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Abstract

This study focused on improving Recurrent Neural Network (RNN) algorithms to recognize American Sign
Language (ASL) alphabets to better hand segmentation, feature extraction, and time modeling to obtain better
accuracy and robustness in the real-time recognition. An experimental research design was employed using 260
video samples representing all 26 ASL letters under both ideal and challenging environmental conditions. The
enhanced model integrates MediaPipe-based hand detection with adaptive preprocessing, multimodal feature
extraction combining 3D landmarks and engineered articulation features (99-dimensional vectors), and adaptive
temporal modeling using extended sequence buffering and prediction smoothing. Dual-stream neural
architecture takes visual and numerical data of landmarks and processes them before being classified through
LSTM layers and softmax output. The improved system achieved an overall accuracy of 97.70% and a mean
confidence of 91.45%, which is 38.85 percentage points higher than the baseline model. Accuracy in
challenging conditions was significantly improved, with a degradation rate of only 1.60% compared to 8.50% in
the baseline. The recognition of visually similar letters reached 98% accuracy, while dynamic letters J and Z
achieved relative improvements of 160% and 126%, respectively. The current research study is limited to the
recognition of ASL alphabets (A-Z) in controlled experimental conditions. Future research may extend the
system to full-word recognition and real-world deployment scenarios.
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1. Introduction

The recent intensive development of artificial intelligence (Al) and deep learning has
significantly changed the field of Human-Computer Interaction (HCI), specifically the field
of gesture-based communication systems. Modern studies show that such technologies can
enable more sophisticated and attentive interfaces, which further increase their engagement
and interaction fidelity (Goodfellow et al., 2016; LeCun et al., 2015). Recurrent Neural
Networks (RNNs) are one of the varied deep learning structures that demonstrate significant
effectiveness during the process of sequential data modelling and it can be explained through
the fact that RNNs have the inherent ability to maintain temporal associations among the
input streams. This feature makes RNN-modeled systems particularly best adapted to gesture
recognition systems in which the spatiotemporal dynamics of movement are critical. These
models are very important in the particular field of sign language recognition where visual
movement of hands are translated into semantically meaningful linguistic representations.
Human-Computer Interaction research emphasizes that natural user interfaces, such as hand
gestures, provide intuitive and efficient communication between humans and machines. As
such, integrating deep learning with gesture recognition technologies presents promising
opportunities for accessibility-focused innovations.

The Sign-language recognition systems represent a critical line of improving the
accessibility of communication to deaf or hearing-impaired persons. The World Health
Organization (WHO, 2021) reports that over 1.5 billion people worldwide experience some
degree of hearing loss, underscoring the critical need for inclusive and accessible
technological interventions. One of the most widespread sign languages, the American Sign
Language (ASL), represents a system of meaning encoding via advanced arrangements of the
hand, fingers movements and motion in space. However, automatic recognition of ASL is
still a daunting task, which can be explained by inter-, and intra-subject variation that comes
due to the situation with the lighting conditions, background clutter, hand position, and the
speed of a signer. These environmental and behavioral factors directly affect key research
variables such as hand segmentation accuracy, feature extraction granularity, and temporal
modeling effectiveness.

Existing RNN-based ASL recognition systems often depend on 2D image features or
limited keypoint representations, which restrict their ability to distinguish visually similar

letters such as A, E, M, N, S, and T. Furthermore, rigid temporal modeling techniques using
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fixed-length frame sampling frequently fail to capture the natural timing of dynamic letters
such as J and Z. Many prior studies report satisfactory accuracy under controlled laboratory
conditions but demonstrate significant performance degradation in real-world environments
(Abiyev et al., 2020; Saleh & Issa, 2020; Prakash et al., 2020). The observation defines an
acute gap in the literature on the creation of hearty multi-modal feature representations and
adaptive temporal modelling schemes capable of enduring high recognition accuracy under
problematic conditions. Addressing this gap is essential to improve the reliability and
practical deployment of sign language recognition systems.

The purpose of this study is to enhance RNN algorithms for ASL alphabet
recognition by improving three critical components: robust hand detection and segmentation,
high-resolution 3D feature extraction, and adaptive temporal modeling. This paper used
MediaPipe-based three-dimensional landmark detection, designed articulation features, and a
long sequence buffering scheme with prediction smoothing to improve the overall
classification accuracy and confidence of the real-time applications. The significance of this
research is supported by the fact that it helped in the creation of assistive capabilities, the
designing of education tools to be used by the American Sign Language learners and the
evolution of inclusive communication systems. The polished model sets performance
standards that are higher in the alphabet-level recognition of ASL and provides a scaffold,
which can be scaled in future to a word-level recognition and sentence-level recognition
tasks.

This study aims to create strong hand segmentation schemes maintaining a high
degree of accuracy in cluttered environments and changing light conditions, get improved
multimodal feature extraction schemes, which can be used to discriminate visually similar
ASL characters through 3D spatial encoding and the design of articulation descriptors, and
design adaptive temporal modelling schemes allowing maintenance of the natural cadence of

gestures and improve the recognition of motion-based characters.

2. Literature Review

2.1 Recurrent Neural Networks in Gesture Recognition

New developments in the field of deep learning have greatly enhanced gesture and
sign language recognition by utilizing sequential structures, in terms of RNNs, Long Short-
Term Memory (LSTM) units, and Gated Recurrent Units (GRUSs) and so on. Prakash et al.
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(2020) have provided evidence of how the combination of Convolutional Neural Networks
(CNNs) and RNN models can be utilized with the aim of improving the recognition of
gestures due to the simultaneous consideration of both spatial and temporal cues. On the
same note, Rivera-Acosta et al. (2021) developed a real-time ASL-to-translation system that
uses a YOLO network with LSTM layers with better temporal consistency in the predictions.
More recently, Miah et al. (2024) provided a more detailed focus on pointing out that large
scale datasets using graph-based deep neural networks perform better than traditional RNN-
only systems, especially when it comes to the modeling of motion dynamics. However, even
with these developments, a significant number of RNN-based models still do not demonstrate
good results with visually related hand configurations and environmental changes, hence
highlighting the necessity to develop improved multimodal feature encoding and flexible
modelling controls.

2.2 Hand Detection and Multimodal Feature Extraction

Proper hand recognition and effective feature extractor are the main directions of the
ASL recognition systems. Shin et al. (2021) derived the coordinates of the hand joints in
three dimensions, which have better classification of ASL alphabets, showing that
discrimination of similar signs is better with the help of spatial encoding of depth
information. Saleh and Issa (2020) then demonstrated that overfitting and model
generalization of deep neural networks are suppressed and enhanced by data augmentation
and fine-tuning of the models when applied to sign language data. In another study, Akdag
and Baykan (2024) investigated the use of the feature fusion to improve the performance in
signer-independent recognition, and they found that a combination of the geometric and
visual features enhances the recognition ability in different environmental factors. Further,
Cayme et al. (2024) used multimodal feature extraction by combining CNN with LSTM
networks to recognize Filipino Sign Language and claim that multimodal feature extraction is
much more effective than single-stream architectures. These results also highlight the
importance of using 3D landmark-based engineered characteristics in conjunction with visual
data in distinguishing the minor articulation variations in ASL alphabets.

2.3 Temporal Modeling and Dynamic Gesture Recognition

Dynamic ASL characters like J and Z require specific time modeling other than the
frame-based analysis. In their dataset, Abiyev et al. (2020) did not include motion-based
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letters because they were limited to modeling the static postures, which explains how
challenging it is to deal with dynamic postures. Vyavahare et al. (2023) overcame this
weakness by implementing the LSTM networks that could learn sequential sign-language
data time dependencies, thus resulting in a high-quality recognition of motion-based gestures.
The recognition methods proposed by Zhang et al. (2024) rely on event-based sign-language
recognition methods that encode the fine-grained motions, thus showing that a better
temporal resolution can greatly improve the recognition rates even when the motion is
blurred. Pathan et al. (2023) suggested using multi-headed convolutional neural networks
along with landmark fusion methodology, with a strong focus on the continuity of timing and
movement. All these studies point out that adaptive temporal buffering, smoothing methods,
and multimodal sequence processing also play important roles in enhancing the accuracy of
recognition in dynamic gestures of ASL.

2.4 Deep Learning Frameworks and Real-Time Sign Language Systems

The integration of deep learning frameworks into sign language recognition has
accelerated the development of real-time systems capable of operating outside laboratory
environments. MediaPipe, developed by Google and introduced by Lugaresi et al. (2019), has
emerged as a prominent tool for real-time hand landmark detection, providing 21 three-
dimensional keypoints at high frame rates with minimal computational overhead. This
framework has become foundational in recent ASL recognition pipelines due to its
robustness and availability as an open-source solution. Bantupalli and Xie (2018)
demonstrated that combining MediaPipe-style keypoint extraction with deep convolutional
networks vyields strong baseline accuracy for isolated ASL letter recognition, while
acknowledging that dynamic letters and challenging environments remain areas of
improvement.

The LSTM networks, originally proposed by Hochreiter and Schmidhuber (1997),
have become the de facto standard for temporal sequence modeling in gesture recognition.
Their gating mechanisms overcome the vanishing gradient problem inherent in traditional
RNNs, enabling the capture of long-range temporal dependencies that are critical for
recognizing dynamic signs such as J and Z in ASL. Pigou et al. (2018) extended this
framework by combining temporal pooling with recurrent convolutions, showing that hybrid
temporal architectures outperform either approach alone in video-based gesture recognition.
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Similarly, Chen et al. (2017) demonstrated that motion feature augmentation within recurrent
networks significantly enhances recognition accuracy for skeleton-based dynamic hand
gestures, which directly informs the adaptive temporal modeling approach adopted in this
study.

Broader reviews of the sign language recognition literature highlight persistent
challenges in signer-independent generalization and multi-environment robustness.
Wadhawan and Kumar (2021) conducted a comprehensive decade-long systematic review of
sign language recognition systems, identifying feature engineering quality and dataset
diversity as the two most critical factors determining system performance. Cheok et al.
(2019) similarly noted that the transition from controlled laboratory testing to real-world
deployment consistently exposes weaknesses in both feature representation and temporal
modeling. These findings reinforce the motivation for the current study’s focus on
multimodal 3D feature extraction and adaptive sequence processing as the primary

mechanisms for improving practical deployment viability.

3. Methodology

3.1 Research Design

The research design of this study was a quantitative research that employs
descriptive-experimental research. The characteristics of the performance and usability of the
gesture recognition system were observed by the descriptive part and the effectiveness and
accuracy of the proposed system were tested in the experimental one, under the controlled
conditions.

The quantitative design was the right study design since the research was focused on
measuring system performance in terms of numerical data including accuracy rate, response
time, and error rate. The experimental design made it possible to test the gesture recognition
model in predetermined conditions in a systematic way in order to identify its efficiency and
reliability.

The research followed these main stages: System development and model training;
Pilot testing and refinement; Experimental testing with participants; Data collection and
performance measurement; and Statistical analysis and interpretation. This design ensured

objective evaluation and minimized researcher bias.
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3.2 Participants of the Study

This study did not involve formally recruited participants or large-scale human
sampling. Instead, system evaluation and testing were conducted by the researchers
themselves, with additional validation testing performed using one child subject to determine
whether the system could generalize to smaller hand structures.

The main aim of the testing phase was to test the technical performance of the
improved RNN-based ASL alphabet recognition system when tested under controlled
conditions. However, as the study aims at the improvement of algorithms and the efficiency
of systems but not the analysis of the human behavior, there was no need to engage a large
number of participants. The system was tested using: researcher 1 (adult), researcher 2
(adult), and one child tester to validate adaptability to smaller hand sizes. Inclusion of a child
tester was done to make sure that the system was capable of detecting and categorizing
gestures of smaller hands. The findings proved that the improved system managed to identify
gestures of both adult and child hand sizes, which is evidence of flexibility and resilience of
the hands detection and feature extraction pipeline.

The research design is experimental and system-oriented rather than participant-
oriented. The main objective is to improve and evaluate algorithmic performance using
controlled video samples and system-generated accuracy metrics. Therefore, no statistical
sampling technique was required and no demographic analysis was necessary. Performance
evaluation was based on system accuracy, confidence scores, and environmental testing
conditions. The evaluated dataset included 260 video samples, which comprised of all 26
ASL alphabet letters in both the ideal and challenging conditions. These samples were the

main foundation of quantitative performance measurement.

3.3 Instrumentation and Data Gathering Process

The main tool of the data collection process was the original Python-written data
collection app created by the researchers, including the use of OpenCV (cv2) version 4.5 or
later to capture videos and manipulate them, MediaPipe Hands to extract hand landmarks in
3D in real-time, NumPy to compute features in an array, and TensorFlow/Keras to infer the
model. A typical RGB webcam with a minimum of 1280x720 pixel resolution and at least 30
frames per second frame rate were used as the hardware input device which was connected

via USB 3.0 to ensure stable video streaming. The computing system was suitable enough
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with the lowest specifications of a quad-core processor with 2.5 GHz or more, 8 GB of
RAM, and an NVIDIA graphics card equipped with CUDA to support deep learning
inference with acceleration.

Data collection proceeded in two phases: training data collection and evaluation data
collection. In the training stage, the signer repeated each of 26 ASL letters representing
alphabets as he was doing it and the data collection application recorded video frame
sequences. 200 sequences of each letter were collected with each sequence being 10
consecutive frames. In order to measure variability in hand orientation, we used both right-
hand and left-hand presentations, and normalized all the samples with the transformation x =
1.0 - x to bring all the samples to a right hand geometry. Frames were captured from the live
video stream at 1280x720 pixel resolution, converted from BGR to RGB for MediaPipe
processing, and cropped to the detected hand region with a £30-pixel adaptive margin around
the bounding box derived from the 21 3D MediaPipe landmarks.

For each frame within a sequence, two types of data were extracted and stored. First,
a 224x224 pixel enhanced skeleton image was produced by blending the cropped hand image
(60% weight) with a skeleton overlay (40% weight) that highlighted hand connections, the
thumb tip, fingertip landmarks, and proximal interphalangeal (PIP) joints in distinct colors.
Second, a 99-dimensional numerical feature vector was computed, composed of 63 features
from the raw X, y, and z coordinates of all 21 MediaPipe hand landmarks and 36 specialized
articulation features capturing thumb-to-fingertip distances, thumb positional flags relative to
inter-finger spaces, finger curl ratios, folding ratios, inter-finger gap measurements, and
overall hand compactness. Each 10-frame sequence was saved as a compressed .npz file
containing both the image array (shape: 10x224x224x3) and the landmark array (shape:
10x99).

To test in the evaluation stage, 260 individual test video samples (10 samples per
letter) were captured with the same hardware and software configuration but in two
conditions namely ideal (clean background, good lighting) and challenging (cluttered
background, poor or inconsistent lighting). These test samples were also maintained at a high
level of separation with the training data and to avoid data leakage. All the samples were
taken through the existing and improved models sequentially and the predicted class label

and confidence score were recorded against every prediction.
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3.4 Data Analysis

The analysis of the data was done at both the model training level and the evaluation
level. In training, the 5200 labeled sequences dataset was divided into training (80%) and
validation (20%) subsets with stratified random sampling with a fixed random state
(RANDOM_STATE = 42) to guarantee the reproducibility of the training results. The model
was an up to 50 epoch neural network with a batch size of 16 that was trained using the
TensorFlow/Keras framework. Measures of training loss, validation loss, training accuracy,
and validation accuracy at every epoch were used as indicators of training progress.
Premature termination and model checkpointing were used to store the model weights with
the best performance and prevent overfitting. This was ensured by the distribution of samples
in every class of letters before training to make sure that there was an equal amount of
representation in all classes of 26 alphabet in ASL.

In the case of the evaluation stage, four main metrics were used to evaluate the
performance. The total accuracy was calculated as the percentage of the correct classification
of test samples in both environmental conditions and in all 26 letters. The per-letter accuracy
was calculated on an individual basis per letter within an ASL alphabet in order to mark out
letters that were constantly misclassified. Mean confidence was calculated as the average of
the softmax output probability of the correct classification of the prediction of the class of the
sample. The rate of environmental degradation was calculated as the difference in absolute
percentage points of accuracy of ideal condition samples and challenging condition samples
with respect to each model, which is a direct measure of robustness.

They were compared by direct comparison of the performance measures of the
enhanced model to the existing model in three analytically defined subgroups: (1) over-all
and condition-specific accuracy (addressing hand segmentation), (2) per-letter accuracy in
visually similar fist-based letter groups A, E, M, N, S, and T (addressing feature extraction),
and (3) accuracy in dynamic motion letters J and Z (addressing temporal modeling). The
magnitude of improvements was measured by calculating the percentage point improvements
and relative percentage change values. The confidence in the prediction was also examined
where three levels of confidence were considered; high confidence (more than 80%),
medium confidence (60%-80%), and low confidence (less than 60%) and the number of

predictions in each level was compared between the two models. The entire analysis was
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done in a programmatic way using Python and NumPy to do numerical calculations and

aggregate various data.

3.5 Research Ethics

In spite of the fact that this study mainly deals with an algorithm development study,
there was minimal human involvement in the research conduct through limited human
participation in the form of gestures in data collection. In this regard, pertinent ethical values
were followed during the research.

In terms of sanctioning the actions of the study, the study was presented to the thesis
adviser and institutional panel of examiners of the College of Information Systems and
Technology Management, as per the academic demands of the degree course. Ethical
approval was obtained through the institutional review and advisory approval before data
collection started.

As far as informed consent and voluntary participation are concerned, the person who
did the ASL gestures on data collection was aware of what the study was all about, the type
of data that was going to be collected, and the way the data would be used. The involvement
was completely voluntary and the participant had the right to pull out of data collection
process at any given time without penalty. No forceful and rewarding recruitment strategies
were used.

In regard to safety and well-being of participants, data collection process did not put
the participant at physical, psychological, or social risk. The tasks were restricted to the
standard ASL hand gesture practicing and in the presence of a camera in a comfortable and
non-stressful environment. Proper rest periods when participants were not under physical
damage were also given between the sessions and comfort and wellbeing of the participant
were also placed on high priority during the process.

In terms of confidentiality and data security, all the acquired video sequences and
related feature data were compressed into a single password-controlled local storage in the
form of a compressed file named.npz, available only to those members of the research team.
The process of data collection did not include any personally identifiable data, considering
that the data collection system did not record the face, name, or any other biographical
characteristics of the participant, and only recorded images of the hand region and landmark
coordinates. Only the purposes of training and evaluating the ASL recognition model was
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applicable to the usage of the data, which was not distributed or disclosed to the third parties
without a clear consent. All the raw data were stored according to the relevant institutional

policies and data retention policies after the study is completed.

4. Findings and Discussion

This part contains the findings on the comparison of the current and improved RNN
models in terms of all three research objectives. These tests were done on 260 samples of test
videos, 10 samples per letter in all 26 signs of the ASL alphabet, split into ideal and difficult
environmental conditions. Findings are systematized into four comparative tables that deal
with the overall system performance, hand segmentation robustness, feature extraction
efficacy regarding letters visually similar, and adaptive temporal modeling regarding letter
dynamics.

Table 1 shows the overall performance of both the current and the improved models
based on the entire evaluation dataset that is a summary of the overall improvements brought

by the improved system.

Table 1
Overall performance summary of the existing and enhanced RNN models

Metric Enhanced model Existing model Difference
Overall accuracy 97.70% 58.85% +38.85%
Average confidence 91.45% 67.35% +24.10%
High-confidence predictions (>80%) 93.50% 40.00% +53.50%
Letters with 100% accuracy 47/52 (90.4%) 26/52 (50.0%) +40.40%
Accuracy on challenging conditions 96.90% 54.60% +42.30%

Legend: All values expressed as percentages (%). Difference values indicate percentage point improvement of

the enhanced model over the existing model. Source: Authors’ computation.

Table 1 gives an elaborate comparison of key performance indicators of the current
and improved models. The findings show that the improved system displayed an overall
accuracy of 97.70%, a 38.85 percentage point improvement over the current model at
58.85%. The mean classification confidence went up by 24.10 percentage points, as it went
up to 91.45% against 67.35%, with high-confidence predictions (more than 80%) nearly
doubling from 40.00% to 93.50%. The number of letters that achieved 100 percent accuracy
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increased significantly from 50.0% to 90.4%. Importantly, the accuracy in challenging
environmental conditions was raised to 96.90%, a 42.30 percentage point gain over the
existing model’s 54.60%, which demonstrates the increased practical stability of the
improved system. Collectively, these statistics affirm that the improved model represents a
substantial and comprehensive improvement over the baseline and justifies the overall study
goal.

Table 2 further breaks down the performance based on the environmental condition to
demonstrate the performance in terms of solid hand segmentation. The most important step

taken is the rate of degradation- the decreases in accuracy with a shift to adverse conditions.

Table 2
Accuracy by environmental condition and degradation rate of the existing and enhanced models

Condition Enhanced model Existing model Performance drop
accuracy accuracy
Ideal conditions 98.50% 63.10% N/A
Challenging conditions 96.90% 54.60% N/A
Degradation (ideal — challenging) -1.60% -8.50% +6.90% improvement

Legend: Degradation = absolute percentage point drop in accuracy between ideal and challenging conditions.

N/A = not applicable as a standalone comparison. Source: Authors’ computation.

The result confirms the effect of the MediaPipe-based adaptive preprocessing on
environmental robustness. Although both models are also best considered in ideal conditions,
the difference between the rate of degradation is also quite impressive. The improved model
loses only 1.60 percentage points in passing to the challenging conditions as compared to a
loss of 8.50 percentage points in the current model- which is a 6.90 percentage point change
in the environmental stability. This almost minimal degradation validates that the adaptive
preprocessing pipeline, such as landmark guided bounding box extraction and confidence-
threshold filtering is effectively countering the disruptive influences of the background
clutter and varying lighting. The result corresponds to previous studies by Akdag and Baykan
(2024) who have proven the effectiveness of strong feature fusion strategies in the stability of
performance in the situations of environmental variability.

The third table shows the accuracy of each group of letter (first is fist-based letter
group A, E, M, N, S, T) and the general statistics of the letter classification, in other words,

the consideration on the improved feature extraction.
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Table 3

Feature extraction performance for visually similar and overall letter classification

Performance metric Enhanced model  Existing model Difference
Letters with 100% accuracy 24/26 (92.3%) 15/26 (57.7%) +34.6%
Letters with <60% accuracy 0/26 (0%) 9/26 (34.6%) +100%
Fist-based similar letters (A, E, M, N, S, T) 98% 45% +117.8% (relative)
accuracy

Legend: All accuracy values expressed as percentages (%). Relative difference for the fist-based letter group

computed as (enhanced — existing) / existing X 100. Source: Authors’ computation.

Table 3 shows how the multimodal 99-dimensional feature extraction is effective in
the process of distinguishing visually similar ASL letters. The improved model was correct in
100 percent of 24 of 26 letters (92.3 percent) compared to 15 of 26 (57.7 percent) with the
current model. What was more telling perhaps was that the whole process of removing
poorly recognized letters was complete and the current model had nine letters (34.6) at or
below 60-percent accuracy, which is a threshold of near-random classification in binary
choices. This is more so among the fist-based letter group (A, E, M, N, S, T), which
increased accuracy by 117.8 percent (45 to 98-117.8) percent. This finding is a direct
confirmation of the usefulness of the 36 specialized thumb and fist discrimination features
that represented subtle articulation variations in the thumb position, curl ratios, and inter-
finger gaps but could not have been represented by 2D image features alone. These results
are in line with Shin et al. (2021), who have determined that 3D spatial encoding of hand

landmarks enhances discrimination of similar ASL signs.

Table 4

Adaptive temporal modeling performance for dynamic ASL letters J and Z.

Letter Enhanced model Existing model Relative

accuracy accuracy improvement
Letter J 91% 35% +160%
Letter Z 93% 41% +126%
Overall dynamic letters (J & Z combined) 92% 38% +142%

Legend: All accuracy values expressed as percentages (%). Relative improvement = (enhanced — existing) /

existing x 100. Source: Authors’ computation.
Table 4 evaluated the model accuracy with reference to the two dynamic motion

letters, J and Z, that involve the recognition of continuous motion, not of a fixed hand
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position. It captures the most transformative findings of the experiment with 160 and 126
percent relative accuracy gains of letter J and Z respectively with the improved model. The
accuracy of 35% of J and 41% of Z in the current model is consistent with the limitations
previously described by Abiyev et al. (2020) and Pathan et al. (2023), where both J and Z
were excluded from evaluation setups due to the constraints of fixed-frame sampling. The
enhanced model’s 91% and 93% accuracy for these letters confirms that the dual deque
buffer (maxlen=10), automatic buffer clearing upon loss of hand tracking, and majority-
voting prediction smoothing collectively succeed in capturing the directional motion
trajectories that define these gestures. The 142% overall improvement for combined motion
letters validates the third objective and establishes that flexible temporal sequence processing
is both necessary and sufficient for practical dynamic gesture recognition in real-time ASL
applications. This finding builds upon Zhang et al. (2024), who demonstrated that preserving

higher temporal resolution significantly enhances dynamic sign recognition performance.

5. Conclusion

This paper aimed to fill in a basic gap within the current body of Recurrent Neural
Network-based alphabet recognition systems software in American Sign Language:
insufficient ability to use conventional hand segmentation, 2D feature covariance and non-
adaptive time modeling in practicum. Through a systematic improvement of three
fundamental aspects of the recognition pipeline, including adaptive preprocessing to
recognition, multimodal 3D feature extraction, and the flexible management of temporal
sequence, this paper demonstrates that it is possible to perform robust and high-accuracy
ASL recognition even in adverse environmental conditions and on gestures that have
traditionally been problematic to automated classification.

The three research objectives were all achieved. The initial goal, to build a strong
hand segmentation model that can survive cluttered backgrounds and changing lighting
conditions, was achieved with the degradation rate of the enhanced model to ideal and
challenging backgrounds of just 1.60 percentage points, but 8.50 percentage points with the
current model. Confidence-threshold filtering and automatic hand-orientation normalization
MediaPipe-based detection were extremely useful in overcoming environmental noise which
used to compromise downstream classification. The second-improve objective-increased the

accuracy of the fist-based letter group (A, E, M, N, S, T) that the 99-dimensional multimodal
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feature vector yielded 98% accuracy, a 117.8 percent improvement compared to 45 percent,
and zero 26 letters had a lower-than-60-percent accuracy. The most notable gains, however,
were with the third objective-to design adaptive temporal modeling for dynamic letters-
which consisted of letter J, which rose through 35% to 91% (a 160% relative increase) and
letter Z, which rose through 41% to 93% (a 126% increase), which indicates that the dual
sequence buffer and voting-based prediction smoothing is effective at capturing the motion
paths of dynamic ASL gestures. As a whole, the improved system had overall accuracy and
average confidence of 97.70 and 91.45 percent improvement of 38.85 and 24.10 percent over
the current baseline, respectively.

The results have far-reaching practical implications. To the deaf and hard-of-hearing
community, such a system with this accuracy level in real-life conditions is a significant
advance towards effective communication assistance based on cameras without specialized
equipment. In the case of ASL teachers and students, the improved recognition engine can
provide real-time interactive feedback systems which can now be feasible outside of
controlled laboratory settings. In the case of assistive technology developers, the visual-
geometric dual feature stream architecture offers a repeatable template which may be
generalized to more complex recognition tasks. The outcomes of the study also provide the
empirical evidence on the basis of which a growing body of literature (Shin et al., 2021;
Cayme et al., 2024; Zhang et al., 2024) supports the idea that 3D landmark features,
multimodal fusion, and adaptive temporal modeling are not only the theoretical
enhancements but also the ones that can generate tangible improvements when evaluated
within the context of practice.

The study has a number of limitations that have to be identified. To begin with, it is
limited to the 26 letter categories of the ASL alphabet including both static and dynamic
letters, but not to complete ASL words, phrases, facial expressions, and grammatical
formations-all of which are part of natural ASL communication. Second, although the
conditions were chosen intentionally, the testing environments are still experimental and do
not necessarily reflect the variety of the lighting, background complexity, variations in skin
tones, and quality of cameras that could be met in the unconstrained real deployment. Third,
the entire gesture data were gathered on a small group of signers and this makes the chances
of signer specific overfitting to exist and hence less generalization to signers who were not

represented within the training set. Fourth, the existing implementation has not even been
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evaluated against computational efficiency on resource-constrained mobile or embedded
devices, which are the most relevant platforms to the available assistive technology.

The future studies must take three major directions. The highest priority is the
continuation of the recognition scheme of single alphabet signs into recognizing continuous,
word-scale, and sentence-scale ASL which, in turn, will involve the addition of linguistic
modeling alongside gesture segmentation and face expression analysis as an auxiliary stream.
Second, it is required that signer-independent evaluation should be conducted based on large-
scale publicly available datasets of ASL with a variety of signers to confirm that the model is
capable of generalization. Third, the compression of models by quantization, pruning or
knowledge distillation methods ought to be considered to facilitate their application to mobile
devices, and thus the technology becomes available in the daily contexts in which it is the
most demanded. Combined, these extensions would further evolve the alphabet-level
recognition system as shown here into a full scale, deployable communication resource with

real social impact to deaf and hard-of-hearing populations all over the globe.
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