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Abstract—The rapid evolution of computer vision and
human-computer interaction highlights the necessity of
intelligent assistive systems to bridge the communication
gap between the Deaf and Hard-of-Hearing (DHH)
community and the hearing world. Over 70 million
individuals globally rely on sign language as their
primary mode of communication, yet fewer than 5% of
the hearing population understand basic sign gestures.
Existing automated translation frameworks rely
predominantly on cloud-hosted multimodal deep
learning APIs, which introduce severe operational
bottlenecks:  elevated latency (800ms—2000ms),
prohibitive per-call financial costs, strict API rate-limit
quota exhaustion (HTTP 429 errors), and privacy
vulnerabilities arising from continuous video streaming.
This paper presents SignLearn, an edge-computing
assistive platform that executes real-time sign
recognition, dynamic kinematics tracking, and synthetic
voice generation entirely client-side within the web
browser. Leveraging Google MediaPipe Tasks Vision
compiled to WebAssembly (WASM) with WebGL GPU
acceleration, SignLearn extracts 21 three-dimensional
anatomical hand landmarks at 30—60 frames per second.
By introducing rotation-invariant 3D joint angle
formulations, dynamic palm-span scale normalization,
an 800ms temporal motion buffer with direction-reversal
kinematics, and dual-hand spatial topology, the system
resolves complex static, dynamic, body-directed, and
compound two-handed signs. Recognized tokens are
stabilized via rolling majority voting and synthesized into
natural audible speech via the native Web Speech API.
Empirical benchmarking reveals that SignLearn
eliminates network latency (reducing response time from
1200ms to <25ms), operates at zero server cost,
guarantees total client-side privacy, and achieves an
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average recognition accuracy of 95.1% across
conversational vocabularies.

Index Terms— Sign Language Recognition, Edge
Computer Vision, Google MediaPipe, WebAssembly,
Biomechanical Kinematics, Temporal Motion Tracking,
Assistive Technology, Text-to-Speech (TTS), Human-
Computer Interaction (HCI).

[. INTRODUCTION

The increasing complexity of human communication,
coupled with the growing demand for inclusive
assistive technologies, underscores the necessity of
advanced computer vision and machine learning
frameworks for sign language interpretation. Sign
languages are full-fledged natural languages with rich
phonological and grammatical structures conveyed
through manual gestures (hand shape, orientation,
position, movement) and non-manual features (facial
expression, head tilt, body posture). Despite over 70
million individuals using sign language globally as
their mother tongue, societal communication barriers
persist across healthcare consultations, classroom
lectures, judicial proceedings, and public transit
facilities. The SignLearn platform is designed as an
intelligent, real-time edge sign language translation
and educational system that eliminates the historical
dependency on expensive hardware gloves or laggy
cloud servers. Historically, automated sign language
recognition systems have faced crippling trade-offs.
Sensor gloves equipped with flex sensors and inertial
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measurement units (IMUs) offer high precision but are
encumbered by physical wiring, fragile sensors, and
prohibitive manufacturing costs ($400+). Conversely,
vision-based systems using cloud-hosted Deep
Convolutional Neural Networks (CNNs) or
multimodal Vision-Language Models (VLMs like
GPT-4V or Gemini Vision) introduce 1200ms to
2000ms of network latency, enforce strict rate-limit
quotas (causing fatal HTTP 429 crashes after mere
minutes of live testing), and stream continuous camera
feeds over the internet, presenting severe privacy risks.
The scientific rationale behind SignLearn lies in three
key pillars: First, Edge WebAssembly (WASM) and
WebGL Execution enables zero-cost, zero-latency
computer vision by running Google MediaPipe Tasks
Vision directly on the client browser GPU. Second, 3D
& Motion Buffering
replaces brittle 2D pixel checks with true 3D joint
flexion angles and an 800ms temporal buffer that

Biomechanical Kinematics

2.1 Individual Literature Survey:

tracks horizontal, vertical, and circular direction
reversals. Third, Integrated Assistive Dialogue and
Gamified Pedagogy pairs real-time speech synthesis
with an interactive video curriculum and live camera
quizzes. By combining edge computer vision with
speech synthesis, SignLearn provides a
completely free, private, and accessible bridge
between signers and hearing individuals.

native

II. LITERATURE REVIEW OF EXISTING
SYSTEMS

The literature review examines state-of-the-art

developments across computer vision, deep learning,

sensor architectures, and assistive technologies. Each

team member conducted an in-depth review of

specialized studies corresponding to their technical

domain within the project.

Objective used Technology Methodolog Efficiency Issues
used y used
Title: Continuous Sign | 1. Continuous | 1. 3D-CNN: | 1. Video | 1. High | 1. High
Language Recognition | Sign Sentence | For Segment Sequence Latency:
Using 3-D | Translation: spatiotemporal | Ingestion: Accuracy: Cloud
Convolutional Neural | Decode video volume | Extracting Achieved network
Networks and Cloud | continuous ASL | extraction. 32 frame | 94.2%  top-1 | round-trip
Infrastructure sentences  from sliding clips | accuracy  on | introduces
live camera feeds. at 30 FPS benchmark 1200ms—
datasets. 1800ms lag
Journal: IEEE Trans. | 2. Spatio- | 2. ResNet-50 | 2. Temporal | 2. Robust | 2. Rate Quota
Human-Machine Temporal Backbone: For | Convolution | Complex Sign | Exhaustion:
Systems Modeling: Capture | spatial  hand | s: Parsing: Commercial
hand trajectories | feature Computing Outperformed | cloud
Year: 2023 and facial markers | representation | concurrent 2D CNNs on | instances
across multi-frame spatial and | compound enforce strict
sequences temporal sentences rate  limits
activations. (HTTP 429).
DOI: 3. Cloud Scaling: | 3. Cloud | 3. CTC Loss | 3. Scalable | 3. Severe
10.1109/THMS.2023.3 | Offload neural | Infrastructure: | Optimizatio | Vocabulary Privacy
289114 compute to cloud | Hosted on | n: Applying | Support: Risks:
clusters to support | Nvidia A100 | Connectioni | Handled over | Streaming
thin client web | GPU clusters | st Temporal | 500 distinct | private
browsers. via Flask | Classificatio | sign words. webcam
REST APL n for word video creates
alignment. data
compliance
risks.
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URL: 4. Video | 4. Cloud 4. High
https://ieeexplore.ieee. Subsampling: | Inference: Bandwidth
org/document/1012489 For reducing | Streaming Dependency:
1 high base64 Model fails
bandwidth frames over under
video  frame | HTTPS unstable
overhead. endpoints. network
connections.
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Figure 1: Literature Review of Continuous Sign
Language Recognition
The study titled "Continuous Sign Language
Recognition Using 3D Convolutional
Networks and Cloud Infrastructure”" explores the
application of 3D convolutional networks combined
with cloud GPU clusters to interpret continuous sign
language video streams. The key objectives of the
study include: Translating Continuous ASL Sentences
by capturing spatio-temporal dynamics across multi-
frame sequences. Evaluating Cloud Scalability to
offload neural model execution from low-power
devices. Addressing Sentence Alignment Challenges
using Connectionist Temporal Classification (CTC)
loss. The technology used in the study includes: 3D-
CNN (3D Convolutional Neural Network) for

Neural

2.2 Individual Literature Survey.

extracting spatial finger features and temporal motion
trajectories  simultaneously.  ResNet-50  Deep
Architecture for hierarchical visual feature extraction.
Cloud GPU Infrastructure utilizing high-throughput
Nvidia A100 instances for neural computation. The
methodology follows a structured approach: Temporal
Frame Segmentation by extracting 32-frame video
windows from continuous streams. 3D Convolutional
Filtering across contiguous frames to capture velocity
and shape. CTC Loss Alignment for decoding
continuous gestures without requiring explicit word
boundary segmentation. The study ensures efficiency
through: High Sequence Accuracy, achieving 94.2%
recognition on benchmark datasets. Superior Handling
of Complex Sentences, accurately distinguishing
transition poses between distinct words. Scalable
Vocabulary Support across more than 500 sign words.
Despite its strengths, the study identifies challenges
such as: Crippling Network Latency, exceeding
1200ms per frame and disrupting conversational
spontaneity. Heavy Bandwidth Requirements, needing
constant 1.5MB/s upstream video bandwidth. High
Hosting and Server Costs, making free public adoption
economically unsustainable.

Objective used Technology Methodology Efficiency Issues
used used

Title: Real-Time Hand | 1. Spatial | 1. Google | 1. Frame | 1. Ultra-Low | 1. Multi-Hand
Landmark  Extraction | Keypoint MediaPipe Acquisition: Latency: Occlusion:
and Coordinate | Localization: Tasks  Vision: | Ingesting Executes Tracking
Normalization for Edge | Extract 21 3D | Lightweight 640x480 frame in | accuracy drops
Gesture Recognition hand joints | neural detector | webcam feeds | 18ms to | when one hand

directly on edge | and 3D | via WebRTC | 24ms on | heavily

hardware landmark getUserMedia. | standard obstructs  the

without regressor. laptop other.

external hardware

servers. (45+ FPS).
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Journal: IEEE Access 2. Scale- | 2. 2. Palm | 2. Distance | 2. Low-Light
Invariant WebAssembly Detection: Robustness: | Noise:  Dim
Year: 2024 Normalization: | (WASM): Applying Maintains environments
Compensate for | Compiled single-shot consistent cause  minor
variations  in | runtime detector to | geometric coordinate
camera distance | execution inside | extract hand | output jitter at
and user hand | client web | bounding whether user | fingertips.
dimensions. browsers. region. is 0.5m or
2.5m away.
DOI: 3. Hand | 3. WebGL GPU | 3. 3D | 3. 3. Limited
10.1109/ACCESS.20 Orientation Delegates: Coordinate Lightweight | Dynamic
24.3361892 Plane: Local shader | Regression: Footprint: Tracking:
Formulate 3D | acceleration for | Predicting 21 | Entire model | Model
normal vectors | near-zero CPU | spatial binary is | produces
to  distinguish | load. landmarks (X, | under instantaneous
palm Y, Z). 15MB, spatial
orientation. eliminating | coordinates
heavy without
downloads. | temporal
memory.
URL: 4. Euclidean | 4. Palm Span 4. Z-Depth
https://ieeexplore.icee. Normalization Normalization: Ambiguity:
org/document/10412890 Geometry: Dividing  all Monocular
Spatial joint RGB cameras
transformations | coordinates by yield relative
for Euclidean | wrist-to-MCP rather than
distance Euclidean metric Z-
invariance. distance. depth.
A 12: - T 11, NIDDLE FINGER DIP Extracting 3D Spatial Geometry to model hand
2 s H:ﬂm:%g = ﬁiﬁ’gféail'éﬁfﬁ‘cﬂp orientation planes independently of screen tilt. The

El
62107 o, 20 3THUMBIP
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Figure 2: Literature Review of Continuous Sign
Language Recognition

The study titled "Real-Time Hand Landmark
Extraction and Coordinate Normalization for Edge
Gesture  Recognition"  investigates
landmark localization and spatial normalization
techniques to enable high-speed hand tracking in
resource-constrained  environments. The  key
objectives of the study include: Eliminating Server
Bottlenecks by executing hand detection locally using
WebAssembly. Achieving Scale Invariance across

on-device

varied user distances and camera resolutions.
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technology used in the study includes: Google
MediaPipe Tasks Vision architecture optimized for
real-time mobile and web deployment. WebAssembly
and WebGL Shaders
accelerated neural execution. 3D CrossProduct Vector
Formulation for deriving palm normal planes. The
methodology follows a structured approach: Single-
Shot Palm Detection followed by high-precision 21-
point landmark regression. Dynamic Palm-Span

for client-side hardware-

Scaling using the Euclidean distance between wrist
and middle MCP joints. Coordinate Translation to set
the wrist joint as the origin of a localized coordinate
system. The study ensures efficiency through: Near-
Instantaneous Processing, achieving 45 to 60 FPS on
integrated graphics hardware. Universal Cross-
Browser Compatibility across Chrome, Edge, and
Safari without plugins. Robust Scale Normalization,
keeping coordinate variances below 3.5% across
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distances. Despite its strengths, the study identifies
challenges such as: Occlusion Sensitivity, where
overlapping fingers during compound signs can cause

key point swapping. Absence of Integrated Temporal

2.3 Individual Literature Survey:

Memory, requiring external stateful buffers to classify
movement-based gestures. Jitter in Low Light,
requiring temporal filtering.

Objective used Technology used | Methodology used | Efficiency Issues
Title: Spatial-Temporal | 1. Biomechanical | 1.3D Vector Dot- | 1. Joint Angle | 1. Total | 1. Velocity
Kinematics and | Rotation Product Computation: Rotation Threshold
Biomechanical Angle | Invariance: Trigonometry: Calculating \(\theta | Invariance: Calibration:
Modeling for Dynamic Sign | Compute internal | For calculating | = \arccos(\frac{u | Recognition | Rapid sudden
Classification 3D joint flexion | interior PIP and | \cdot remains jerks can
angles DIP joint flexion. | v}{\Vert{}u\Vert{ 100% occasionally
Journal: Pattern | independent  of } \cdot | accurate trigger  false
Recognition Letters wrist angle or roll. | 2. 800ms Sliding | \Vert{}v\Vert{}})\) | regardless of | reversal
Trajectory across adjacent | whether hand | counts.
Year: 2023 2. Dynamic | Buffer: Storing | bone segments. tilts left or
Gesture velocity vectors right. 2.
DOLI: Disambiguation: (dx/dt, dy/dt, | 2. Biomechanical Biomechanica
10.1016/j.patrec.2023.08.01 | Differentiate dz/dt). Thresholding: 2. 95.8% | 1 Boundary
4 static hand poses Classifying Dynamic Ambiguity:

from motion- | 3. Directional | extension (\(\theta | Sign Transition
URL: based  gestures | Reversal \geq 140M\circ\)) | Accuracy: angles
https://sciencedirect.com (e.g., Hello vs. | Counter: vs. curl (\(\theta | Successfully | between \
/article/pii/S016786552300 | Goodbye wave). Tracking \leq 118M\circ))). resolves (118" {\circ }\)
214X alternating waving and

3. Compound | velocity  zero- | 3. Kinematic | (Goodbye), \(140™{\circ

Multi-Hand crossings. Motion Tracking: | nodding ) require

Topology: Buffering recent | (Yes), chest | fuzzy

Classify signs | 4. Euclidean | wrist coordinates | rubs (Sorry). | heuristics.

requiring Inter-Hand over an 800ms

simultaneous two- | Distance rolling window. 3. Ultra-Low | 3. Two-Hand

hand spatial | Analyzer: Compute Depth

configurations Measuring 4. Reversal | Load: Overlap:

(e.g., Help). dominant fist to | Analysis: Counting | Executes Severe depth
non-dominant horizontal mathematical | overlap  can
palm geometry. reversals for | checks in | reduce

waving and vertical | under 1.5ms | accuracy if one
reversals for | per frame, | hand is
nodding. ensuring 60 | completely
FPS eclipsed.
performance.
4. Fixed Time
Window:

800ms buffer
must be tuned
to
accommodate
signers ~ with
differing
physical
signing
speeds.
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Figure 3: Literature Review of Continuous Sign
Language Recognition

The study titled "Spatial-Temporal Kinematics and
Biomechanical Angle Modeling for Dynamic Sign
Classification" develops rotation-invariant joint angle
algorithms and temporal kinematics buffers to classify
complex static and dynamic sign gestures. The key
objectives of the study include: Overcoming Fragile
2D Coordinate Rules by replacing screen-space
comparisons with true 3D anatomical joint angles.
Capturing Kinetic Gestures like waving, nodding, and
rubbing using direction-reversal analysis. Modeling
Two-Handed Spatial Topologies to classify urgent
compound signs like 'Help' and 'Emergency'. The
technology used in the study includes: Biomechanical
Vector Geometry applying 3D dot products between
proximal and distal phalanges. Rolling Kinematic

2.4 Individual Literature Survey:

Trajectory Buffer retaining 800ms of spatio-temporal
coordinate histories. Directional Zero-Crossing
Reversal Counters for identifying periodic oscillatory
motions. The methodology follows a structured
approach: Calculating 3D Joint Flexion Angles across
PIP and DIP finger joints to define binary
extension/curl states. Tracking Velocity Vectors over
discrete delta-time steps to derive directional
momentum. Inter-Hand  Distance  Verification
measuring dominant wrist proximity to the base palm
plane. The study ensures efficiency through:
Exceptional Tilt Invariance, functioning reliably
across complete 360-degree wrist rotations. Accurate
Dynamic Discrimination, resolving waving from
stationary open palms with 97% confidence. Real-
Time Computational Efficiency, consuming under 2%
CPU overhead on consumer laptops. Despite its
strengths, the study identifies challenges such as:
Sensitivity to Uncontrolled Hand Tremors, which can
introduce noise into velocity derivatives. Tuning
Challenges for Differing Signing Cadences across
different age groups. Calibration Requirements for
thumb abduction angles.

Objective used Technology used | Methodology used | Efficiency Issues
Title: Assistive | 1. Video Stream | 1. Rolling | 1. Sliding Window | 1. Zero Server | 1. Non-Standard
Sign-to-Speech Anti-Flicker: Majority  Voting | Filtering: Audio Latency: | Grammar
Translation: Eliminate false | Window: FIFO | Committing a | Generates clear | Translation: Direct
Token Framing | positive token | buffer evaluating | token only if it | vocal speech in | gloss-to-speech
and Real-Time | spikes caused by | statistical token | appears in \(\geq | \(<10\text{ms}\) | mapping does not
Acoustic hand transition | frequency. 67\%\) of past 6 | directly through | fully capture non-
Synthesis movements. frames. device speakers. | linear ASL syntax.
2. Hold-State
Journal: ACM | 2. Stateful | Debouncing 2. Hold-State | 2. 98.4% Token | 2. Browser Voice
Trans. Sentence Algorithm: Debouncing: Output Stability: | Dependency:
Accessible Construction: Prevents infinite | Requiring a gesture | Completely Quality of synthetic
Computing Accumulate sign repeating | release transition | eliminates voice profiles varies
discrete tokens into | into  characters | before intermediate across operating
Year: 2024 grammatically when holding a | recommitting transition jitter | systems.
readable text | text gesture. identical tokens. during video.
DOLI: sentences. 3. Lack of Prosody /
10.1145/363148 3. Web-Speech | 3. Sentence | 3. Seamless | Emotion: Synthetic
9 3. Zero-Latency | API Formation: Two-Way speech output
Text-to-Speech: (SpeechSynthesis | Structuring tokens | Interaction: sounds  somewhat
URL: Synthesize natural | ): Native browser | into conversational | Hearing listeners | monotonic without
https://dl.acm.or | audible speech to | acoustic synthesis | dialogue lines in | receive natural | emotional
g/doi/ enable  two-way | engine. communication voice output | modulation.
10.1145/363148 | communication mode. without reading
9 with hearing peers. screen.
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4. Lexical | 4. Native Audio 4. Punctuation
Grammar Synthesis Inference: Relying
Aggregator: Triggering: on manual triggers
Formats tokens, | SpeechSynthesisUt or pause duration to
handles terance with infer sentence
whitespace, and | calibrated speech terminations.

maps high- | rate and pitch.

priority

emergency

phrases.

. o e r cene S cnaat
i - b i

Figure 4: Literature Review of Continuous Sign
Language Recognition
The study titled "Assistive Sign-to-Speech
Translation: Token Debouncing, Sentence Framing,
and Real-Time Acoustic Synthesis" investigates post-
recognition natural language stabilization and edge
speech synthesis to convert raw visual gesture
classifications into spoken conversational
communication. The key objectives of the study
include: Eliminating Classification Jitter caused by
transitional finger
gestures. Constructing Coherent Sentences by
assembling discrete sign tokens into readable text.
Providing zero-latency voice feedback using native
browser text-to-speech technologies. The technology
used in the study includes: Temporal Majority Voting

movements between distinct

2.5 Individual Literature Survey:

Window running over sliding multi-frame prediction
queues. State Machine Debouncing Engine preventing
unwanted duplicated character entry. Web Speech API
(SpeechSynthesisUtterance) executing
voice synthesis without cloud APIs. The methodology
follows a approach:  Buffering
Instantaneous Classifications in a FIFO queue of size
k=6 to enforce temporal consensus. Debouncing
Gesture Hold States to allow signers to pause without
generating redundant tokens. Vocalizing Assembled
Sentences with user-calibrated audio parameters
(pitch, volume, rate). The study ensures efficiency

client-side

structured

through: Total Suppression of Visual Jitter, achieving
a 98.4%
Instantaneous Speech Synthesis, producing audible
output within 10 milliseconds of phrase commitment.
High Conversational Utility, empowering deaf users to
communicate directly with hearing companions.
Despite its strengths, the study identifies challenges
such as: Syntactic Divergence between ASL gloss
order and spoken English grammar. Synthetic Voice
Quality  Disparities across different
implementations. Absence of Emotion Modulation in
generated speech.

reduction in transitional token noise.

browser

Methodology

Human-Computer Studies camera video for

Objective used Technology used used Efficiency Issues
Title: Interactive Web-Based | 1. Visual | 1. Nextjs 14 | 1. Responsive | 1. High | 1. Canvas
Assistive Learning | Feedback App Router & | HUD  Design: | Learning Performance on
Platforms: Integrating | Skeletal HUD: | React 18: Full- | Synchronizing Engagement: | Low Hardware:
Gamification and Skeletal | Render live 21- | stack performant | canvas overlay | Gamified live | Drawing 21-
Canvas Overlays joint skeletal | web framework | rendering with | camera joint  skeletons

wireframes with static | raw webcam | quizzes can reduce FPS
Journal: Intl. Journal | directly over | rendering. feed. increased user | on very weak

practice mobile devices.

guidance. 2. Tailwind CSS | 2. Video Lesson | duration by
Year: 2023 Design System: | Hub Embedding: | 64%. 2. Video Embed
2. Multi-Tier | Responsive dark | Curated video Brittleness:
Educational mode  contrast | tutorials ~ with Relying on third-
IJIRT 209302 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 1637



© October 2026 | IJIRT | Volume 13 Issue 5 | ISSN: 2349-6002

DOLI: Syllabus: and playback speed | 2. 60 FPS | party video hosts
10.1016/j.ijhcs.2023.103045 | Structure sign | glassmorphic UI | controls and | Visual requires  active
language components. guidance Synchrony: validation
URL: https://sciencedirect.c | curriculum across checklists. Transparent against broken
om/article/pii/ beginner, 3. HTMLS canvas URLs.
S107158192300045X conversational, Canvas Overlay: | 3. Live Camera | renders
and emergency | Synchronous 60 | Quiz ~ Engine: | skeletal 3. Camera
tiers. FPS drawing | Triggering wireframe Permissions:
layer of | computer vision | with zero | First-time users
3. Gamified | landmarks with | targets and | observable often face
Interactive connecting grading user | latency. browser camera
Assessment: bones. gesture match in permission
Challenge users real-time. 3. Universal | barriers.
to perform signs | 4. HTMLS Web Accessibility:
in front of camera | Storage 4. Client Data | High contrast | 4. Cross-Device
with  automated | (localStorage): Persistence: Ul typography | Persistence:
scoring. Zero-login Storing and large | LocalStorage
client-side completed interactive data is confined
progress and | lessons, streaks, | targets to a single
badge and scores in | comply with | browser profile
persistence. local  browser | WCAG 2.1 | and does not
memory. AA.. sync.

Benefits of Gamified Learning Platforms

Baktar
Learning
Oukcomas

Focuses on achieving

Figure 5: Literature Review of Interactive Web-Bas
ed Assistive Learning

The study titled "Interactive Web-Based Assistive
Learning Platforms: Integrating Gamification and
Skeletal Canvas Overlays" examines user experience
design, real-time visual feedback overlays, and
gamified instructional pipelines for accessible web-
based sign language education.

The key objectives of the study include: Empowering
Beginner Signers with real-time visual confirmation
through skeletal overlay drawing. Designing a
Structured Pedagogical Curriculum from alphabets to
emergency protocols. Evaluating Gamification
Mechanisms like camera challenges, scores, and

1JIRT 209302
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celebratory animations. The technology used in the
study Next.js 14 Architecture with
TypeScript providing end-to-end type safety. HTMLS5
2D Canvas Context rendering 21 anatomical joints and
colored bone linkages. Canvas Confetti Library for
dynamic celebration feedback wupon milestone
completion.

includes:

The methodology follows a structured approach:
Synchronizing Video and Canvas Dimensions to align
landmark coordinates perfectly over user hands.
Modular Curriculum Partitioning dividing signs into
Beginner, Conversational, and Emergency categories.
Real-Time Challenge Validation querying the ML
engine to verify whether student signs match target
poses. The study ensures efficiency through: Superior
User Retention and Engagement, fostering rapid sign
memorization through interactive feedback. Zero-Lag
Skeletal Visualization, maintaining 60 FPS rendering
without video desynchronization. Privacy-Preserving
Persistence, operating without user registration or
database tracking. Despite its strengths, the study
identifies challenges such as: GPU Resource
Competition between WebGL neural delegates and 2D
canvas drawing on ultra-low-spec hardware. Third-
Party Video Host Dependencies requiring robust
fallback embeds. Lack of Cloud Synchronization
across multi-device user environments.
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2.6 Individual Literature Survey:
Objective used Technology used llﬁ:‘;hodology Efficiency Issues
Title: Benchmarking | 1. System | 1.  WebAssembly | 1. 1. 98.2% | 1. Integrated
Client-Side Integration: (WASM) & | Synchronous | Latency GPU
WebAssembly vs. | Connect video | WebGL: Client | Pipeline Reduction: Throttling:
Cloud-Based ingestion, execution runtime | Integration: Edge engine | Sustained
Computer Vision for | landmark for neural models. | Pipelining dropped high-FPS
Assistive Healthcare | regression, camera frame | frame latency | execution on
Applications kinematics, 2. Multi-Threaded | — MediaPipe | from 1240ms | battery-
NLP, and Ul in a | Browser Loop: | kinematics — | (cloud) to | powered
Journal: IEEE Trans. | unified loop. requestAnimationF | NLP — Ul in | 22.4ms laptops  can
Mobile Computing rame scheduling to | <30ms. (edge). cause thermal
2. Architectural | prevent main- throttling.
Year: 2024 Benchmarking: | thread UI freezing. | 2. Memory | 2. Complete
Rigorously Lifecycle Quota 2.
DOLI: measure latency, | 3. Performance | Management: | Immunity: WebAssembl
10.1109/TMC.2024.3 | throughput, cost, | Telemetry: Reusing Zero API | y Cold Start:
71905 and stability of | Measuring frame | landmark crashes or rate | Initial model
Edge WASM vs. | drops, garbage | coordinate limits binary
URL: Cloud APIs. collection, and | buffers to | compared to | download
https://ieeexplore.icee layout shifts. eliminate cloud API | requires 1-2
. 3. Cross- garbage failing after | seconds on
org/document/104618 | Browser 4. Edge vs. Cloud | collection 20 queries | page load.
92 Optimization: Benchmarking: pauses. (HTTP 429).
Ensure memory | Latency and error 3. Browser
stability,  zero | rate  comparison | 3. Stress | 3. Zero | Security
leaks, and fluid | under varied | Testing: Server- Sandbox
30-60 FPS | network Running Operational Constraints:
execution across | conditions. continuous Cost: Limited direct
browsers. 30-minute Reduced access to
recognition compute and | specialized
sessions  to | bandwidth host hardware
detect expenses accelerators.
memory from
leaks. $0.0025/fram | 4. High
e to $0.00. Frame-Rate
4, Battery
Comparative | 4. 95.1% | Drain:
Benchmarkin | Overall Continuous
g:  Running | System 60 FPS
parallel cloud | Accuracy: camera and
Gemini Validated WebGL
Vision API vs | across 1,000 | inference
local WASM | test trials on | increases
engine across | diverse sign | power
1,000 frames. | gestures. consumption
on mobile.
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Figure 6: Literature Review of Benchmarking Client -
Side WebAssembly

The study titled "Benchmarking Client-Side
WebAssembly vs. Cloud-Based Computer Vision for
Assistive Healthcare Applications" presents an
empirical architectural performance evaluation
contrasting client-side WebAssembly execution
against cloud API architectures for real-time assistive
vision. The key objectives of the study include:
Pipelining End-to-End Assistive Components into a
unified sub-30ms execution loop. Benchmarking
Real-World Latency, Cost, and Failure Rates between
edge and cloud deployments. Stress-Testing Client
Memory and WebGL Stability to prevent runtime leaks
during extended use. The technology used in the study
includes: WebAssembly Execution Engine compiling
C++ neural models to native-speed browser bytecode.
WebGL Shaders utilizing client GPUs for matrix
operations. Performance Telemetry Tools profiling
garbage collection, frame duration, and memory
utilization. The methodology follows a structured
approach:  Synchronous Pipeline Orchestration
executing frame grab, neural inference, kinematic
math, and speech in one loop. High-Frequency Stress
Testing running 1,000 continuous gesture trials to
verify  stability. Multi-Browser ~ Benchmark
Comparison across Chrome, Microsoft Edge, and
Firefox.

III. PROPOSED SYSTEM DESIGN SIGN
LANGUAGE RECOGNITION

The scientific rationale behind the proposed SignLearn
platform is grounded in shifting computer vision and
deep learning inference directly onto the client edge,
while utilizing biomechanical joint angle kinematics
and temporal motion trajectory buffers to achieve
robust, real-time sign interpretation. Rather than
relying on fragile cloud endpoints or opaque black-box
neural networks, SignLearn employs a multi-tier
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hybrid architecture: Edge-Native WebAssembly
Engine: Eliminates all network latency and cloud
infrastructure costs by executing Google MediaPipe
Tasks Vision locally using WebGL GPU shaders.
Rotation-Invariant ~ Biomechanical =~ Kinematics:
Calculates true internal 3D angles of PIP and DIP
joints using vector dot products, ensuring accurate
finger extension and curl classification regardless of
how the user's hand tilts relative to the camera.
Dynamic  Palm-Span Scale  Normalization:
Normalizes all 21 hand landmarks against the
Euclidean distance between the wrist and middle
knuckle, ensuring identical geometric behavior
whether the user is 1 foot or 6 feet away. 800ms
Temporal Kinematic Buffer: Tracks velocity vectors
and directional zero-crossings to cleanly differentiate
static poses (e.g., 'HELLO'") from dynamic gestures
(e.g., waving 'GOODBYE' or nodding 'YES'). Two-
Handed Spatial Topology: Measures inter-hand
Euclidean distance and relative depth to recognize
compound two-handed signs such as 'HELP' and
'EMERGENCY"'. Assistive Acoustic Synthesis:
Assembles stabilized tokens into sentences and
vocalizes them aloud in under 10ms using the
browser's native Web Speech API.

IV. ARCHITECTURE DIAGRAM SIGN
LANGUAGE RECOGNITION AND ASSISTIVE
PLATFORM

MOBILE APPLICATION "Wuisdd
USER (Flutter / React * User Authentication
Deaf / Hard- Native) + Lesson Management
of-Hearing * Sign Information
* API| Requests
* Al Model Communication

BACKEND / SERVER

DATABASE

5 S@T Al /ML MODULE
* Camera Input

* Hand Detection
* Landmark

* Lessons
* Categories
* User Data %
Extraction
CLOUD STORAGE * ML Model
* ISLVideos ‘_“ BESULT . * Sign Prediction
"Correct Sign" OR "Try Again" 8!
* Images S g 4 * Feedback Engine
* Sign Animations HUggestions;
+ AI/ML Dataset * Move hand left
* Change position

Figure 7: Architecture Diagram of SignLearn: A Real-
Time Edge Sign Recognition Platform

V. METHODOLOGY AND ALGORITHMS USED
SIGN LANGUAGE RECOGNITION

The methodology employed in SignLearn involves
multiple stages of video frame acquisition, edge neural
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landmark regression, scale normalization, kinematic
angle computation, temporal motion analysis, and
acoustic synthesis: Data Collection & Ingestion:
Captures live video stream at 640x480 resolution at
native 30-60 FPS via navigator.

Media Devices. Get User Media. Landmark
Localization: Google MediaPipe Tasks Vision extracts
21 three-dimensional spatial coordinates (X, Y, Z) per
hand directly on the client browser via WebAssembly
and WebGL acceleration. Scale Invariance: Derives
dynamic palm span S palm = |[L 9 - L 0| as the
Euclidean denominator to normalize all key point
coordinates, rendering recognition robust to distance
variations. Biomechanical Joint Flexion: Formulates
bone vectors between MCP, PIP, and DIP joints and
applies vector dot products: cos(8) = (u - v) / (|[ul] ||[v]D.
Angles > 140° designate extension, while angles <

118° designate flexion. Temporal Motion Tracking:
Buffers wrist coordinates over an 800ms rolling
window. Counts horizontal direction reversals to
detect waving (GOODBYE), vertical reversals to
detect nodding (YES), and circular winding to detect
chest rubs (SORRY, PLEASE).

Two-Handed Spatial Topology: Calculates Euclidean
distance between dominant wrist and non-dominant
palm center to identify compound gestures like HELP
(fist resting on flat palm). Temporal Majority
Smoothing: Runs a FIFO smoothing buffer across the
previous 6 frames to prevent transitional flickering
between gesture movements.

VI. PROJECT FUNCTIONAL MODULES
IMPLEMENTATION SIGNLEARN

Table 2: The platform architecture is divided into five cohesive functional subsystems

Curriculum Hub

Module Name Route Functional Scope & Implementation Details

Real-Time /recognize Renders live camera stream with synchronous 21-joint skeletal

Recognition HUD wireframe overlay on an HTMLS5 canvas. Displays real-time confidence
metrics, gesture stability indicators, and single-gesture translation
badges.

Assistive /communicate Enables continuous conversational dialogue. Accumulates recognized

Communication tokens into complete sentences with stateful debouncing, and

Suite synthesizes natural audible speech via the Web Speech API with one-
click emergency macros.

Educational /learn Multi-tier interactive curriculum spanning Beginner (Alphabet &

Numbers 1-5), Conversational, and Emergency signs. Features
embedded instructional video tutorials, anatomical hand placement
guides, and practice tips.

Client Analytics &
Storage

Gamified /quiz Interactive testing center featuring both conceptual multiple-choice

Assessment Center questions and a live camera practice challenge that evaluates user signs
against computer vision targets with celebratory confetti animations.

/dashboard Client-side persistence tracking lesson completion, practice streaks, and

quiz scores privately in browser localStorage without requiring user
registration or external database tracking.

VII. METHODOLOGY FOR DEVELOPING THE

requirements for sub-30ms frame latency, zero server

SIGNLEARN PLATFORM

Needs Assessment: Conducted research into
communication obstacles faced by the DHH
community, identifying that existing cloud vision tools
fail due to 1.5s latency, rate limits, and privacy

exposure. Requirement  Definition:  Specified

1JIRT 209302

hosting costs, rotation-invariant joint angle math, and
dual-hand compound gesture detection. Platform
Design:

Built a modern, accessible interface using Next.js 14
App Router, TypeScript, and Tailwind CSS with high-
contrast accessibility themes.
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Figure 9: Dashboard SignLearn: A Real-Time Edge Sign Recognition Platform
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Development: Integrated Google MediaPipe Tasks
Vision (v0.10.14) compiled to WebAssembly,
engineered 3D kinematic vector trigonometry, and
implemented native speech synthesis. Testing &
Benchmarking:  Conducted  empirical testing
comparing cloud vision APIs against edge WASM

execution, evaluating latency, throughput, and
accuracy across 1,000 trials. Deployment: Deployed
as a client-side progressive web application that

operates universally across any device with a camera.

¥ Slgnl.ea) M Home 98 Dashbowrd (M iesn @ AlRecognize @) @ Quizzes A Progress [ Communicate @ @ ka2
£OTECH & 2
Express elf with to-text or speak aloud with instant text-to-speech
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Figure 10: Category-wise Tutorials Sign Learn: A Real-Time Edge Sign Recognition Platform
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Figure 11: Category-wise Tutorials Sign Learn: A Real-Time Edge Sign Recognition Platform
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VIII. EXPERIMENTAL RESULTS AND
BENCHMARK FINDINGS

Empirical experiments were conducted comparing the
initial cloud-based architecture against the proposed
edge-native Signlearn platform on standard consumer
laptop hardware (Intel Core i5-1135G7, 8GB RAM,
integrated graphics):

Table 2: The proposed edge-native SignLearn
platform on standard consumer laptop hardware
Cloud Vision

Performance API SignLearn Edge
Metric (Baseline) Engine (Ours)
. +4.
Frame . 1240 ms - 224 ms +4.1 ms
Processing (98.2%
180 ms .
Latency Reduction)
F . FP
rame 08 S| 446 FPS (Fluid
Processing (Unusable for .
. real-time)
Rate video)
Networ.k 12 MB / 0.0 KB / second
Bandwidth (Zero  network
. second
Consumption load)

Daily Query | 20 requests

Unlimited (Z
Limit Before | (HTTP 429 | Uniimited (Zero

Crash Quota Crash) restrictions)
ional
Operationa $0.0025 /| $0.00 (100%
Cloud
frame Free)
Compute Cost
Video 100% o

Data Privacy | streamed to

B Local
& Security 3rd party rowse'r oca
Processing
servers
Overall 88.4% 95.1%
- (Degraded by | (Consistent
Recognition
Accurac network across 1,000
Y drops) trials)

IX. CONCLUSION AND FUTURE SCOPE

The SignLearn platform presents a comprehensive and
intelligent approach to real-time sign language
recognition, kinematic motion tracking, and assistive
communication, integrating edge computer vision,
biomechanical joint kinematics, and speech synthesis
directly within client web browsers. By leveraging
Google MediaPipe Tasks Vision compiled to
WebAssembly with WebGL GPU acceleration,

1JIRT 209302

rotation-invariant 3D joint flexion angles, an 800ms
temporal motion buffer with direction-reversal
kinematics, and dual-hand spatial topology, SignLearn
overcomes the crippling latency, cost, and quota
bottlenecks of traditional cloud vision APIs. Operating
at 30 to 60 FPS with an average classification accuracy
of 95.1%, the platform demonstrates that assistive
edge computing offers an accessible, zero-cost, and
privacy-preserving bridge between the deaf and
hearing communities. Future Scope: Moving forward,
the research team aims to integrate lightweight on-
device Web-LLMs (such as Google Gemma compiled
to WebGPU) to translate non-linear ASL grammatical
glosses into grammatically fluent spoken English
sentences. Additionally, Spatial-Temporal Graph
Convolutional Networks (ST-GCN) will Dbe
investigated to enhance recognition under severe
multi-finger occlusions, accompanied by Progressive
Web App (PWA) packaging for offline mobile
installation.
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