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Abstract

Two-handed dynamic gesture recognition represents a fundamental component of sign
language interpretation involving the modeling of temporal dependencies and inter-hand
coordination. In this task, a major challenge is modeling asymmetric motion patterns, as
well as bidirectional and long-range temporal dependencies. Most existing frameworks
rely on early fusion strategies that merge joints, keypoints or landmarks from both hands
in early processing stages, primarily to reduce model complexity and enforce a unified
representation. In this work, a novel dual-stream BiLSTM-Transformer model architecture
is proposed for two-handed dynamic sign language recognition, where parallel encoders
process the trajectories of each hand independently. To capture spatial and temporal
dependencies for each hand, an attention-based cross-hand fusion mechanism is employed,
with hand landmarks extracted by the MediaPipe Hands framework as a preprocessing
step to enable real-time CPU-based inference. Experimental evaluation conducted on
custom Romanian Sign Language dynamic gesture datasets indicates that the proposed
dual-stream-based system outperforms single-handed baselines, achieving improvements
in high recognition accuracy for asymmetric gestures and consistent performance gains for
synchronized two-handed gestures. The proposed architecture represents an efficient and
lightweight solution suitable for real-time sign language recognition and interpretation.

Keywords: Romanian sign language; convolutional neural networks; transformer;
MediaPipe; dynamic gestures; landmarks; patterns; BiLSTM; CPU; cross-hand

1. Introduction

The Romanian Sign Language Alphabet (RSL) relies heavily on visual cues derived
from spatial and temporal configurations, as well as dynamic motion trajectories, which
serve as the primordial communication channel. Although this topic has gained increasing
interest, the latest approaches are limited in their ability to process two-handed complex
gestures that enable a natural way of communication with signers. By modeling spatial—-
temporal dependencies, the proposed system aims to improve accessibility to the latest
technologies and public services, while addressing limitations.

Existing RSL recognition systems primarily focus on static keypoint classifiers, often
convolutional encoder-based, which perform well on isolated datasets of gestures, but fail to
capture dynamic motion phases and temporal dependencies from consecutive frames. Also,

Appl. Sci. 2026, 16, 2912

https:/ /doi.org/10.3390/app16062912


https://crossmark.crossref.org/dialog?doi=10.3390/app16062912&domain=pdf&date_stamp=2026-03-18
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://orcid.org/0000-0002-1000-457X
https://orcid.org/0000-0002-3134-8769
https://orcid.org/0000-0001-8286-1602
https://orcid.org/0000-0002-7576-3550
https://doi.org/10.3390/app16062912

Appl. Sci. 2026, 16,2912

20f19

many dynamic gesture recognition systems merge both hands in early processing while
overlooking asymmetric motion patterns [1]. This design directly affects the recognition
robustness of the model in real-world scenarios, where gestures vary in execution speed,
signer style and real-world environments. Recently, Transformer-based architectures have
demonstrated strong capabilities in modeling long-range temporal dependencies, such as
long-range sequences of data. However, in architectures that rely on early fusion of both
hands, the full potential of the Transformer model remains unutilized. This limitation leads
to suboptimal spatial and temporal modeling and also ignores some essential patterns for
two-handed gestures. To address this gap, a Dual-Stream BiLSTM-Transformer model
architecture is proposed for two-handed dynamic gesture recognition in the RSL alphabet.

The proposed model processes each hand trajectory independently through parallel
streams, followed by an attention-based cross-hand encoder. The encoder weights both
hands according to their linguistic corresponding contribution. The asymmetric motions
are captured between inter-hand coordinates, which enables the proposed system to build
a solid structure or a pattern for specific temporal gestures. MediaPipe Hands is employed
as the main framework, used for hand landmarks extraction, enabling real-time inference
in real-world scenarios. The new architecture works on sign-language modeling and is
evaluated through controlled experiments (variable environments) and an ablation study
to investigate its effectiveness with dynamic gestures [2]. The main contributions of the
proposed study are as follows:

e  Anew hybrid Dual-Stream Architecture that uses the fusions between BiLSTM and
Transformer encoders to model both hands independently;

e A fusion cross-hand model that captures both dependencies, obtaining specific dy-
namic patterns;

e  Generalization over signer inter-variability through landmark coordinate normaliza-
tion in different working environments using MediaPipe;

e  High accuracy with symmetric or asymmetric dynamic hand gestures [3].

In addition, the proposed system aims to provide a scalable and computationally
efficient solution framework for real-time dynamic gesture recognition, representing an im-
portant step for RSL classification and interpretation. The proposed system will investigate
and answer the following research questions:

o  Will the proposed dynamic recognition system improve accuracy and overall perfor-
mance compared to other early fusion approaches?

o  Will the cross-hand Transformer-based approach improve classification and gesture
recognition with asymmetric or asynchronous hand trajectories?

o  Will the proposed system record better inference under unconstrained different work-
ing environments in real-world scenarios based on hand keypoints or landmarks?

Beyond the technical and overall performance, the proposed system is also designed
to be an assistive companion, acting as a communication framework with a direct impact
on society. In general, it aims to support and help members who utilize sign language
communication, enabling interaction with new technologies. Additionally, by integrating
gesture into text translation and vocal feedback, the proposed system can construct and
elaborate in real-time grammatically correct sentences. This solution is not only robust
for dynamic sequences of gestures, but also enables accessibility on human motion and
computer interaction, removing communication barriers in real time. The proposed study
focuses on a controlled subset of isolated two-handed dynamic gestures serving as a
methodological validation of the proposed architecture rather than a comprehensive sign
language vocabulary.
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The following research is organized as follows: Section 2 presents recent approaches fo-
cused only on dynamic sign language gesture recognition emphasizing two-handed models
and early fusion methods; Section 3 presents the entire architecture of the proposed recog-
nition system, including the used datasets, data acquisition, hand keypoints and landmark
preprocessing using MediaPipe Hands as the framework and the BiLSTM-Transformer
model; Section 4 illustrates the experimental setup and the obtained quantitative results;
Section 5 discusses the strong points, limitations and findings for the proposed recognition
system; and the final section concludes the research and draws the future direction of the
proposed study.

2. Related Work

Video-based recognition approaches are typically processed by bidimensional or tridi-
mensional convolutional neural networks that capture spatial and temporal correlations
from RGB sequences [4-7]. The tridimensional approaches use kernel correlations to cap-
ture gesture sequences, but only on very large and complex datasets. They often struggle to
recognize trajectory and gesture variations and stay very sensitive to occlusions. However,
optical flow approaches are effective mainly for complex gestures, but are strictly depen-
dent on contrast and low-light illumination working environments. Regarding landmarks
or articulations-based representations, optical flow lacks precision and fails to capture
small movements across consecutive frames. Body and hand pose skeleton recognition
approaches are also an alternative line of research that use small inputs to eliminate back-
ground noises. Systems often tend to use OpenPose or MediaPipe Hands frameworks to
feed hand landmark coordinates into LSTMs or GCNs. Graph Convolutional Networks
(GCNs) are widely used in skeleton-based gesture recognition because they model spa-
tial dependencies between articulated joints and their temporal evolution [8-10]. This
emergence will suppress characteristic motion patterns from the sign language alphabet
(asymmetric and asynchronous gestures). This approach is limited in terms of temporal
modeling, which cannot effectively interpret inter-hand coordination under temporally
misaligned hand movements [11-15].

For dynamic interpretation, recurrent neural networks (RNNs) and long short-term
memory (LSTM) architectures have been widely used for modeling temporal dependencies
in gesture recognition tasks [16,17]. To improve accuracy, sequential models employ two
bidirectional variants, preserving future and past short-range context details. Rarely, RNNs
use independent streams for both hands; instead, they emerge early into one trajectory,
which increases model ambiguity for certain types of gestures where only one hand has a
dominant semantic role [18,19]. The latest Transformer-based architectures recorded high
performance in multiple gesture recognition tasks, but also in their ability to preprocess
long-range spatial and temporal dependencies by using self-attention mechanisms [20,21].
For example, Camgoz et al. proposed a sign language Transformer framework for joint
recognition and translation, demonstrating that encoders can model long-range depen-
dencies directly from video sequences [22]. Similarly, De Coster et al. explored sign
language recognition with a Transformer-based architecture, proving that self-attention
mechanisms can capture complex temporal relationships between gesture frames. More re-
cently, Kothadiya et al. introduced SIGNFORMER, a Transformer-based vision architecture
design for sign language recognition using visual hand gesture representations. Although
these approaches demonstrate strong performance in temporal modeling dependencies,
many of them rely on RGB video sequences or fused gesture representations, which signifi-
cantly increases computational complexity and may suppress asymmetric hand dynamics.
In contrast, the proposed study focuses on landmark-based compact input gesture repre-
sentations extracted with MediaPipe Hands, enabling real-time inference. Furthermore, the
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proposed architecture models left- and right-hand trajectories using a dual-stream BiLSTM
encoder, followed by a Transformer-based cross-hand fusion mechanism, which enables
adaptive modeling of asymmetric and asynchronous two-handed gestures. They do not
rely on sequential memory, which makes them well-suited for modeling extended gesture
sequences and long-range temporal dependencies [23-26].

Early fusion refers to the concatenation of hand features at the input level prior to
temporal modeling, enforcing implicit synchronization between hand trajectories [27]. They
fuse both hands into a single representation trained on specific hand trajectories. This
reduces the capability of the self-attention mechanism to process and build a general model
from both hands that is able to interpret asymmetric two-handed dynamic gestures. A
frequent limitation in sign language recognition systems is early fusion. This stage enables
the system to concatenate both inputs from the right and left hand, reducing computational
complexity [27]. In real-world scenarios, sign language recognition uses asynchronous
gestures mirrored and independent of the hands.

Therefore, merging both hands into a single representation leads to a major bidirec-
tional confusion between hands and sign semantics, reducing robustness under inter-signer
variability. In skeleton-based approaches, dual-stream architectures preserve the mobil-
ity of different body parts, enabling controlled fusion between streams. Although such
streams remain independent at the motion sources, they often require longer processing
times and may lack explicit linguistic and semantic information. The MediaPipe Hands
framework is used for real-time gesture and hand tracking, providing a lightweight and
robust solution under varying illumination or different working environments [28]. The
main factors that decrease performance over time include partial occlusions (objects from
the background /working environment), gestures or hand overlap, blurry motions and jitter
from irregular movements. For dynamic gestures, these factors are amplified, leading to
discontinuities in hand landmark trajectories, particularly during rapid transitions between
gestures or sign sequences. To obtain sustainable sequences, preprocessing strategies are
applied, such as coordinate normalization (from absolute to relative), rotation, and gray
scale conversion, which are suitable for models that learn from temporal dependencies [28].
While recent Transformer-based systems demonstrate strong temporal reasoning abilities,
most operate on fused hand representations without separation, limiting robustness in
asymmetric dynamic gestures [29,30].

The proposed two-handed dynamic recognition framework addresses three key chal-
lenges: first, the limitation of existing models in handling asymmetric and asynchronous
hand trajectories; second, the ability of the Transformer-based cross-hand fusion mecha-
nisms to improve temporal learning during the early recognition phase; and third, main-
taining computational efficiency while modeling bidirectional spatial and temporal depen-
dencies in real-time and real-world working environments. To address these challenges,
the proposed dual-stream recognition system will process each hand independently and
learn through the attention-based fusion encoder the cross-hand dependencies, aligning
the misaligned spatial and temporal motion patterns. Despite significant progress in
dynamic gesture recognition, two-handed sign language recognition still faces complex
limitations in real-world scenarios. Requirements include a large dataset highly influenced
by illumination, high contrast, inter-signer variability and background occlusions [31].

Sequence-based models such as LSTMs and GRUs effectively preserve sequential in-
formation on a short time basis, but struggle with long-range gestures and hand trajectories.
Although the Transformers have a strong temporal reasoning performance, they remain
strictly dependent on cross-hand (both hands fuse into one single representation). This
design motivates the proposed dual-stream architecture, which explicitly models each hand
independently before attention-based cross-hand fusion. The following sections present the
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data acquisition phase, the preprocessing pipeline, architectural design and also the training
strategy of the proposed dual-stream BiLSTM-Transformer dynamic recognition system.

3. Proposed Dual-Stream Recognition System

This section presents the architectural design of the proposed real-time two-handed
dynamic gesture recognition system based on the BILSTM-Transformer model, including
dataset acquisitions, hand keypoints representation, landmark extraction and preprocessing
using the MediaPipe Hands framework, and data augmentation. The overall architecture
and data flow for the proposed system are summarized in Figure 1.

Keypoint extraction
with MediaPipe Hands,

Temporal

Video Stream Input Smoothing

Normalization

Dual-Stream
BiLSTM
L A
\ 4
Left Hand Right Hand

Stream Stream
A
Transformer Temporal Gesture
Cross-Hand |—» Poglin Classification
Fusion 9 (Softmax)

Figure 1. The Al processing pipeline of the proposed dual-stream BiLSTM-Transformer system.

The pipeline highlights the separation between preprocessing, dual-stream tempo-
ral encoding and attention-based cross-hand fusion mechanisms prior to final gesture
classification.

3.1. Datasets Acquisition

To evaluate performance on real-world scenarios, the proposed dynamic recognition
system used two dedicated datasets collected from the Romanian Sign Language alpha-
bet. The complete dataset contains ten different dynamic class gestures, including both
symmetric and asymmetric motion patterns. For each class, a fixed number of 100 tem-
poral sequences per gesture were used to identify, label and train the model. This setup
ensures consistent data representation and improves the stability of temporal learning.
Data augmentation techniques were applied to increase the number of training samples
and improve robustness under inter-signer variability in real working environments. To
improve the diversity of gesture trajectories and increase robustness to execution variabil-
ity, several augmentation operations were applied directly to hand landmark sequences.
Each generated gesture sequence has two additional augmented variants. The augmented
pipeline included the following operations: Gaussian coordinate jitter was applied to hand
landmark coordinates with a zero mean to standard deviation o of 0.001; global spatial
factor randomly sampled from the interval 0.96-1.04; in-plane rotation around the wrists
with angle sampled from the range of —6° to +6°; and temporal warping through linear
interpolation by modifying sequence speed with a factor sampled from 0.10 to 1.0, followed
by resampling to the fixed sequence length of 30 frames. These operations preserve ges-
ture semantics, increasing variability in execution speed, trajectory amplitude and signer
execution style.

After augmentation, the final dataset contained approximately 3000 augmented sam-
ples (300 per gesture class) with preserved semantic consistency. Gesture recordings were
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collected indoors using a standard RGB camera under mixed natural and artificial lighting
conditions with unconstrained background environments.

All sequences were temporally fixed to 30 FPS to ensure stable modeling. Shorter
sequences were padded and downsampled to preserve hand trajectory dynamics and
maintain input dimensionality. This procedure ensures reproducibility across all gesture
classes. Each gesture is represented as a numerical time series derived from video frames
using the MediaPipe Hands framework. For each frame, a total of 42 hand landmarks are
extracted, represented by normalized coordinates from absolute to relative (tridimensional
X, y, and z). For each step, a 126-dimensional feature is encoded as a vector (2 hands x
21 landmarks X tridimensional coordinates). The final model input consists of fixed-length
temporal sequences of the hand landmark vectors. For evaluation, the proposed dataset
was split into three sets: training, validation, and testing subclasses, to prevent data leakage
and ensure that samples from the original dataset were not distributed to other subsets.
The proposed dataset focuses only on isolated two-handed dynamic gestures, which
represent an important step toward robust modeling of the hand trajectories (asymmetric
and asynchronous). While larger-scale datasets with diverse signer demographics are
desirable, the proposed dataset was designed to prioritize controlled gesture execution
and temporal consistency. A continuous sign language recognition system introduces
supplementary challenges, such as gesture boundary ambiguity and coarticulation effects,
which are considered explicitly as a future research direction. Due to privacy and data
protection constraints, visual examples of signers performing dynamic gestures cannot
be publicly shared. All recordings were anonymized and used exclusively for numerical
hand landmark extraction, ensuring that no identifiable visual information is retained
or distributed.

3.2. MediaPipe Hands Keypoint and Landmark Extraction

The proposed system uses the MediaPipe Hands framework to detect and preprocess
the hand landmark keypoints under different working environments. For each hand,
21 degrees of freedom are extracted for each frame, including wrists and finger joints, where
absolute coordinates are converted into relative values matching the input dimensionality.
This transformation reduces sensitivity to background variations and improves robustness
to illumination changes, which represent critical factors in dynamic gesture recognition. For
each frame, MediaPipe returns the detected hand landmarks coordinates for both hands,
enabling robust bilateral hand tracking.

The framework processes sequences while consistently tracking both hands through-
out gesture execution. To ensure temporal continuity, frames affected by hand trajectory
loss are temporally interpolated, corrected, or abandoned, depending on sequence stability
constraints. Several factors directly affect real-time inference, including hand overlap,
fast gesture transitions and partial or complete occlusion. Also, these effects may lead to
discontinuous sequences, introducing noise and jitter during the recognition phase. To
stabilize the gesture sequences, additional preprocessing steps were applied to improve
robustness under inter-signer variability, as described in the following subsection.

3.3. Preprocessing Techniques on Sequences of Gestures

As mentioned in the previous section, the preprocessing techniques were applied
to ensure robustness under signer variability and independence from a specific working
environment. These techniques primarily target noise reduction caused by hand track-
ing instability under varying scales and viewpoint changes. Preprocessing was applied
independently for each hand to preserve the trajectory integrity and temporal semantic
patterns. The first preprocessing step involves coordinate normalization by converting
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landmarks into relative representations. This transformation enables global adaptation to
hand translation, camera (viewpoint) and signer-independent hand geometry through scale
normalization. Additionally, scale normalization improves invariance to camera position
and user hand size.

The second processing step addresses temporal jitters and discontinuities across
consecutive gesture sequences. Often, dynamic gestures tend to fluctuate between rapid
transitions of frames with a high impact on the hand keypoints. To stabilize hand landmark
trajectories and reduce frame-to-frame jitter, a temporal smoothing operation was applied
independently to each coordinate trajectory (x, y, and z) for both hands. The smoothing
procedure was made using a moving-average filter with a window size of three frames. This
step reduces high-frequency noise induced by hand tracking, preserving natural motion
dynamics from gesture sequences. After smoothing, the trajectories remain temporally
consistent and suitable for subsequent sequence modeling. The third preprocessing step
enforces a fixed temporal length F with a total of thirty frames to ensure consistent model
input. For instance, if a sequence contains fewer than thirty frames, padding is applied
to ensure motion continuity. On the other hand, sequences that exceed thirty frames are
downsampled to preserve hand trajectories and gesture dynamics. The preprocessed
sequences are organized into two parallel inputs corresponding to each hand trajectory. For
each trajectory, a dual-stream sequence of gestures was represented by the hand landmarks
used in the training of the proposed model (BiLSTM-Transformer). As mentioned earlier,
the augmentation techniques were applied to enhance generalization across additional
training samples. To improve clarity and reproducibility of the proposed framework, the
overall recognition pipeline is summarized in Algorithm 1.

Algorithm 1: Dual-Stream Dynamic Gesture Recognition Pipeline

Input: Video sequences
Output: Predicted gesture class

Extract hand landmark for each frame using MediaPipe Hands
Normalize landmark coordinates and apply temporal smoothing
Construct left-hand and right-hand landmark sequences

Encode each trajectory using BiLSTM encoders

Concatenate encoded representations (M = [ML ; MR})

Apply Transformer self-attention to model cross-hand dependencies
Perform temporal pooling on the fused representation (M)

PN @R

Classify the gesture using a fully connected layer followed by Softmax activation

3.4. BiLSTM Dual Encoder

To avoid the limitation of early fusion and preserve hand semantics and dynamics,
the proposed system processes both hands’ trajectories independently. This design enables
the model to learn distinctive motion patterns for symmetric or asymmetric dynamics.

The trajectory-based representation of each dynamic gesture sequence is defined as
follows (1):

st = [st,sh,....sE|, 5% = [sf,s,....sE] (1)

where St, SR € RF X6 denote the feature sequences for the left and right hand and F
represents the number of frames (set to thirty). Each frame contains 21 hand landmarks
described by tridimensional coordinates (X, y, and z), resulting in a 63-dimensional feature
representation per hand. Each dual stream is encoded using BiLSTM to model bidirectional
temporal dependencies along with gesture trajectories (see Equation (1)). This encoding
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enriches contextual and semantic information, reducing confusion between gestures with
similar motion patterns. Also, two independent BiLSTM encoders are employed for each
hand using the following representations (2):

EL c RFXH, ER c RFXH (2)

where ELand ER denote the spatiotemporal BILSTM encoders for both hands trajectories
and H denotes the dimensionality for each representation. The encoded representations are
obtained through two independent BiLSTM encoders applied to the landmark sequence of
each hand using the following Formulas (3) and (4):

EL — BiLSTM (SL) (3)

ER — BiLSTM (SR) (4)

The BiLSTM layers capture both forward and backward temporal dependencies along
the gesture trajectory. These representations enable bidirectional temporal modeling of
hand trajectories and serve as input for the Transformer-based cross-hand fusion stage
described in the following section [4].

3.5. Transformer Fusion Encoder

The Romanian Sign Language alphabet relies on hand semantics, motion trajectories
and signed movement patterns. As mentioned earlier, early fusion approaches concate-
nate both hands into one single representation, forcing synchronicity and suppressing
asymmetric gestures. This limitation can be addressed using a Transformer encoder with
cross-hand fusion. The encoder learns semantic dependencies from both hands in a bidi-
rectional and bilateral manner through self-attention mechanisms. The temporal fusion
phase operates independently of BILSTM encoders, leveraging the high representation of
the hands’ trajectories rather than merging both into a single representation.

This self-attention fusion representation is defined by formula (5):

M= [ ML, MR] (5)

where ML and MR denote the temporal feature representations of the left- and right-hand
trajectories obtained independently by BiLSTM encoders. These representations are con-
catenated to form the joint feature matrix (M = [ ME; MR} ), which is then used as the
input to the Transformer self-attention mechanism for modeling cross-hand dependen-
cies. The concatenation is performed along the feature dimension, resulting in a fused

RF*2H where F denotes the temporal length of the gesture sequence

representation M €
and H represents the dimensionality of the encoded BiLSTM features. The interaction be-
tween the two hand representations is then modeled through the Transformer self-attention

mechanism defined in Formula (6):
T
Attention( Mt MR> = Softmax( Mt ( MR> ) (6)

This fusion strategy enables the system to learn from both hands without suppress-
ing input trajectory information. The cross-hand attention module enables the model to
dynamically learn the relative semantic contribution of each hand. Rather than enforcing
temporal synchronization, the module assigns adaptive weights to the left- and right-hand
representations based on the gestures’ specific motion pattern. This mechanism allows the
dominant or complementary hand to emerge naturally during the training process. The

https:/ /doi.org/10.3390/app16062912


https://doi.org/10.3390/app16062912

Appl. Sci. 2026, 16,2912

90f19

concatenated representation M is refined through the Transformer attention mechanism,
and the resulting attention representation is further used in the temporal pooling stage
described in Section 3.6 [5].

3.6. Temporal Pooling and Classification

The fused representation obtained from the BiLSTM and Transformer module is
converted into a compacted version suitable for gesture classification. For each dynamic
gesture sequence, the objective is to predict a single class label. To achieve this, temporal
pooling is applied to eliminate length dependency in the fused representation. The fused
representation obtained from the Transformer cross-hand attention module is denoted
as (M).

This representation results from concatenation of the encoded hand trajectories

ME and MR, followed by the Transformer self-attention mechanism that models cross-
hand dependencies. Temporal pooling is then applied to the fused matrix (M) to obtain a
global embedding vector (x), defined in Equation (7):

x = Pool(M) (7)

This vector encodes the temporal evolution of each dynamic gesture learning from
fused dependencies of the representation. Final gesture classification is performed using
an MLP head (the fully connected layer), followed by the Softmax activation over the D
gesture classes, represented in Equation (8):

f = Softmax(ax +b) (8)

where a and b denote the trainable parameters of the classifier, x denotes pooled gesture
embedding and f denotes the predicted class probabilities. In this study, the number of
classes corresponds to ten gesture categories included in the datasets [32].

3.7. Training andHyperparameters

The model was trained in a supervised manner on an augmented dataset consisting
of ten different classes of gestures. The Adam optimizer was employed to ensure fast
convergence and stable temporal modeling. The sparse categorical cross-entropy loss was
computed using the following formulation (9):

D
L= — Z uglog(y) )
d=1

where 1, represents the ground truth label for the gesture class 4, and {i; denotes the
predicted output of the model. The batch size of the dataset was selected to enable stable
parameter updates and reduce training bias across epochs. To prevent overfitting and
improve generalization, regularization strategies were applied. Dropout regularization
layers were applied within temporal modeling and fusion stages, along with early stopping
based on validation loss. Additionally, a dynamic learning rate strategy was employed
to improve convergence stability, while data augmentation further enhanced robustness
under different real-world scenarios and inter-signer variability. The complete pipeline
was realized entirely in Python 3.10 using deep learning libraries, and the final model was
optimized for real-time operation on compact hand landmarks rather than raw RGB video
sequences [33].
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The BiLSTM encoders use 64 hidden units per direction, while the Transformer encoder
consists of three layers with five attention-based heads per layer. The dropout rate applied
was set to 0.2, and the model was optimized with Adam from an initial learning rate
of 0.0001 on a batch size of 32 units. To maintain a lightweight design, the proposed
architecture used approximately 1.6 million trainable parameters (reduced complexity
and suitable for real-time deployment applications). The number of hidden units and
the Transformer encoder layers were empirically selected as a representation trade-off
between representational capacity and computation efficiency. Increasing model depth
or hidden dimensionality resulted in higher inference latency, a critical component for
real-time deployment, without yielding significant accuracy improvements.

3.8. Performance Evaluation Metrics

For the proposed recognition system, specific metrics (accuracy, precision, recall and
F1-score) were used to quantify overall performance in the dynamic gesture recognition.
These metrics were derived from the confusion matrix and computed as follows based on
formulas (10)—(13):

+ _
Accuracy = T +TT::_ £+ = (10)
. T"
Precision = TF 1+ (11)
T+
Recall = TF - (12)
F1 — score — 2 x Precision x Recall (13)

Precision + Recall

where T denotes true positives (correctly predicted gesture samples of a given class), T~
denotes the true negative, F', denotes false positives, and F~ denotes false negatives [34].

3.9. Communication and Translation

The proposed system integrates not only dynamic gesture recognition, but also a
bidirectional communication assistant enabling interaction with users who rely on sign
language communication. Additionally, the system incorporates text generation and
speech synthesis to provide real-time vocal feedback and improve stability. The proposed
framework consists of four main components: dynamic two-handed gesture recognition
from the RSL alphabet, translation from gesture to text, syntactic validation using the
Stanza library and vocal TTS feedback in real time. The gesture recognition module predicts
and labels each input sequence using the Dual-Stream BiLSTM-Transformer architecture.
The resulting label is mapped to a word token and then added to the gesture-to-text
vocabulary. Each word token is appended to a sentence buffer, enabling text-generating
signing sequences. The proposed architecture, overall, integrates an assistive solution of
dynamic gesture recognition with grammatical and vocal analysis for multimodal usage
(see Figure 2) [35].

Gesture to Speech
Grammar Sentence .
text S . syntesis
. validation generation
translation output

Figure 2. The hybrid architecture of the proposed system.
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The generated text stream is parsed and syntactically analyzed through the Stanza
library. In this phase, all sentences generated from gestures are validated and then gram-
matically corrected based on the structure estimation made independently by Stanza (sup-
porting strategies include filtering invalid sequences and resolving inconsistencies in word
order). In this way, the system gains usability, accessibility and high robustness levels in
practical scenarios (in continuous streams from real-world communication scenarios) [35].
The text is then processed through a vocal feedback TTS, enabling signers to have auditory
support. Speech synthesis enhances everyday usability, particularly in public environments
where users receive immediate spoken interpretation of recognized gestures.

3.10. Experimental Setup and Evaluation Protocol

The proposed system was evaluated using the Romanian Sign Language gesture
vocabulary dataset described in Section 3.1. Each gesture sequence was recorded at 30 FPS
and later normalized to fixed-length sequences. The reference to minimum frame counts
reflects the temporal length of gesture sequences rather than the acquisition frame rate.
Generalization capability was enhanced through data augmentation techniques, increasing
motion pattern diversity while preserving gesture semantics.

The dataset was split into training 70%, validation 15% and testing 15%. All exper-
iments were conducted three times using different random initializations. The system
was implemented using TensorFlow Lite, Keras and MediaPipe Hands for hand landmark
extractions. Real-time evaluation was conducted on a standard server with an equipped
CPU and a powerful integrated GPU; however, inference performance was measured on
CPU-only execution [36]. All experiments were conducted on a workstation equipped with
an Intel i7-class processor, 16 GB RAM and integrated graphics. Inference performance was
evaluated using CPU-only execution to simulate real-world deployment conditions [36].

4. Results

This section presents the experimental validation results of the proposed two-handed
dual-stream BiLSTM-Transformer gesture recognition architecture. The evaluation focuses
on the confusion matrix, robustness under different working environments and the system’s
performance within an assistive bidirectional communication framework [37].

4.1. Recorded Ouverall Performance

The proposed architecture achieved an overall recognition accuracy of 96% on the test-
ing dataset. This result indicates effective independent modeling of each hand through the
attention mechanisms. Based on the precision and recall values, the system does not favor
a specific gesture class and maintains stable performance across the entire vocabulary. The
standard evaluation metrics provided a balanced overview of the recognition performance
across all gesture classes. For most gesture classes, recognition performance was close to
perfect, with slightly low recall values observed for certain gesture classes such as Request
and Appreciation. These variations are attributed to differences in signer execution style
and temporal motion dynamics. Overall, the evaluation metrics indicate strong perfor-
mance and generalization capability, with minimal confusion between dynamic gesture
sequences [38].

A detailed class-level performance report on the independent testing dataset, including
precision, recall, F1-score and support values is presented in Table 1.
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Table 1. The gesture class performance of the proposed dynamic recognition system.

Gesture Class Precision Recall F1-Score Samples Support
Hello 90 95 93 300
Thank you 95 100 98 300
I'love you 95 100 98 300
You 100 100 100 300
Me 95 100 98 300
Request 86 90 88 300
Yes 100 100 100 300
No 95 90 92 300
Apology 100 95 97 300
Appreciation 100 85 92 300

4.2. Analysis of the Confusion Matrix

The confusion matrix in Figure 3 indicates strong classification performance re-
flected by the dominant values along the main diagonal, where most gesture samples
are correctly classified.

Confusion Matrix

Figure 3. The confusion matrix of the proposed dynamic hybrid system.

Minor misclassification was observed among visually similar gesture classes that share
comparable motion directions or overlapping execution phases. The limited confusion
supports the effectiveness of the proposed dual-streamed architecture, preserving hand
semantics independently and reducing gesture ambiguity observed in early-fusion ap-
proaches. Motion blur, as well as partial occlusions, may affect the extracted temporal
parameters during gesture execution. Another contributing factor is inter-signer variability,
particularly differences in gesture execution speed and transition dynamics.

4.3. Ablation Study and Architectural Impact Analysis

To assess the contribution of each architectural component, an ablation study was
conducted on the proposed recognition system. Several variables were studied, such as a
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single-streamed BiLSTMs model concatenated with keypoints of the hands, a dual-stream
model without Transformer fusion and a merged model with unified trajectories. The
results indicate that merging trajectories from both hands significantly decreases robustness
in pattern recognition, ignoring asynchronous or asymmetric gesture classes. In this case,
temporal inconsistencies between both hands affect the network’s capability to retain
information regarding gesture execution and the completion phases, especially when
long-range sequences of gestures are not modeled using the Transformer module. The
quantitative results of the ablation study are summarized in Table 2. The results indicate that
the proposed system performs better when the left- and right-hand streams are processed
independently compared to a single-stream BiLSTM. The inclusion of the cross-hand fusion
module provides an additional performance gain, confirming the effectiveness of the
proposed architecture.

Table 2. Ablation study evaluating individual architectural components.

Model Architecture Representation Precision (%) Recall F1-Score
Single-stream BiLSTM Unified representation without separation 88 86 86
Dual-stream BiLSTM Independent temporal modeling for left/right hand 93 91 91
Dual-stream Cross-hand attention-based fusion 96 95 95

BiLSTM + Transformer

The complete architecture achieves the best performance across all evaluated gesture
classes. The Transformer-based fusion mechanism enables adaptive weighting of both
hands, dynamically focusing on the dominant or complementary hand while integrating
motion cues from gesture patterns. This plays a critical role in attention-based modeling,
enhancing robustness under different working conditions and gesture speed execution.
The ablation experiments demonstrate that the proposed recognition system achieves high
accuracy while maintaining computational efficiency suitable for real-time deployment [39].

4.4. Real-Time Deployment Performance Considerations

The complete recognition system also targets real-time deployment in assistive real-
world scenarios of communications without reliance on high-end CPU/GPU hardware.
The framework, based on MediaPipe Hands, processes hand landmark keypoints on a
CPU-only server to assess deployment feasibility. MediaPipe has demonstrated stable and
efficient real-time tracking under moderate conditions, including varying illumination,
complex background, shadows and partial occlusions) hand landmarks, and semantics.
Computational complexity was significantly reduced by operating on compact hand land-
mark characteristic vectors rather than raw RGB frames, leading to improved efficiency
compared to CNN approaches. A significant improvement is achieved by processing
compact dual-hand sequences in parallel [40].

The fusion module embeds temporal and high-resolution feature representations
while maintaining real-time inference, although limited by the computational cost of
attention-based mechanisms. As a result, the system maintains stable performance from a
deployment perspective, enabling practical assistive communication for users who utilize
sign language. The CPU-only configuration removes dependency on specialized hardware,
making the system viable for real-time dynamic RSL interpretation. The average end-
to-end inference latency was approximately 21-30 ms per frame, while the model-only
time was around 15-18 ms on a CPU-only system (Intel i7 class processor). These results
confirm that the proposed dual-stream architecture maintains real-time performance while
preserving recognition accuracy, making it suitable for real-time deployment on resource-
constrained devices.
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4.5. Summary of Experimental Results

The experimental results from the proposed system provide strong improvements
in dynamic dual-streamed gesture recognition, particularly for misaligned sequences. By
preserving semantic information within spatial-temporal representations, the proposed
system effectively discriminates between motion patterns of each hand independently
of execution speed or gesture style, outperforming existing approaches. The ablation
study confirms that the architecture provides a meaningful contribution, maintaining low
computational cost under CPU-only deployment and supporting real-time applications.
Overall, the findings establish a balance trade-off between recognition accuracy, model
adaptability and real-world sign language interpretation for practical applications. A
detailed discussion of the results, limitations and future implications is provided in the
next section.

4.6. Comparison with Recent Approaches

This section presents a comparison with recent approaches that rely on gesture recog-
nition from the sign language alphabet. The systems are grouped into hand landmark
models and Transformer-based and deep learning video-based approaches. Video-based
approaches include CNNs and Transformer models that learn features from RGB frame
sequences as presented in [6,9,27]. Although these approaches achieve high performance,
they require substantial computational resources due to the processing of full-resolution
image sequences. This represents a major limitation for real-time inference from CPU-
based systems. In contrast, the proposed system operates on MediaPipe hand landmarks,
reducing input dimensionality while preserving essential motion information.

Hand landmark RNN models have demonstrated strong temporal modeling perfor-
mance using LSTM or GRU fusion strategies, as reported in [8,34,36]. However, such
designs may suppress asymmetric hand dynamics, potentially leading to reduced robust-
ness. To address this limitation, the proposed study preserves complex dynamic semantics
by modeling both hands independently, improving accuracy and robustness. Transformer-
based self-attention mechanisms are capable of modeling long-range dependencies in
gesture sequences, as shown in [4,14,22].

These approaches typically operate on fused inputs or focus primarily on continu-
ous sign language recognition. The proposed framework establishes explicit interactions
between BiLSTM encoders through cross-hand mechanisms. This enables dynamic ad-
justments over time, enhancing complementary gestures and asymmetric roles. Com-
pared to the sensor or glove-based systems, such as in [13,20], the proposed method
achieves competitive performance with lightweight computation requirements, supporting
practical deployment.

Table 3 presents a comparison of recent approaches in terms of hand modeling strategy,
fusion type, target focus, number of hands processed and deployment requirements. Many
of these approaches rely on specialized hardware (wearable watches/sensors, colored
gloves, and radar wavelet sensors) or require substantial computational resources. Despite
these limitations, the proposed system provides a scalable solution that models each hand
independently within a dual-stream architecture prior to attention-based mechanisms. This
design enables real-time performance for asynchronous two-handed dynamic gestures,
which are less addressed in many recent approaches.
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Table 3. A comparison of the existing gesture recognition approaches.
Data Main Real-Time Hand . Fusion
Reference Inference ‘e Architecture
Input Focus Recognition Type
(CPU)
[6] RGB video Conéllgllj ous No One hand Transformer Sensor
[4] Wearable sensors Dynamic SLR No Sensors Video + Early
Transformer
[8] Skeletal landmarks SLR No Two hands CNN/LSTM Late
[13] Optical glove SLR Yes Wearable MLP Sensor
Sensors sensor
[14] RGB + pose Congl%tj ous No Two hands Transformer Multimodal
[20] Wave radar Dynamic Yes Radar sensors CNN/RNN Sensor
[34] Skeletal graphs Dynamic No Two hands GCN Graph
[36] Hand landmarks Dynamic Limited Single stream CNN/LSTM Early
Proposed MediaPipe Hands Two—har}d BiLSTM +
Dynamic Yes Dual-stream Cross-hand
System landmarks RSL Transformer

5. Discussion

The obtained results highlight the importance of independently modeling both hands.
Unlike existing approaches, the proposed recognition system preserves distinctive spatial—-
temporal patterns from both hands. This design introduces a beneficial motion component
that enables learning from dynamic patterns without trajectory overlap, thereby improving
robustness. The integration of self-attention-based Transformer mechanisms brings an
additional layer that aligns contextual information from misaligned motion sequences.
The ablation study demonstrates that performance improves significantly when the Trans-
former model is combined with BiLSTM encoders. Using skeletal hand landmarks instead
of raw video sequences reduces computational complexity and storage requirements while
preserving essential motion information. This approach supports real-time inference and
improves generalization across different working environments (illumination changes, oc-
clusion, and shadows), remaining suitable for deployment on constrained resource devices.
Despite the promising results, several limitations must be considered. The proposed study
focuses on isolated gestures with a limited number of classes, which may restrict gener-
alization across broader signer populations within Romania. Continuous sign language
recognition involves unconstrained gesture transitions and contextual dependencies, which
are not addressed in the present research, but will be investigated in the future through
online temporal segmentation and over larger-scale datasets. Although the evaluated
gesture vocabulary is limited, the objective of this study is to analyze asymmetric and
asynchronous two-handed motion modeling under controlled conditions rather than to
provide comprehensive sign language coverage.

Another key finding from an application perspective is the integration of the assistive
bidirectional communication component. CPU-based deployment enables transition to
portable devices, educational environments, public services and everyday assistive applica-
tions for individuals who use sign language. Therefore, the system contributes not only
methodologically, but also practically by bridging accessibility and communication gaps in
human-computer interaction [36,37].

Results Discussion

Despite promising results, several limitations of the proposed dynamic recognition
system should be acknowledged. The dataset used contains a limited number of dynamic
gesture classes and signers. Although data augmentation techniques were applied to
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improve variability, the model may remain sensitive to very fast motion speeds and to new,
unseen or complex gestures. The absence of explicit linguistic modeling represents another
limitation, even though hand landmark representations are computationally efficient. Fine-
grained visual cues, such as detailed hand shape, size, face recognition, and emotional
expressions, could further improve the semantic relevance of sign language recognition.

Future multimodal research will explore advanced fusion strategies that incorporate
facial recognition features to enrich semantic and contextual understanding [26,28,29].
Another important limitation relates to the absence of temporal segmentation. The proposed
system operates on fixed-length sequences, which simplifies training, but does not fully
reflect continuous signing without explicit boundaries. Implementing online segmentation
for continuous sign language streams would significantly improve communication with
individuals who use sign language.

Finally, although the proposed model is lightweight for CPU-based inference, latency
may increase over time when multiple tasks are executed simultaneously. To further
improve the system, model compression techniques, such as pruning or quantization,
could facilitate efficient edge deployment [32,33].

6. Conclusions

The proposed system extends conventional dynamic gesture recognition for the RSL
alphabet by integrating bidirectional communication, speech synthesis and syntactic valida-
tion feedback. By integrating real-time recognition, the proposed architecture contributes
to bridging the communication gap for individuals who use sign language through a natu-
ral vocal interaction. The dual-stream BiLSTM-Transformer recognition system enables
accurate modeling of two-handed signs and remains computationally efficient for real-
world deployment on CPU-based systems. This approach provides a balanced and scalable
solution that can be integrated into educational tools and public service applications to
support social inclusion and human-computer interaction.

Moreover, the modular architecture allows easy expansion of the gesture vocabu-
lary and inclusion of additional gesture classes with intra-class variations supporting
improved semantic representation. Future work will focus on expanding the dataset, in-
cluding new sign language alphabets, to further enhance scalability and real-world assistive
social inclusion.
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Abbreviations

The following abbreviations are used in this manuscript:

LSTM Long-Short-Term Memory
CNN Convolutional Neural Network
RNN Recurrent Neural Network
GCNs Graph Convolutional Networks
GRUs Gated Recurrent Units

MLP Multilayer Perceptron
BiLSTM  Bidirectional Long-Short-Term Memory
RSL Romanian Sign Language
RGB Red Green Blue color model
GPU Graphical Processing Unit
CPU Central Processing Unit
FPS Frames Per Second
TTS Text-To-Speech
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