PDF): Construct a B-bin histogram with prob-
abilities p,, (3, p, = 1):

B
H(x) == pplogpy,  H(x)= 1= €0,1],
b=1

H,(x)
og

measuring amplitude unpredictability in a window (normalized for cross-window

comparability).
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3. Zero-Crossing Rate (ZCR):

ZCR(x) = Z | sgn(x[n]) — sgn(x[n —1])],

2(L

a time-domain proxy for oscillation frequency, robust to amplitude scaling.

4. Interquartile Range (IQR):
IQR(x) = Qq75(x) — Qp25(x),
arobust dispersion statistic distinguishing broad sweeps from tight strokes/holds.

3.5.2 Frequency-Domain Features (Welch PSD)

We estimate the single-axis PSD S, [k] via Welchs method with Hann subwindows
and define the normalized spectrum

Sylk] k
Px[k]z— f =_fS'
>, Sxljl L
Feature set:
1. Spectral Entropy:
H(x)
* _f
H(x)= ZP |log P, [k H}(x) = ogK [0,1],

indicating spectral flatness/complexity.

2. Spectral Centroid:

2 Jic Sxlk]
Zk Sx[k]

the intensity-weighted spectral “center of mass” (related to stroke cadence).

fc(x) =

3. Spectral Energy:
E;(x) = 2} S.[k]
k

equivalent to time-domain energy (Parseval).

4. Dominant Frequency & Peak Prominence:

Sx[kmax]
= S, [k], I(x) = ’
fmax(x) arg kmaX x[ ] (X) mediank Sx [k]
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tracking the principal oscillation and its salience over background.

3.5.3 Magnitude-Based, Rotation-Agnostic Features

Define magnitudes

lallin] = \fa,nP +a,lnP + alnl,  @lin] = /o,ln +o,ln] +olnp.

We compute:

1. Mean and Variance:

1 , 1 2
=gl o= g3 (i)~ k), w e faol

2. Signal Magnitude Area (SMA):

L-1

SMA = %E)(mx[nn +layln]l + la,lnl]).

with an analogous definition for w.

3.5.4 Cross-Axis Coupling (Shape and Coordination)
Let u, and o, denote per-axis mean and standard deviation within a window.

1. Covariance Matrix:

—Z = u)(x)ln] =), ij €fx,y.2}.

2. Pearson Correlation:

Pij = —, pij € [-1,1].

We compute ¥ and p for both a and w to capture planar/3D coordination; charac-
ters with loops/curls induce characteristic cross-axis patterns distinct from straight
strokes.
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3.5.5 Window-to-Trial Aggregation

For a multi-second trial with T windows and window-level features ¢,,, we form trial-

level descriptors via robust pooling:

Guia = | median,($). IQR,($,). max(3,,)].

where median/IQR attenuate within-trial outliers (e.g., start/end effects), and max-
ima capture peak dynamics.

3.5.6 Feature Vector Construction

For each fixed-length analysis window (optionally pooled at the trial level), we con-
struct a multivariate descriptor from tri-axial acceleration a = [a,, a,, a,]" and angu-

. _ T
lar velocity w = [w,, w,,®,]". Let
8§ ={ay,ay,a,,w,,w,,0,}

denote the six sensor axes.

Axis-wise time-domain descriptors
For each s € 8, we compute: root-mean-square RMS, normalized temporal entropy
H}, zero-crossing rate ZCR, and interquartile range IQR (4 X 6 scalars).

Axis-wise frequency-domain descriptors
For each s € 8, we compute: normalized spectral entropy H;, spectral centroid f,
band energy E, peak frequency f.., and a spectral proportion statistic IT (5 X 6

scalars).

Magnitude-based descriptors
From the Euclidean norms ||a|| and ||w||, we compute the mean u,,, variance o2,, and
signal magnitude area SMA (3 X 2 = 6 scalars).

Cross-axis dependence descriptors

Within each modality (a and w), we form the 3 X 3 sample covariance matrix £ and
correlation matrix p. We then vectorize their upper-triangular parts via veca (-) to
summarize inter-axis couplings (scale-dependent via Z, scale-invariant via p). Each
matrix contributes u € {3, 6} unique elements per modality (off-diagonal only or in-
cluding diagonal, respectively).

Concatenation and dimensionality
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z, = [{RMSs H[*a ZCR’ IQR}SES’ {H*’ fc’ Ef’ fmax’ H}SES’

4x6 5%6

)
s Ty SMA O [, [, VeCA(Za), VECA(Ra), VECA(Za), Veca(0a) | -

6 4u

(3.1)
d=4-6+4+56+6+ 4u = 60+4u, u€i{3,6. (3.2)

3.6 Classical ML Evaluation

Extracted features are fed into ML models (e.g., SVM, Random Forest). Model per-
formance is usually reported with accuracy, precision, recall, or F1. Wang et el. [18]
compared multiple classifiers (SVM, Random Forest) and reported cross-validated ac-
curacy.

3.7 Deep Learning Evaluation

In order to evaluate the efficacy of recurrent neural network architectures for motion-
based character recognition, we implemented and compared bidirectional long short-
term memory (Bi-LSTM) and gated recurrent unit (GRU) models. Both approaches

were trained on the windowed inertial datasets described in Sec. ??.

3.8 Data Preparation

For both architectures, the input consisted of windowed CSV files from the
Windowed_Data/ directory. Each sample retained six channels: accelerometer signals
(ay, ay, a,) and gyroscope signals (w,,, Wy, w,). Class labels were derived directly from
file names by tokenizing on underscores and extracting the class identifier. Labels
were subsequently transformed into integer indices via LabelEncoder and converted
to one-hot encodings for classification.

Prior to training, we verified dimensional consistency across all samples; any files
with mismatched feature counts were excluded. For the GRU model, an additional
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preprocessing step was introduced: all sequences were aligned to a fixed length by
trimming longer samples and zero-padding shorter ones.

3.9 Data Partitioning

We adopted a hold-out validation strategy. For the Bi-LSTM model, the dataset was
randomly partitioned into 80% training and 20% test sets. From the training portion,
10% was further reserved for validation during optimization. The GRU model fol-
lowed a similar 80/20 split, with the test set directly supplied as validation data during
training. In all cases, the random seed was fixed to ensure reproducibility.

3.10 Model Architectures

3.10.1 Bi-LSTM Encoder

The Bi-LSTM architecture consisted of bidirectional recurrent layers with dropout reg-
ularization applied within the encoder and prior to the classification layer. The en-
coder output was fed into a fully connected dense layer with softmax activation for
categorical prediction.

3.10.2 GRU Encoder

The GRU-based sequence model employed gated recurrent units as the temporal en-
coder. The final sequence output was collapsed into a fixed-length latent representa-
tion, which was mapped to class probabilities through a dense softmax layer. Unlike
attention-based models, no explicit temporal weighting was used.

3.11 Training Configuration

Both models were trained using the Adam optimizer with categorical cross-entropy
loss. A mini-batch size of 32 was used, and training proceeded for a maximum of 50
epochs. Early stopping on validation loss was enabled in both cases, with

restore_best_weights=True to retain the parameters from the epoch yielding the
lowest validation error. The Bi-LSTM employed light dropout regularization, while

the GRU training employed early stopping with a patience of five epochs.
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3.12 Evaluation

Model performance was quantified using classification accuracy on the held-out test
set. The Bi-LSTM achieved a test accuracy of 94%, demonstrating strong generaliza-
tion under the chosen configuration. In contrast, the GRU model obtained a test ac-
curacy of only 23.48%, indicating underfitting and poor discriminative performance

in the absence of more advanced temporal modeling mechanisms.

Overall, these results highlight the superiority of bidirectional LSTM encoders for cap-
turing the sequential dependencies inherent in handwriting-related inertial signals.

3.13 Conclude with a Summary of the Methodology

The system begins by capturing raw accelerometer and gyroscope data generated from
air-written gestures. This data is then processed through a series of steps to convert
it into structured feature vectors. The first stage of processing involves smoothing,
normalization and statistical analysis to clean and standardize the data, ensuring its
suitability for further use.

Once the data is prepared, feature selection techniques are employed to identify the
most relevant information, which helps optimize the performance of the subsequent
machine learning model. These refined feature vectors are then fed into a model de-
signed for character recognition, ensuring accurate mapping of the gestures to their

corresponding Bengali characters.

Each step of this methodologyfrom data collection to feature extraction and model
trainingworks synergistically to build a robust system capable of reliably interpret-
ing air-written Bengali gestures. This end-to-end pipeline not only highlights the co-
herence and effectiveness of the approach but also sets the stage for the forthcoming
chapters on Results and Discussion, where we will analyze the performance and im-
plications of this method.
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Chapter 4

Results and Discussion

4.1 Datasets and Experimental Setup

The Bengali air-writing dataset introduced in this study consists of 3,996 trials across
60 symbol classes (vowels, consonants, and digits). Each trial is captured at 200 Hz
using a six-degree-of-freedom inertial measurement unit (3-axis accelerometer and
3-axis gyroscope). The collection protocol systematically varied three factors: hand-
edness (dominant vs. non-dominant), writing speed (slow, normal, fast), and environ-
ment (normal vs. noisy). This factorial design ensured diversity in kinematic patterns

and robustness to real-world variability.

For evaluation, Writer-dependent split data partitioning strategy were applied. A
writer-dependent split partitions data so that the same writers appear in both training
and testing sets, meaning the model is evaluated on handwriting styles it has already
seen. [3]

All classical models were trained on extracted feature vectors, while deep learning
baselines operated directly on segmented time-series. Feature extraction was imple-
mented using NumPy, SciPy, and scikit-learn. Deep learning experiments were con-
ducted in PyTorch. Training was performed on a CPU-only environment (Intel i5, 16
GB RAM), with early stopping to prevent overfitting.

4.2 Presenting the Results

We report results under both classical machine learning and deep learning paradigms.
Metrics include classification accuracy and macro-averaged F1-score, which balances
the impact of class imbalance across Bengali graphemes.
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4.2.1 Classical Machine Learning Models

Two baseline classifiers were implemented using standardized feature vectors:
1. Linear Support Vector Machine (SVM)
2. Random Forest

The results are summarized in Table 4.1, where each models accuracy and macro-
F1 are presented. These values provide a lightweight and interpretable baseline for

future benchmarking.

Table 4.1: Performance of Classical Machine Learning Models on the Bengali Air-
Writing Dataset.

Model Accuracy (%)
Linear SVM 70.32%
Random Forest 96.49%

The Random Forest achieved the highest accuracy among classical models, while
SVM showed comparatively weaker performance, suggesting the need for further hy-

perparameter tuning.

4.2.2 Deep Learning Baselines
To validate the feasibility of sequential modeling, three architectures were tested:

« Bi-LSTM: Achieved strong performance, leveraging bidirectional dependen-
cies.

« Bi-GRU: Achieved the highest accuracy when trained and tested on the same
dataset split.

« GRU (without attention): Performed poorly, suggesting the need for archi-
tectural refinements.

4.3 Interpreting the Results

Two main observations emerge from the experiments:

1. Classical feasibility: Even with compact feature vectors, models such as Ran-
dom Forest achieved very high accuracy (96.49%), validating that the dataset

contains strong discriminative patterns.

45



2. Deep learning potential: Bi-LSTM demonstrated strong sequence modeling

capability

4.4 Challenges and Limitations

Despite establishing strong baselines, several limitations remain:

« Computational resources: Deep learning experiments were restricted to small-

scale runs due to hardware constraints.

+ Cross-condition robustness: While designed with hand, speed, and environ-

ment variation, models struggled to generalize across these axes.

+ Granularity of classes: The dataset includes many visually similar characters,

which significantly raises error rates in confusable subsets.
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Chapter 5

Conclusion

5.1 Restating Research Objectives and Questions

This study set out to explore the feasibility of recognizing Bengali characters writ-
ten in mid-air using motion sensor data. The core objectives were twofold: first, to
construct a comprehensive 3D motion-sensor dataset encompassing Bengali vowels,
consonants and digits; and second, to design and evaluate machine learning mod-
els capable of accurately interpreting this gesture data. These objectives were driven
by the overarching research questions: Can Bengali characters be reliably recognized
from accelerometer and gyroscope data collected during air-writing? And which fea-
tures and classification algorithms contribute most effectively to recognition accu-
racy? These guiding questions shaped the design, methodology and analysis pre-
sented throughout the thesis and the results discussed in the following sections offer a
data-driven response to them, affirming the viability of mid-air character recognition

using motion sensors.

5.2 Summary of Key Findings

The key findings are:

+ A sizable dataset of 60 out of 60 Bengali symbol classes (character strokes), to-

taling of 3,996 samples has been collected with a wearable device.

« Feature extraction from accelerometer/gyroscope signals enabled character clas-
sification by standard Machine Learning and Deep Learning models.

« Confusion mainly occurred in visually similar shapes, suggesting which sym-
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bols need more data.

+ In general, motion-sensor input proves to be a viable modality for Bengali text
entry, aligning with findings in other languages.

5.3 Contributions of the Research

This study contributes:

« A novel dataset: We assembled the first publicly described Bengali air-writing
dataset captured via motion sensors, covering all basic script symbols with mul-
tiple user samples.

« Data acquisition system: A wearable wrist watch type device and companion
app were implemented to record hand-motion trajectories and transfer them via
Bluetooth, advancing prior hardware setups.

« Features: We evaluated a range of time-domain, statistical and spectral fea-
tures.

5.4 Acknowledging Limitations

We acknowledge several limitations. First, the dataset size and variety are still mod-
estmore participants and samples are needed to cover handwriting diversity fully. Sec-
ond, the current system is evaluated offline on individual characters; continuous writ-
ing and real-time deployment remain to be tested. Third, the preliminary nature of
this work means results are subject to change as data grows. Lastly, we have not yet
fully explored machine-learning architectures due to data constraints. These limita-
tions mean that reported accuracies should be viewed as initial rather than definitive.

5.5 Suggestions for Future Research

Future work should expand the dataset (more users, writing styles and possibly en-
tire words) to improve robustness. Research could also investigate adaptive learning
to handle user-dependent versus user-independent cases. Integration into a real-time
prototype with user feedback would be valuable. Cross-modal fusion (e.g., combin-
ing our device with camera vision) may further enhance performance. Finally, open-
sourcing the dataset and models would enable the community to build upon this foun-

dation.
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5.6 Final Reflections

Overall, this repost highlights the interdisciplinary blend of Bengali linguistics, signal
processing and machine learning. It underscores how even complex non-Latin scripts
can be integrated into novel input interfaces. The collaboration of hardware engineer-
ing (wearables), data science and language knowledge is a hallmark of modern HCI
research. As with many ongoing projects, early results are encouraging but invite it-
eration. By sharing methods and findings, we anticipate that further innovation in
Bengali air-writing and input technologies for other languages will follow.

In conclusion, this pre-defense study has shown that Bengali air-writing with motion
sensors is both feasible and promising. We have outlined the steps toward a rigorous
recognition system: creating the dataset, extracting meaningful features. Our con-
tributions address the critical need for Bengali language support in next-generation
interfaces. As the research progresses, we expect to refine and extend these results,
ultimately enabling seamless, contactless Bengali text entry and enriching the field of

human-computer interaction.
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