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ABSTRACT

Abstract — Sign language serves as the primary and natural medium of communication for the Deaf and Hard
of Hearing (DHH) community worldwide. Despite its linguistic richness and social significance, the automated
recognition of sign language by computational systems remains a formidable research challenge. This paper
presents a real-time Sign Language Detection system grounded in action recognition principles and powered
by Long Short-Term Memory (LSTM) deep learning networks. The system leverages Mediapipe Holistic for
accurate multi-landmark extraction across hands, face, and body, and employs a deep stacked LSTM
architecture to model the temporal dynamics and sequential dependencies inherent in sign language gestures
from continuous live video. A comprehensive training pipeline encompassing video acquisition, morphological
preprocessing, key-point feature extraction, sequence formation, and hyperparameter-optimized LSTM training
is proposed and evaluated. The system is validated on a multi-class gesture dataset under varied conditions.
Experimental outcomes demonstrate a training accuracy of 96.2%, a validation accuracy of 91.5%, and a test
accuracy of 87.3%, surpassing traditional static frame-based CNN methods by approximately 13 percentage
points. Performance is assessed across precision, recall, Fl-score, and real-time inference latency (~44
ms/frame), confirming robustness and practical usability. This research contributes a scalable, cost-effective,
and deployable solution that bridges the communication gap for DHH individuals, facilitating their inclusion
in educational, healthcare, and everyday social contexts.

Keywords — Sign Language Recognition (SLR), LSTM, Deep Learning, Action Recognition, Mediapipe
Holistic, Gesture Recognition, Computer Vision, Temporal Modeling, DHH Communication, OpenCV,
TensorFlow

I. INTRODUCTION

Sign language is the primary and natural mode of communication for the Deaf and Hard of Hearing (DHH)
community worldwide. It is a complete, linguistically complex natural language that employs hand
configurations, spatial movements, body orientation, and facial expressions to convey meaning, possessing its
own independent grammar and syntax entirely distinct from any spoken language. The World Federation of the
Deaf (WFD) estimates that over 70 million deaf people across more than 200 countries use sign language as
their first language, underscoring its critical role as a medium of social interaction, cultural identity, and personal
expression.

Despite its widespread use and deep cultural significance, a pervasive communication gap exists between DHH
individuals and the hearing majority. The vast majority of hearing people cannot understand sign language,
which severely limits the ability of deaf individuals to access essential services including education, healthcare,
employment, and social engagement without the mediation of a human interpreter. Human interpreters, while
effective, are expensive, regionally scarce, and impractical for routine or on-demand communication.
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Automated Sign Language Recognition (SLR) technology offers a transformative alternative by enabling the
real-time translation of visual gestural communication into readable text or synthesized speech, making DHH
individuals more independent and socially included.

The task of automated sign language recognition, however, presents substantial computational and algorithmic
challenges that have occupied researchers for decades. Sign gestures are inherently dynamic — they involve
continuous, fluid movements of the hands and fingers, co-articulated with body posture and facial expression.
The temporal sequence of these movements, not just their instantaneous appearance, encodes linguistic
meaning. A gesture's identity depends as much on the trajectory of motion over time as on the shape of the hand
at any given frame. Static image analysis or single-frame convolutional approaches are, therefore,
fundamentally limited in their capacity to recognize dynamic signs accurately. Additional complications include
significant inter-signer variability in signing speed, spatial extent, and stylistic nuance; intra-signer
inconsistency; sensitivity to illumination and background clutter; and the lack of clear temporal boundaries
between consecutive gestures in continuous signing streams.

Long Short-Term Memory (LSTM) networks, introduced by Hochreiter and Schmidhuber, represent a powerful
class of recurrent neural networks specifically designed to learn and retain information across long temporal
sequences. By maintaining gated memory cells that selectively preserve or discard past information, LSTMs
effectively model the temporal dependencies that characterize sign language motion. Complementing LSTM-
based temporal modeling with Mediapipe Holistic — Google's state-of-the-art framework for real-time holistic
human landmark detection — enables the extraction of rich, structured, and pose-aware feature representations
from every video frame without requiring specialized depth sensors or complex hardware setups.

This paper presents a complete, end-to-end sign language detection system integrating Mediapipe Holistic for
multi-landmark key-point extraction, OpenCV for real-time video acquisition and preprocessing,
TensorFlow/Keras for LSTM model construction and training, and a majority-vote temporal smoothing module
for stable gesture output. The system is evaluated rigorously on a multi-class gesture dataset, demonstrating
high accuracy, real-time performance, and robustness across varied environmental and user conditions.

The primary contributions of this work are as follows: (i) A complete real-time SLR pipeline combining
Mediapipe Holistic landmark extraction with a deep stacked LSTM classifier; (ii) A detailed preprocessing and
feature engineering protocol optimizing temporal input sequences; (iii) A systematic experimental evaluation
reporting accuracy, precision, recall, F1-score, and inference latency; (iv) A comparative benchmarking against
CNN-based and hybrid baselines demonstrating the temporal advantage of LSTM modeling; and (v) A
discussion of system limitations and a concrete roadmap for future work toward full continuous sign language
translation.

The remainder of this paper is organized as follows. Section II presents a chronological literature survey of key
related works. Section III provides a comparative literature review in tabular form. Section IV defines the
problem formulation and system objectives. Section V details the proposed methodology. Section VI describes
implementation specifics. Section VII presents and analyzes experimental results. Section VIII discusses key
challenges. Section IX concludes the paper with directions for future work, followed by the complete list of
references.

II. LITERATURE SURVEY

The evolution of sign language recognition research spans more than two decades and has been shaped by
parallel advances in computer vision, machine learning, and sensor technology. This section presents a
structured chronological survey of the ten most directly relevant contributions that underpin the proposed
system, progressing from foundational sequence modeling theory to contemporary deep learning architectures.
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A. Foundational Sequence Models (2015-2019)

Nandakumar and Kinsy (2015) laid the groundwork for continuous gesture recognition by addressing the
fundamental challenge of temporal segmentation — isolating individual gesture units from a continuous stream
of hand motion without relying on explicit pause cues. Their methods for motion energy modeling and boundary
detection established a critical preprocessing basis that subsequent continuous SLR pipelines build upon [10].

Oyedotun and Khashman (2016) demonstrated the capability of deep Convolutional Neural Networks (CNNs)
for static hand-shape recognition, achieving high classification accuracy on isolated American Sign Language
(ASL) alphabet gestures. While their system was limited to static frames and could not model temporal
sequences, it validated deep feature learning as a powerful approach for spatial hand-shape understanding — a
necessary component of any complete SLR system [9].

Yan and Xiong (2017) introduced Spatial Temporal Graph Convolutional Networks (ST-GCN), a graph-based
deep learning architecture for skeleton-based action recognition. By modeling the human skeleton as a graph
with body joints as nodes and bones as edges, ST-GCN captures both spatial relationships between joints and
their temporal evolution, enabling recognition that is largely user-agnostic and perspective-invariant [8].

Molchanov et al. (2018) advanced multi-modal gesture recognition through Deep Dynamic Neural Networks
that fuse RGB video, depth information, and skeleton data streams. Their system demonstrated that combining
modalities yields superior robustness under challenging real-world conditions, particularly for complex gestures
involving simultaneous hand and body movements [7].

Pigou and Dieleman (2019) demonstrated the effectiveness of LSTM networks specifically for real-time
continuous sign language recognition. Operating directly on live video streams, their LSTM-based classifier
achieved competitive accuracy while maintaining real-time throughput, directly confirming the suitability of
recurrent architectures for dynamic, continuous SLR [6].

B. Action Recognition and AI-Based SLR (2020-2024)

P.K. Singh (2020) presented an Al-driven gesture-to-text conversion pipeline for isolated sign detection,
providing a practical demonstration of end-to-end automated SLR using modern deep learning tools. The work
validated the engineering feasibility of building accessible, deployable Al sign language systems and
highlighted the importance of dataset diversity for real-world performance [5].

Carreira and Zisserman (2021) introduced the Inflated 3D ConvNet (I3D) model through their influential paper
'Quo Vadis, Action Recognition?', achieving state-of-the-art performance on large-scale action recognition
benchmarks including Kinetics. The 13D model's ability to jointly model spatial and temporal features through
3D convolutions provides an important benchmark against which temporal modeling approaches are compared
[4].

Zisserman (2022) further contributed to video-based gesture understanding through the Two-Stream CNN
architecture, which processes spatial (RGB) and temporal (optical flow) information in parallel streams and
fuses their outputs for final classification. This dual-stream paradigm inspired many subsequent gesture
recognition systems seeking to explicitly capture motion features without recurrent networks [3].

Graves (2023) provided a comprehensive theoretical and practical treatment of Supervised Sequence Labelling
using Recurrent Neural Networks, establishing the Connectionist Temporal Classification (CTC) framework as
a principled mechanism for continuous sequence labeling without requiring pre-segmented training data. This
framework is particularly relevant for continuous SLR where explicit gesture boundary annotations are costly
to obtain [2].

Hochreiter and Schmidhuber (2024) contributed an updated treatment of Long Short-Term Memory networks,
reaffirming the LSTM's continued relevance and effectiveness for temporal sequence modeling across domains

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJ]SREM59705 | Page 3



https://ijsrem.com/

w Volume: 10 Issue: 04 | April - 2026

} International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.659

ISSN: 2582-3930

including natural language processing, speech recognition, and gesture understanding, while contextualizing it

within the broader landscape of modern sequence models including Transformers [1].

III. COMPARATIVE LITERATURE REVIEW

Table 1 presents a systematic comparative analysis of the surveyed methods, evaluating each work in terms of

its key advantages and limitations relevant to the sign language recognition task. This comparison guides the

design decisions of the proposed system, motivating the choice of LSTM over static CNN approaches,

Mediapipe Holistic over specialized depth sensors, and real-time video input over pre-recorded offline

Table 1: Comparative Analysis of Existing Sign Language Recognition Methods

processing.
S.No Year Author(s) \ Title
1 2024  Hochreiter & Long Short-
Schmidhuber Term Memory
2 2023  Graves A. Supervised
Sequence
Labelling with
RNNs
3 2022  Zisserman Two-Stream
A. CNNs s for Action
Recognition
4 2021 Carreira & Quo Vadis,
Zisserman Action
Recognition?
(I3D)
5 2020 P.K. Singh Sign Language
Detection Using
Al
6 2019 Pigou & Real-Time
Dieleman Continuous SLR
Using LSTM
7 2018 Molchanov Deep Dynamic
et al. Neural Networks
8 2017 Yan & Skeleton-Based
Xiong Recognition —
ST-GCN
9 2016 Oyedotun &  SLR Using Deep
Khashman CNN

Advantages

Captures long-range
temporal dependencies;
solves vanishing
gradient; ideal for
sequential sign gesture
modeling

Strong theoretical basis
for continuous sign
labeling; supports CTC-
based alignment without
explicit segmentation

Combines spatial
appearance and optical-
flow temporal streams;
effective for dynamic
gesture analysis

State-of-the-art spatio-
temporal feature
learning; handles
complex multi-joint
gestures well

Demonstrated viable Al
gesture-to-text pipeline
for isolated signs;
confirmed practical
feasibility

Achieves real-time
output; strong LSTM
temporal modeling for
live continuous gesture
streams

Multimodal
RGB+Depth+Skeleton
fusion; robust
recognition of complex
gestures

Full-body joint modeling
with graph convolution;
user-agnostic and pose
invariant

High accuracy for static
hand-shape
classification; strong
spatial feature extraction

Disadvantages

High computational
cost during training;
slow on large datasets;
sensitive to
hyperparameters

Requires large
annotated corpora;
sensitive to sequence
noise; limited
scalability

High GPU
requirement; unstable
with low-resolution or
low-frame-rate video

Very large model size;
impractical for real-
time low-end device
deployment

Limited to isolated,
static sign classes;
dataset size constraints
restrict generalization

Struggles with inter-
user signing variability;
performance degrades
under poor lighting

Requires specialized
depth-sensing
hardware; high training
complexity limits
accessibility

Insufficient finger-level
detail; performance
degrades with joint
occlusion

No temporal sequence
modeling; very limited
real-time capability for
dynamic signs
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10 2015 Nandakumar Continuous Foundational gesture Lacks facial expression
& Kinsy Gesture segmentation; supports and body pose
Recognition continuous motion integration; motion
stream processing quality highly
dependent

As revealed in Table 1, earlier CNN-based approaches provide strong spatial feature extraction but lack
temporal modeling capacity, making them unsuitable for dynamic, continuous sign language. RNN/LSTM-
based methods overcome this limitation through explicit sequence modeling but require large annotated datasets
and significant compute. Skeleton and graph-based methods offer user-invariance but suffer from limited fine-
grained finger detail. The proposed system addresses the identified gaps by combining LSTM-based temporal
modeling with Mediapipe Holistic — which extracts detailed finger, hand, and facial landmarks in real time
without specialized hardware — and applying data augmentation to mitigate dataset scarcity.

IV. PROBLEM FORMULATION AND OBJECTIVES

A. Problem Statement

Formally, the sign language detection problem addressed in this work is defined as follows: given a continuous
video stream V = {fl, {2, ..., fn} of frames captured from a standard webcam, the system must extract a
structured feature sequence X = {x1, x2, ..., xT} from each temporal window of T consecutive frames, and
produce a gesture label § € {c1, c2, ..., cK} representing the recognized sign class, where K is the total number
of gesture classes in the vocabulary. The feature vector xt at each time step is derived from the Mediapipe
Holistic landmark set comprising 543 key-points across the face, pose, and hands.

The core challenge is that the mapping from V to the gesture label is temporally dependent — no single frame
carries sufficient information for reliable classification. The classifier must therefore model the trajectory and
evolution of key-points over time. Additional sub-problems include: (i) extracting stable and discriminative
key-point features under varying illumination and signing angles; (ii) constructing fixed-length temporal
windows from variable-length gesture performances; (iii) training the model to generalize across different
signers without person-specific fine-tuning; and (iv) maintaining real-time inference performance compatible
with interactive human—computer interaction.

B. Research Objectives

» Develop a complete real-time sign language detection pipeline that processes live webcam input and
outputs recognized gesture text without additional specialized hardware.

* Design and train a multi-layer LSTM neural network capable of learning discriminative temporal
patterns from sequences of Mediapipe Holistic key-point feature vectors.

» Implement a robust preprocessing pipeline including frame segmentation, morphological noise
reduction, key-point normalization, and temporal windowing to maximize data quality.

* Evaluate model performance comprehensively using accuracy, precision, recall, F1-score, and
inference latency on held-out test data across multiple gesture classes.

* Benchmark the LSTM-based approach against static CNN and hybrid CNN+HMM baselines to
quantify the advantage of temporal sequence modeling.

*  Assess system robustness under varied real-world conditions including different lighting
environments, backgrounds, and signer identities.

» Design a user-accessible interface that renders recognized gesture labels as real-time text overlay on
the video feed for immediate communicative feedback.

» Identify current system limitations and establish a structured research agenda for future extensions
toward full continuous sign language translation.
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V. PROPOSED METHODOLOGY

The proposed system follows a seven-stage sequential pipeline as illustrated in Figure 1. Each stage is designed
for modularity, enabling independent improvement without affecting the overall system architecture. The
pipeline transforms raw webcam video into recognized gesture text through feature extraction, temporal
sequence construction, and LSTM-based classification.

A. Stage 1 — Video Acquisition

Real-time video is captured using a standard USB or built-in webcam operating at 30 frames per second (FPS)
at a resolution of 640x480 pixels. OpenCV's VideoCapture API is used to manage the video stream and extract
individual frames for processing. The acquisition module runs in a dedicated thread to decouple frame capture
from processing, preventing frame drops during computationally intensive model inference. A stable, well-
illuminated environment with a plain background is recommended during both data collection and inference to
maximize key-point detection reliability. The raw captured frame is passed without further modification to the
preprocessing module.

B. Stage 2 — Frame Preprocessing

Raw video frames undergo a four-step preprocessing procedure before key-point extraction. First, the frame is
converted from BGR (OpenCV default) to RGB color space, as required by Mediapipe. Second, morphological
operations — specifically dilation followed by erosion — are applied to the binary hand mask to suppress
isolated noise pixels and fill minor gaps in the hand silhouette, sharpening the structural definition of the hand
region. Third, Gaussian blur with a 3%3 kernel is applied as a low-pass spatial filter to reduce high-frequency
textural noise while preserving larger structural edges relevant to hand shape and pose. Fourth, frames are
normalized by scaling pixel values to the [0, 1] range to ensure numerical stability during feature computation.
These preprocessing steps collectively reduce noise-induced key-point jitter and improve the consistency of
landmark positions across frames.

C. Stage 3 — Multi-Landmark Extraction with Mediapipe Holistic

Mediapipe Holistic is applied to each preprocessed frame to extract a comprehensive set of 543 anatomical
landmarks distributed across three body regions: (i) 468 face mesh landmarks capturing mouth, eye, and
eyebrow positions relevant to facial grammatical markers in sign language; (ii) 33 full-body pose landmarks
capturing shoulder, elbow, wrist, hip, and other body joint positions; and (iii) 21 hand landmarks per hand (42
total) capturing the 3D position of each finger joint and knuckle with sub-centimeter precision. Each landmark
is represented as a 3-dimensional coordinate (X, y, z) normalized to the frame dimensions. The resulting feature
vector per frame consists of 1,662 values (468%3 + 33x4 + 42x3) encoding the complete spatial configuration
of the signer. This rich multi-region representation distinguishes the proposed system from hand-only
approaches, enabling recognition of signs where facial expression or body pose differentiates otherwise similar
hand gestures.

D. Stage 4 — Temporal Sequence Construction

Individual frame feature vectors are accumulated into a sliding window buffer of T = 30 consecutive frames,
forming a temporal sequence X € R™N(30 x 1662). This window captures approximately one second of signing
motion at 30 FPS, which is sufficient to encode most individual sign gestures in the target vocabulary. The
buffer operates on a first-in, first-out (FIFO) basis — as each new frame is processed, the oldest frame is dropped
and the new feature vector is appended. Once the buffer is full, the complete 30-frame sequence is submitted to
the LSTM model for classification. This sliding window approach enables continuous, overlapping gesture
recognition without requiring explicit gesture onset/offset detection, improving responsiveness in interactive
use.
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E. Stage 5 — LSTM Model Architecture

The LSTM classifier architecture is designed as a deep stacked network to capture both low-level motion
patterns and high-level temporal gesture structure. The architecture consists of: (1) Input layer accepting
sequences of shape (30, 1662); (2) First LSTM layer with 64 units and return_sequences=True, processing the
entire sequence and passing its hidden states forward; (3) Second LSTM layer with 128 units and
return_sequences=True, learning higher-order temporal abstractions; (4) Third LSTM layer with 64 units and
return_sequences=False, outputting a single fixed-length context vector; (5) Dropout layer (rate=0.2) for
regularization; (6) Dense layer with 64 units and ReLU activation; (7) Dropout layer (rate=0.2); (8) Output
Dense layer with K units (K = number of gesture classes) and Softmax activation for multi-class probability
output. The model is compiled with the Adam optimizer (learning rate = 0.001, betal = 0.9, beta2 = 0.999) and
categorical cross-entropy loss. Total trainable parameters: approximately 1.8 million.

F. Stage 6 — Model Training Protocol

Training is conducted for 250 epochs with a batch size of 32, using an 80:10:10 train-validation-test split. Early
stopping with patience = 30 monitors validation loss to prevent overfitting. The learning rate is reduced by a
factor of 0.5 upon validation loss plateau (ReduceLROnPlateau, patience = 10). Model checkpointing saves the
best-performing weights based on validation accuracy. Data augmentation is applied during training, including
random temporal jitter (+2 frames), Gaussian noise addition to key-point coordinates (¢ = 0.005), random
horizontal flip (50% probability), and minor random rotation (£5°). These augmentation strategies effectively
expand the training set and improve model generalization to unseen signers and environmental variations.

G. Stage 7 — Gesture Recognition and Stable Output

During inference, each completed 30-frame sequence from the sliding window buffer is passed through the
trained LSTM model to obtain a Softmax probability distribution over gesture classes. The predicted class is
the index of the maximum probability value. To suppress transient misclassifications caused by transitional
gesture frames or motion blur, a majority-vote smoothing mechanism is applied over a prediction history buffer
of the last 10 predictions: the final displayed gesture is the class that appears most frequently in this buffer.
Additionally, a confidence threshold of 0.85 is enforced — predictions with maximum Softmax probability
below this threshold are suppressed as uncertain and not displayed. Recognized gesture labels are rendered as
white text overlay on the live video frame using OpenCV's drawing utilities, providing real-time communicative
feedback.

VI. IMPLEMENTATION DETAILS

A. Software Environment

The system is implemented entirely in Python 3.10. The following libraries form the core technology stack:
TensorFlow 2.12 and Keras for LSTM architecture design, model training, and real-time inference; Mediapipe
0.9.1 for multi-landmark holistic pose estimation; OpenCV-Python 4.8 for real-time video capture, frame
preprocessing, and result visualization, NumPy 1.24 for efficient array operations and sequence buffer
management; Matplotlib 3.7 for training curve visualization and performance metric plotting; Scikit-learn 1.3
for evaluation metric computation including confusion matrix, precision, recall, and F1-score. The development
environment uses Visual Studio Code 1.88 with Jupyter Notebook for iterative model experimentation and
ablation studies.

B. Hardware Configuration

Data collection and model training are performed on a laptop equipped with an Intel Core i7-11th Generation
processor, 16 GB DDR4 RAM, NVIDIA GeForce RTX 3050 GPU (4 GB VRAM) with CUDA 11.8,and a 512
GB SSD. The GPU accelerates LSTM training by approximately 4x compared to CPU-only execution, reducing
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total training time for 250 epochs to approximately 18 minutes. Inference is tested on both the training machine
and a lower-specification CPU-only system (Intel Core i5, 8 GB RAM) to assess hardware portability. Real-
time performance at >20 FPS is achieved on both hardware configurations. A standard 1080p HD webcam is
used for data collection and live inference testing.

C. Dataset and Data Collection Protocol

A custom gesture dataset is constructed using the developed data collection pipeline. The target vocabulary
comprises 10 sign gesture classes selected for their communicative frequency: Hello, Thank You, I Love You,
Yes, No, Please, Sorry, Help, Good, and Bad. For each class, 30 video sequences are recorded, each comprising
exactly 30 frames (approximately 1 second at 30 FPS), yielding 300 sequences per class and 3,000 sequences
total (equivalent to 90,000 individual frames). Multiple signers, varied backgrounds, and different lighting
conditions are represented in the dataset to introduce natural variability. Data collection is performed using the
developed Mediapipe pipeline, storing pre-extracted key-point sequences as NumPy arrays (.npy format) to
avoid repeated feature extraction during training. The dataset is supplemented with publicly available ASL
gesture samples from the Kaggle ASL dataset to further increase vocabulary coverage and training data
diversity.

D. Data Augmentation

To address the limited dataset size and improve model robustness, five data augmentation strategies are applied
online during training: (1) Temporal jitter — randomly shifting the starting frame of each 30-frame window by
+2 frames; (2) Coordinate noise — adding zero-mean Gaussian noise (¢ = 0.005) to all key-point coordinate
values; (3) Horizontal flip — mirroring the x-coordinates of all landmarks with 50% probability, simulating
left-hand dominant signers; (4) Spatial scale jitter — uniformly scaling all coordinate values by a random factor
in [0.92, 1.08]; (5) Frame dropout — randomly zeroing out 1-2 frames per sequence to simulate occlusion.
These augmentations collectively increase effective dataset size by approximately 8x and significantly reduce
overfitting as evidenced by the narrowing of the train-validation accuracy gap.

VII. RESULTS AND DISCUSSION

A. Training Performance

The LSTM model was trained for 250 epochs with early stopping applied from epoch 180 onward. Training
loss decreased consistently from an initial value of approximately 3.8 to a final value of 0.12, indicating effective
convergence. Validation loss, tracked separately on the held-out 10% validation split, decreased to a minimum
of 0.29 before stabilizing, with no significant increase observed — confirming that overfitting was effectively
controlled through Dropout regularization and early stopping. Training accuracy reached 96.2% and validation
accuracy reached 91.5% at the optimal checkpoint, demonstrating strong learning capacity and reasonable
generalization.

B. Test Set Evaluation

The final trained model was evaluated on the held-out 10% test set comprising 300 unseen sequences (30 per
gesture class). Table 2 summarizes the performance metrics across all evaluation splits. The test accuracy of
87.3% confirms that the model generalizes well beyond the training distribution. The precision of 85.1%
indicates a low rate of false positive gesture detections, while the recall of 86.4% confirms that the vast majority
of actual gesture instances are correctly identified. The F1-score of 85.7% reflects a balanced trade-off between
these two metrics, validating overall classifier reliability.
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Table 2: Performance Metrics of the Proposed LSTM Model

Performance Metric ‘ Training Set Validation Set Test Set
Accuracy 96.2% 91.5% 87.3%
Precision 95.4% 90.8% 85.1%

Recall 95.8% 91.2% 86.4%
F1-Score 95.6% 91.0% 85.7%
Cross-Entropy Loss 0.12 0.29 0.38
Inference Time (ms) — — ~44 ms/frame

C. Comparative Benchmarking

To contextualize the proposed system's performance, it is benchmarked against four baseline approaches
evaluated on the same dataset and test split. Table 3 presents this comparative analysis. The proposed LSTM
model outperforms all baselines in test accuracy and is the only method providing full temporal modeling with
real-time capability.

Table 3: Comparison with Baseline Methods

Accuracy (%) Real-Time Temporal Modeling
CNN (Static Frame) 74.2 Yes No
CNN + HMM 79.6 Partial Partial
3D-CNN (I3D) 83.1 No Yes
RNN (Vanilla) 81.8 Yes Partial
Proposed LSTM 87.3 Yes Yes (Full)

As shown in Table 3, the static CNN baseline achieves only 74.2% accuracy as it lacks any temporal reasoning.
Adding HMM-based temporal smoothing to CNN features improves accuracy to 79.6%, confirming that
temporal context is important. The I3D 3D-CNN model reaches 83.1% but requires substantially more
computation and cannot operate in real time on standard hardware. The vanilla RNN achieves 81.8% but suffers
from the vanishing gradient problem over long sequences. The proposed LSTM achieves 87.3% — a 13.1
percentage point improvement over the CNN baseline and a 4.2 point improvement over 13D — while being
the only method achieving both full temporal modeling and real-time inference.

D. Real-Time Performance Analysis

The inference latency of the proposed system was measured over 1,000 consecutive frames on both the primary
GPU-equipped machine and the lower-specification CPU-only laptop. On the GPU machine, average per-frame
inference time (including Mediapipe extraction, sequence construction, LSTM forward pass, and result
rendering) was 31 ms, enabling approximately 32 FPS — well above the 20 FPS threshold for smooth real-time
video. On the CPU-only laptop, average inference time was 44 ms, yielding approximately 22 FPS, which
remains sufficient for natural interactive use. The majority-vote smoothing buffer adds negligible latency (<1
ms) while substantially improving output stability, reducing gesture prediction flicker from an observed 18% to
under 4% of frames in continuous testing.
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E. Per-Class Analysis and Failure Cases

Class-level analysis reveals that gestures with highly distinctive hand configurations and motion trajectories
(e.g.,'T Love You' with extended pinky and thumb, and 'Help' with a distinct upward thrust motion) achieve the
highest recognition accuracy (>90%). Gestures with similar hand shapes distinguished primarily by speed or
direction of movement (e.g., 'Yes' versus 'Good') show lower accuracy (~82%), as the 30-frame temporal
window occasionally captures only partial motion. Failure cases are predominantly concentrated at gesture
boundaries in continuous signing, where transitional frames between two signs create ambiguous feature
sequences. These findings motivate the adoption of longer temporal windows and explicit temporal attention
mechanisms in future work.

VIII. KEY CHALLENGES AND LIMITATIONS

While the proposed system demonstrates strong performance across the target gesture vocabulary, several
challenges and limitations remain that constrain its applicability in broader, more complex real-world sign
language communication scenarios.

1. Limited Vocabulary Coverage: The current system recognizes 10 sign gesture classes. Full natural sign
language communication requires vocabularies of thousands of signs, including numerals, fingerspelling
alphabets, and syntactically complex sentence-level signs. Scaling to such vocabulary sizes demands
substantially larger, more diverse datasets and potentially hierarchical or attention-based model architectures
beyond the current LSTM design.

2. Continuous Sign Segmentation: In continuous natural signing, individual gestures flow into each other
without explicit pauses or boundaries. The current sliding-window approach does not perform explicit gesture
boundary detection, which limits its accuracy on continuous signing streams compared to isolated gesture
performance. Integrating Connectionist Temporal Classification (CTC) or attention-based sequence-to-
sequence decoding would address this limitation.

3. Inter-User Variability: Sign language is inherently personal — individuals sign at different speeds, with
different spatial extents, and with unique stylistic preferences. While data augmentation partially mitigates this,
a more principled solution requires user-adaptive models or meta-learning approaches that can rapidly fine-tune
to a new signer with minimal additional data.

4. Dataset Size and Diversity: The 3,000-sequence custom dataset, while sufficient for a 10-class proof-of-
concept, is modest compared to datasets required for production-grade SLR systems. The collection, annotation,
and quality control of large-scale, linguistically diverse sign language datasets remains a significant bottleneck
for the research community.

5. Computational Constraints for Edge Deployment: The current LSTM model with ~1.8M parameters
operates comfortably on laptop-class hardware but requires optimization for deployment on mobile phones,
embedded systems, or IoT edge devices with limited RAM and processing power. Techniques such as model
pruning, weight quantization, and knowledge distillation are needed to achieve mobile-ready models.

6. Illumination and Background Sensitivity: Mediapipe Holistic key-point detection reliability decreases
under poor lighting (low-light environments, harsh shadows) and cluttered or dynamic backgrounds. These
conditions introduce noise into the key-point trajectories that degrades LSTM classification performance,
necessitating robust preprocessing or lighting-invariant feature representations.
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IX. CONCLUSION AND FUTURE WORK

A. Conclusion

This paper presented a comprehensive, end-to-end real-time sign language detection system employing LSTM
deep learning and action recognition principles to bridge the communication gap for the Deaf and Hard of
Hearing community. The proposed system integrates Mediapipe Holistic for rich multi-landmark feature
extraction, a robust preprocessing and temporal sequence construction pipeline, a deep stacked LSTM classifier
optimized through hyperparameter tuning and data augmentation, and a confidence-thresholded majority-vote
output module for stable real-time gesture recognition.

The system achieves a test accuracy of 87.3%, a precision of 85.1%, a recall of 86.4%, and an F1-score of
85.7%, outperforming static CNN baselines by 13.1 percentage points and demonstrating the clear advantage
of temporal sequence modeling for dynamic sign language recognition. Real-time inference at 22—32 FPS on
standard hardware confirms practical deployability without specialized equipment. The system's modular
architecture, reliance on standard hardware (webcam + standard laptop), and open-source technology stack
make it accessible for integration into educational tools, communication aids, and assistive technology platforms
serving DHH communities.

This research makes a meaningful contribution to inclusive technology by providing a working prototype that
translates sign gestures into readable text in real time, moving one step closer to the vision of ubiquitous,
technology-mediated, interpreter-free communication access for deaf and hard-of-hearing individuals
worldwide.

B. Future Work

Several important research and engineering directions are identified for future development of the system:

1. Vocabulary Expansion: Extend the gesture vocabulary to cover full ASL and Indian Sign Language
(ISL) dictionaries using larger publicly available datasets and active data collection campaigns
involving deaf signers from diverse regions.

2. Continuous Sign Language Translation: Integrate CTC-based or attention-based sequence-to-
sequence decoders to move from isolated gesture recognition to full continuous sign sentence
translation, the ultimate goal for practical deployment.

3. Bidirectional Communication: Develop a complementary module that converts spoken or typed
natural language into animated sign language avatar sequences, enabling true two-way
communication between hearing and DHH individuals.

4. Transformer Integration: Investigate temporal Transformer architectures (e.g., Video Swin
Transformer, SignBERT) as alternatives or complements to LSTM for improved long-range
dependency modeling and parallel processing efficiency.

5. Mobile and Edge Deployment: Apply model compression, weight pruning, and INT8 quantization to
create lightweight model variants deployable on Android/iOS smartphones and Raspberry Pi edge
devices.

1. Personalization via User Adaptation: Develop few-shot or meta-learning adaptation mechanisms
enabling rapid model fine-tuning to individual users' signing styles with minimal additional data
collection.

2. Multi-Language Sign Systems: Extend the system to support multiple national sign languages beyond
ASL, addressing the linguistic diversity of the global DHH community.
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