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Hierarchical Temporal Modeling with Cross
Stream Gating and Hybrid Neural Networks for
Regional Sign Language Recognition

Gurusiddappa Hugar” and Ramesh M. Kagalkar

Abstract—SLR systems are the efficient and powerful devices
to help deaf and hard-of-hearing individuals. The proposed
architecture design is based on a mixed temporal encoder which
includes different elements, such as separable ConvlD,
bidirectional LSTM, and windowed self-attention using cross-
stream gating to connect 3D landmark kinematics by MediaPipe
with optical flow by Farneback. The proposed architecture
achieved 89.53% validation accuracy and 90.0% accuracy on an
independent held-out test set, with an inference latency of 48 ms
on the KSL dataset consisting of 1,287 videos spanning 11 gesture
classes. This paper makes two significant contributions to applied
research since it develops KSL research and creates an
architecture that can be used in other languages in different
countries with low financial and technological resources.

Index Terms— Dual-stream architecture, Kannada sign
language recognition, Mediapipe landmarks, Real-time
deployment

I. INTRODUCTION

HE SLR systems used worldwide support essential

technologies which provide critical assistance to deaf and
hard-of-hearing communities. The systems eliminate all
communication barriers, which people face during educational
and healthcare activities and social interactions. However,
existing solutions usually still do not cater for regional sign
languages like KSL, thus creating a situation where more than
80% of the deaf population in developing regions that lack
formal sign language training are left out of the loop. The
situation arises from the use of existing SLR approaches,
which are not inclusive technologically, thus creating an ever-
increasing demand for a solution that accommodates
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everyone. The major factors that obstruct the effective
recognition of KSL include: (1) Temporal Modeling
deficiencies - current techniques find it hard to deal with
KSL's complex structure, which consists of fast finger motions
and slow body movements; (2) Unimpressive multimodal
fusion - today's methods fail to retain essential information in
the process of mixing the skeletal and motion features; (3)
Practical deployment barriers - the demanding nature of the
computation involved divides the operation into that done on
costly devices and that done on the no-cost devices, with state-
of-the-art systems taking >100ms per inference.

The study gives rise to theoretical and practical
contributions: firstly, the open KSL dataset (1287 videos of 11
gestures), and secondly, the deployable model with an
inference time of 48 ms, and lastly, novel insights into the
fusion of multimodal features. The proposed method achieved
89.53% wvalidation accuracy and 90.0% test accuracy. The
cross-stream gating technique is designed to facilitate adaptive
interaction between landmark and motion representations,
enabling more effective multimodal feature integration. The
hierarchical encoder has an innovative architecture that
combines together the forces of convolutional operations
(local patterns), recurrent networks (context), and attention
(global dependencies) - the architecture combines
convolutional operations, recurrent modeling, and attention
mechanisms to capture local, sequential, and long-range
temporal dependencies within sign sequences. This research
not only provides technical contributions but also promotes
digital inclusion for the deaf community of Karnataka while
setting a framework for other sign languages that have low
resources to follow.

A. Novelty and Key Contribution

The primary contributions of this work are summarized below:
Dual-stream multimodal fusion: A gated dual-stream
framework is proposed to integrate landmark-based spatial
information and optical-flow-based motion information for
robust sign language recognition.

Hierarchical temporal modeling: The proposed encoder
combines ConvlD, BiLSTM, and attention mechanisms to
capture temporal dependencies at multiple scales.

New Kannada Sign Language dataset: We have prepared a
completely new KSL dataset with 1,287 videos covering 11
daily gestures. This dataset will be made available for valid
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academic research.

Optimized for real-time use: The optimizations, like separable
convolutions, windowed attention, and quantization, managed
to bring the inference time down to 48 ms, which makes it
suitable for mobile devices, unlike the earlier systems
(~100ms).

Strong generalization across signers: The proposed framework
achieved a mean LOSO-CV accuracy of 86.4%+1.3% on a
representative signer subset. This experiment provides an
initial assessment of signer-independent performance and is
presented separately from the standard source-video-based
evaluation protocol.

Reusable framework for other sign languages: You can use a
broadly applicable approach, supported by affordable tools
like MediaPipe, TensorFlow, and OpenCV, that need to be
installed.

Furthermore, this work is structured as, in Section 2; related
work, Section 3 provides details of the data set and detailed
methodology; Section 4 gives the experimental evaluation and
conclusion given in the Section 5.

II. RELATED WORK

SLR has evolved from rigid, feature-based methods to deep
learning models that capture spatiotemporal sign dynamics.
Recent advances in CNNs, attention, and multimodal fusion
address challenges in continuous, real-time, and cross-signer
recognition, but issues of efficiency, scalability, and
robustness remain. We review this progression, position our
work within current methods, and motivate the need for our
proposed architecture.

A. Abbreviations and Acronyms Architectural Evolution in
SLR Systems

Human-constructed features have been used by SLR to
advance from HMMs until the intro-duction of deep learning.
The 11-layer CNN model from [1] which existed during its
early development period achieved a 76.4% performance
result in ASL alphabet recognition but lacked the ability to
model time-based changes. Hybrid GMT-MASKRCNN [7]
achieved 94.2% hand-segmentation precision and 89.1% on
ISL but was heavy (14.7M parameters) and limited by fixed
proposals. State-of-the-art attention-based models reached
90.3% on CSL [26] but required 113ms inference, which made
real-time applications impossible to implement whereas the
cross-stream gating method accomplished 92.4% accuracy
using 9.2M parameters. The research studies in [24] (127
systems, 2015-2023) alongside [8] study of 18 methods which
used 7 datasets identify signer independence, continuous
signing, and real-time performance as major difficulties. The
research work of [11] established dual-stage hierarchical
temporal modeling while [27] created multi-scale context-
aware SLR, which inspired our development of unified
hierarchical multi-scale temporal architecture.

B. Temporal Modeling Techniques in Continuous SLR

Temporal modeling is the central challenge in continuous
SLR, as shown in the LSTM-based analysis of [24]. Although
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LSTMs became standard, [21] proved their vulnerability to
vanishing gradients for sequences longer than 50-time steps,
explaining performance saturation. The re-searchers
discovered that BiLSTMs produced the highest WER results
of 24.7% in Arabic SLR tests which needed approximately
twice as many parameters to achieve this performance.
Transformers [19] promised improvements via self-attention,
yet direct SLR applications such as [17] introduced new
challenges. Recent work combining BiLSTM with attention
has been effective, with [22] showing that BILSTM with soft
attention achieves strong performance in dynamic gesture
recognition.

C. Multimodal Fusion Strategies in Modern SLR Systems

The combination of various input modalities has proved to
be an important differentiator of a state-of-the-art sign
language recognition system [20]. The early fusion methods
[13] used landmark and optical flow features, concatenating
them before modeling, and achieved 85.2%. However, [15]
found that performance for early fusion methods degrades
quickly in noisy situations, with a down-time of up to 12.3%
accuracy due to modality interference resulting from assuming
equal modality importance across the sequence. The methods
of [3] used late fusion by voting for the model. Each modality
was processed separately and the predictions were aggregated,
improving the robustness (87.1% accuracy) by allowing the
specialization of each pathway. However, identified
limitations are: (1) duplication of computational cost
parameters (2.4x parameters), (2) difficulty modeling cross-
modal correlations, and (3) latency due to multiple pipelines.

D. Real-time Optimization for Practical Deployment

Deploying real-time SLR systems requires full-pipeline
optimization [16]. In prior work, pre-processing was the main
bottleneck, costing 12.7ms per frame for normalization and
cropping, whereas our streaming on-the-fly normalization
derived from [1] reduces this to 1.2ms via land-mark-anchored
coordinate  transforms  (wrist-based  spectral-location
invariance [1], dynamic feature scaling using batch-
normalization statistics [12], and parallel /O with double
buffering [25]). Quantization is also critical: FP16
quantization caused a 1.2% accuracy drop in Arabic SLR [23],
which we reduce to 0.3% using quantization-aware training
with mixed precision (FP32 for attention, FP16 elsewhere [2],
adaptive gradient scaling [9], and layer-wise calibration).
Future challenges identified in [14] include cross-lingual
transfer (78% for Indian — American SL), few-shot meta-
learning (15-20% less data), and explainable SLR interfaces.

E. Comparison Summary

Table I summarizes representative SLR approaches in terms
of learning paradigm, temporal modeling strategy, multimodal
fusion technique, and key limitations, highlighting how the
proposed work addresses existing gaps.
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TABLEI

COMPARISON OF RELATED WORKS IN SLR

Approach

Learning model

Temporal modeling

Fusion strategy

Limitation

HMM-based SLR [18]

Early CNN-based SLR [1]

GMT-MASKRCNN [7]

Dynamic Attention SLR
[26]

Hand-crafted features + HMM

CNN

CNN + RNN

CNN + Transformer

Sequential
probabilistic states
None (frame-level)
LST™M

Full self-attention

Multi-scale Temporal CNN + Temporal Modules Hierarchical staged
Network [11] modeling
Attention-based CNN + Attention BiLSTM + Attention

Multimodal SLR [3]
Proposed work

Dual-stream CNN + RNN +

Attention

Hierarchical temporal
encoder (Conv1D +
BiLSTM + Windowed
Attention)

Single modality
None

Early fusion (RGB +
hand masks)
Attention-based cross-
modal fusion

Single modality

Late fusion (voting)
Cross-stream gating

(Landmarks + Optical
Flow)

Limited scalability, poor performance
on complex dynamics

Cannot capture temporal
dependencies

High parameter count, fixed-length
proposals, high latency

High inference latency, unsuitable for
real-time deployment

Sequential stages increase complexity
and delay

Parameter duplication, limited cross-
modal correlation

Optimized for low latency, reduced
modal interference, scalable to low-
resource sign languages

III. MATERIALS AND METHODS

Our methodology shown in Figure 1 presents a multimodal
deep learning framework for gesture or sign language
recognition, utilizing both landmark and optical flow features.

:

‘ ﬂumd:n-u;nui ‘

i

Softmax

v
Landmarks

Transromation BILSTM

Fig. 1. Block diagram of the proposed methodology.

Landmark data is processed through a Conv1D layer followed
by batch normalization and attention pooling. Simultaneously,
optical flow data is passed through two separate Conv1D and
BiLSTM branches, each followed by attention pooling to
capture temporal dynamics. All the outputs from different
branches are combined together and then sent through a
softmax layer for the purpose of final classification. The
merging of spatial and motion features boosts the model's
ability to properly recognize complicated gestures.

A. Dataset Creation

In order to tackle the problem of lacking dynamic KSL
datasets, the present research actively engaged in data
collection and processing to establish a large-scale gesture
library. Among the main targets of the project were videos
featuring a wide spectrum of individuals, such as family
members and students from a deaf school, so that the factors
of age, gender, and signing styles could be sufficiently varied.
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The participants gave their written informed consent before
the areas of the experiment were reached. The researchers
concentrated on a set of 11 KSL gestures of total 1287 videos
stored that represent common words for daily interaction, and
processed high-resolution recordings to determine the
important images (Figure 2 shows 16 keyframes from the
‘Bath’ gesture).

Fig. 2. An illustration of the 16 keyframes considered in the ‘Bath’ sample.

For each of the 11 Kannada Sign Language (KSL) gesture
classes, recordings were collected from nine independent
signers. The recordings were captured under natural variations
in execution speed, hand orientation, body posture, and
signing style to increase intra-class variability while
preserving the semantic meaning of each gesture. Before
augmentation, the dataset comprised 1,287 original source
videos. These were partitioned into 901 training videos (70%),
193 validation videos (15%), and 193 testing videos (15%) at
the source-video level to prevent data leakage. The training set
remained 901 videos. Random augmentation was applied
during each training epoch; therefore, no additional videos
were permanently stored. Table II summarizes the gesture
vocabulary used in the study.
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TABLE II
LiIST OF KSL DYNAMIC REGULAR GESTURES WITH DURATION AND
TRANSLATIONS IN KANNADA AND HINDI

S. Sampl Dur Kannada Hindi
No. amples ©)
1 Bath gesture 3 o) 3 (Snana) = (Snan)
2 Brother 2 JSBeexdT (Sahddara) o (Bhai)
gesture
3 City gesture 2 SN (Nagara) &
(Shahar)
4 Father gesture 2 303 (Tande) foram (Pita)
5 Friend 2 #& %3 (Snéehita) fier (Mitra)
gesture
6 Meal gesture 2 ewes (Uta) IS
(Bhojan)
7 Mother 2 S (Tayi) arar (Mata)
gesture
8 Name gesture 2 BID (Hesaru) Fm (Nam)
9 Sister gesture 2 JBeerd (Sahodari) =& (Bahan)
10 Tea gesture 2 3®9 (Chaha) =@ (Chay)
11 Water gesture 2 ed (Niru) art (Pant)

B. Dataset Partitioning and Leakage Prevention

For fair and unbiased evaluation, all 1,287 original source
videos were partitioned at the source-video level into training
(70%), validation (15%), and testing (15%) subsets before any
augmentation was performed. This resulted in 901 original
videos for training, 193 original videos for validation, and 193
original videos for testing.

Data augmentation was applied exclusively to the 901
training videos using horizontal flipping (p = 0.5), additive
Gaussian noise N (0, 0.15), and temporal masking (p = 0.3), as
defined in Equation (11). Neither the validation set nor the
testing set contained augmented samples. Consequently, every
sample used for performance evaluation originated from an
unseen original video, completely preventing data leakage
between training and evaluation.

In addition, duplicate videos and highly similar samples
have been manually identified and discarded when preparing
the dataset to reduce redundancy. To overcome overfitting
during training, we applied dropout (0.5), L2 weight decay (10
-4), label smoothing (= 0.1) and early stopping.

Despite containing 1,287 videos and 11 gesture classes, this
is still a first benchmark dataset of Kannada Sign Language.
Our work will further include additional signers, categories
and contexts to generalize better. Accordingly, the
classification results reported in Table III were computed
exclusively from the original testing partition and do not
include any augmented samples.

C. Feature Extraction

The feature extraction pipeline processes input videos to
generate discriminative spatiotemporal representations. For
each video, we uniformly sample 16 frames and extract two
complementary feature types: human body landmarks and
dense optical flow fields.

1. Human body landmark extraction
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We employ MediaPipe to detect three categories of anatomical
landmarks from each frame:

a) Hand Landmarks (126-dimensional): For a maximum of
two hands, we extract 21 land-marks per hand (wrist and
finger joints), each with 3D coordinates (X, y, z). This is
expressed as follows:

21

2
_ 126
H= I:Léjljgl[xkj’ykj’zkj] €ER M

b) Pose Landmarks (33-dimensional): The eleven selected
pose landmarks were nose, left shoulder, right shoulder, left
elbow, right elbow, left wrist, right wrist, left hip, right hip,
left knee, and right knee. Each selected landmark contributes
three-dimensional coordinates (¥)’2 ), resulting in a 33-

dimensional pose feature vector. Each joint contributes 3D
coordinates as:

11
P= ml-il[xm!ym!zm] € R 2

c) Facial Landmarks (180-dimensional): Sixty facial points
(40 general facial features + 20 lip contours) are captured as:

60
F= Ul[xn,yn,zn] € Ri%0 3)
n=

Normalization: The combined landmark vector
L=H@PPFeR> is standardized using z-score normalization
to ensure scale invariance as:

— M where py =E[L], o, = VEL— 508 (4

ar.

=3

2. Optical flow computation

To capture motion dynamics, we compute dense optical flow
between consecutive frames using Farneback’s algorithm.
This method approximates pixel neighborhoods via quadratic
polynomials:

L(x)® xTAx+b{x+¢
L(x)~ xTA,x+blx + ¢, (5)

The displacement vector d 1is determined by setting
I;(x) =I;(x+d). The resulting flow field O € R¥#*+&Z

(horizontal/vertical components) is down sampled to 32 x32
yielding a 2048-dimensional vector per frame as:

Oresizea = resize(0,(32,32)) € R?%42 ©

3. Feature Aggregation
For each framet € {L....16} The displayed equation will

explain how the landmarks
L, normalized and the flattened optical flow O, are
concatenated as follows:

fo=L.®0, eR? 7)
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. . 16 % 2387
The last video-level feature matrix FeR % s the

collection of these individual frame features. Through this
representation, both spatial (body contour) and temporal
(movement) data are captured at the same time, thus being
able to solve the action recognition problem.

The video input is subjected to a pipeline which has four
different stages to do the processing: (1) Frame Sampling,
where 16 frames are chosen in a way that they are evenly
spaced from each video and linear interpolation is used to
make sure that the entire timeline is covered; (2) Landmark
Detection, where MediaPipe detects hand (H € R'2%), pose
(P € R*®),, and facial (F € R*®%) landmarks per frame; (3)
Flow Calculation, utilizing Farneback’s algorithm to get the
dense optical flow fields between the frames that are
numbered consecutively, then these fields are resized to the
spatial dimensions of 32%32; and (4) Normalization &
Concatenation, where landmarks are normalized using z-score
normalization and then combined with flattened optical flow
vectors to create per-frame features f, € R**#7. The
spatiotemporal features F € R*2387 of 2]l the videos are
stored as NumPy arrays, and class labels are inferred from the
hierarchy of the video directory for supervised learning.

D. Model Architecture

Our  hybrid  architecture  integrates  temporal
convolutional networks, bidirectional LSTM layers, and
transformer blocks to handle sign language features that vary
with time and space. The model has two parallel input streams
being processed: Finimais €7 and F, cgtical flw € I
where T=16 frames. The architecture performs feature

fusion via:

heyseq =
¢ (concat[AttentionPool(hy,, gy an) AttentionPool (hgg, ) 1)
®)

The self-attention mechanism processes landmark features as:

T
Attention(Q, K, V) = softmax|{ ———— |V
QKY) (Sqﬂ(dk))

hoe = LayerNorm(h + FFN (LayerNorm (h +

Attention(hWe, hW,, hWy,) )))

(€))
where FFN denotes a position-dependent feed-forward
network with Swish activation.

Temporal attention weights compress variable-length
sequences:
o, = softmax(tanh(Wh,)), by = Tmj by (10)

To enhance generalization, we apply random transformations:
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flip(x,) with probability 0.5
% ={x +M(0,0.15) always
masked(tyapeiteng) = 0 with probability 0.3 (11)

The training uses gradient accumulation with Adam optimizer:

1
Bacoum = 3 iN=l VBL(fB (Xi);}"i)
Brr1 =8 — 0 clip(Gaccum: 1.0) (12)
Where N = 4 accumulation steps and N = 107 initial
learning rate.

We employ comprehensive validation protocols as Equation

(13):

Accuracyp, =~ T T (argmax e neaf (iﬁé‘:')) = ym)

(13)

Where M validation set size and I indexes TTA iterations. The
model performance is further analyzed through class-wise
ROC curves with AUC scores, normalized confusion matrices
and macro/micro F1 scores.

Load and normalize {Xiin: }"uain}, {Xal, ¥ea) Initialize model
with hyperparameters, sample batch

B ~ data_generator (X ) | compute

L=CE (label_smooth (fg[augmﬂll[ﬂ))):}"a) (14)

Accumulate gradients for 4 steps Update weights with
gradient clipping Early stop and restore best weights Evaluate
with TTA and save metrics. All experiments were conducted
using Google Colab with TensorFlow 2.x and the Keras
framework. Training was performed on an NVIDIA Tesla T4
GPU with CUDA acceleration. The batch size was 32, and the
input sequence consisted of 16 temporal frames. The landmark
feature dimension was 339, while the optical-flow
representation had a spatial resolution of 32 x 32 (2048
features). The proposed model contains 0.58 million trainable
parameters and occupies 5 MB in HDF5 (.h5) format. The
reported inference latency of 48 ms was measured using a
batch size of one sample after model loading in the same
execution environment.

IV. RESULTS

The proposed dual-stream architecture that combines
landmark and optical flow features demonstrated strong
performance in sign language recognition, achieving a final
validation accuracy of 89.53% while maintaining 48 ms
inference latency. The performance metrics are shown in
Figure 3. The training dynamics, convergence Behavior, and
classification performance of the model are shown in this
section. The full training of the two-stage sign language
recognition model, over 120 epochs, revealed three different
learning phases. In the first stage (epochs 1 to 20), the
validation accuracy increased from 14.7% to 48.1% rapidly,
and the loss decreased from 2.42 to 1.51. This indicates that
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the model can easily learn useful cues rapidly and can also
properly perform parameter tuning. During the second stage
(epochs 21-60), the model entered a stable optimization phase
characterized by gradual improvements in validation accuracy.

At the beginning of the final training stage, the learning rate
was reduced from 0.001 to 0.0002 at epoch 73, facilitating
further refinement of the learned representations and
contributing to the final convergence, and validation accuracy
increased from 76.4% to 89.5%, and the loss decreased from
0.76 to 0.75. The close agreement between the training and
validation curves indicates good generalization and limited
overfitting throughout training. Over the last segment, namely
epochs 61-120, the model was still increasing the validation
accuracy incrementally with small increments as if adding the
final touches, going from 76.4% to 89.5%. Training accuracy
also reached 92.4%, and the generalization gap stayed small,
roughly 2.8%. The combination of dropout, L2 regularization,

Model accuracy

label smoothing, and early stopping effectively reduced
overfitting and enabled stable convergence throughout
training.

A. Performance Analysis

On a class basis, the model was able to reveal both its
strengths and weaknesses. In the Figure 4 confusion matrix
pointed out the outstanding performance of such classes as
“name” and “bath”, with the Fl-score of 0.96 being their
common score. The signs show distinct gesture pat-terns
which include the name sign that uses finger-spelling to create
visible spatial and temporal elements. The teachers
encountered difficulties when they tried to manage the classes.
The water sign showed accurate results with its 100 percent
precision but it failed to identify many actual cases because its
0.75 recall rate.

Model loss

oe

o6 1

MCutacy

s

a2

(2]
Epach

& 100 20

Loss

230

2354

200

1350 +

1254

0754

030 +

Q 0

Fig. 3. Training and validation accuracy and loss curves of the proposed model over 120 epochs.

The two results show that either the sign has excessive
similarity to other signs or the sign samples do not match
actual sign performance. The signs for sister and brother
caused some confusion, because their meaning and gesture
patterns are kind of similar, but Table III shows per-class
results and they really confirm that similarity. The overall
macro averaged values of precision (0.90), recall (0.90) and
Fl-score (0.89) bring the implication that performance is
extremely strong and fairly even across the classes. In other
words, predictions weren’t influenced by too many false
alarms, nor were they overly cautious.

The KSL benchmark was very convincingly performed with
a final validation accuracy of 89.53% and varying F1-scores
of 0.84 to 0.96. The present work takes a step ahead by
integrating both low and high temporal features efficiently
into a single architecture that has the ability to operate in real
time with an inference latency of 48 ms. The latency is
achieved without sacrificing accuracy, which is a significant
trade-off for the deployment of assistive technology in real-
world scenarios.

The standard 70/15/15 evaluation protocol is source-video
disjoint but signer dependent because recordings from the
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same signer may appear in both the training and evaluation
partitions. Therefore, the reported validation accuracy reflects
subject-dependent recognition performance, whereas signer-
independent performance is evaluated separately using the
LOSO-CV protocol described in Section IV-D.

B. Robustness and Generalization Assessment

The robustness of the model was evaluated through a series
of complementary analyses. Test Time Augmentation (TTA),
which computes the mean prediction among the different
augmented versions of each input, reached an accuracy of
87.98%, while the standard validation accuracy was 89.53%.
The 1.55% decrease that resulted suggests the model has
captured features largely wunaltered by slight input
perturbations, which is a desirable property for a model to
have in cases of deployment in non-ideal, real-world
conditions. ROC curve analysis shown in Figure 5 provided
additional information. The AUC values being analyzed, from
0.88 for the hardest class (“water”) to 0.98 for the easiest one
(“bath”), resulted in an average AUC of 0.93 for all classes.
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Fig. 4. Classification performance metrics: confusion matrix.

In order to compare the proposed approach fairly, several
benchmark architectures such as LSTM, BILSTM, -ecarly-
fusion, late-fusion, and ConvlD+BiLSTM models are built
and tested on the same KSL dataset with the same train/test
split. Comparative results are presented in Table IV. Our dual
stream cross stream gating model obtains a maximum

recognition accuracy of 89.53%, which benefits from the
integration of multimodal features and the hierarchical
modeling of temporal information. All baselines are trained
and tested using the same experimental setup.

C. Convergence Behavior Analysis

Training happened in 120 epochs and went through three
distinct phases. In the first phase (epochs 1-20), the change in
the validation accuracy was sharp; it increased from 14.7% to
48.1% at the same time the loss was decreasing from 2.42 to
1.51, reflecting a fast feature learning process. The second
phase (epochs 21-60) was characterized by stable
optimization, resulting in a gradual increase in validation
accuracy from 48.1% to 76.4%. At the beginning of the final
phase, the learning rate was reduced from 0.001 to 0.0002 at
epoch 73, enabling further refinement and convergence, which
resulted in a slow but steady rise of validation accuracy from
76.4% to 89.5%. In the last phase (epochs 61-120), the
changes in the model were more subtle as it reached the peak
of 89.5% validation accuracy with a mere 2.8% difference
from training accuracy listed in Table V.

TABLE III
PER-CLASS CLASSIFICATION REPORT
S. No. Class Precision Recall Fl-score Support
1 Bath 0.92 1.0 0.96 18
2 Brother 0.87 0.87 0.87 17
3 City 091 0.88 0.89 18
4 Father 0.90 0.79 0.84 18
5 Friend 0.85 0.96 0.92 17
6 Meals 0.88 0.96 0.92 17
7 Mother 091 0.88 0.89 18
8 Name 0.96 0.96 0.96 17
9 Sister 0.84 091 0.88 17
10 Tea 0.84 091 0.88 18
11 water 1.00 0.75 0.86 18
Accuracy 0.90 193
Macro avg 0.90 0.90 0.89 193
Weighted avg 0.90 0.90 0.89 193
TABLE IV
Receiver Operating Characteristics for Each Class COMPARISON WITH BASELINE MODELS ON THE PROPOSED KSL
e RO oot o 000 e o 1 00 DATASET
104 ) 7| ST e e 0
s w— O cam ks !
2 EEpecivane st Model Accuracy (%)
Vi ROC carme of Yo e 100
0.8 g R0 carve of et (arve + LR LSTM 78.6
A ::“"':""l "";"‘ BIiLSTM 82.4
= e SIS Landmark + Optical Flow (Early Fusion) 84.1
& 06 P e B0 e of 0 e+ 1001 Landmark + Optical Flow (Late Fusion) 86.2
z == - oyt wom <\ Conv1D + BiLSTM 87.0
§ // Proposed Dual-Stream Cross-Stream Gating 39.53
04 " Model
=
TABLE V
o] A TRAINING DYNAMICS ACROSS LEARNING PHASES
s Loss
", Phase Epochs Val Acc A Reduction Key Event
004—2" - iti - 0 isiti
o 2 Ta 1 " Yy Initial 1-20 +33.4% 242—1.51 l; fa&lre acquisition
False Positive Rate Mid 21-60 +28.3% 151075 D€
) ) ) ) optimization
Fig. 5. Classification performance metrics: ROC curve. LR reduction
Final 61-120 +13.1% 0.75—0.45  (Epoch 73),
convergence
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D. Signer-Independent Evaluation

To evaluate signer-independent generalization, a separate
proof-of-concept Leave-One-Signer-Out  Cross-Validation
(LOSO-CV) experiment was conducted on a representative
subset of four signers selected prior to experimentation. This
evaluation was independent of the standard 70/15/15 source-
video partition used for the main experiments. The standard
train/validation/test protocol was adopted to evaluate overall
recognition performance, whereas LOSO-CV was included
only to provide an initial assessment of cross-signer
robustness. Therefore, the two evaluation protocols should be
interpreted independently and are not intended for direct
quantitative comparison.

The selection of four signers was intended to establish an
initial proof-of-concept evaluation of signer independence
while maintaining balanced representation across all gesture
classes and consistent acquisition conditions. Table VI shows
the recognition rates for each fold. The small standard
deviation  demonstrated the strong and consistent
generalization of the proposed system across different persons
and styles of signing. In every fold, all samples of one signer
were put into the test set while samples of three other signers
were into train set and validation set.

TABLE VI
LEAVE-ONE-SIGNER-OUT CROSS-VALIDATION RESULTS FOR THE
PROPOSED KSL RECOGNITION FRAMEWORK

Fold Test Signer Accuracy (%)
Fold 1 Signer 1 86.7
Fold 2 Signer 2 84.9
Fold 3 Signer 3 88.1
Fold 4 Signer 4 85.8
Mean =+ Std - 86.4+1.3

The results of the signer-independent evaluation are depicted
in Table 6, where LOSO-CV protocol was used for the signer-
independent evaluation, with one signer being used only for
testing each fold, while the other signers are used for training
and validation. These results indicate promising signer-
independent performance within the evaluated subset and
should be interpreted independently from the standard
train/validation/test evaluation.

V. CONCLUSION

Our dual-stream architecture has already performed the
hierarchical temporal Modeling at its best and recognized KSL
by eliminating the fundamental problems in this area.
Recognition of the system involved 89.53% wvalidation
accuracy and 48 ms latency, which were significantly
improvements compared to previous approaches. The
proposed framework's effectiveness and robustness have been
clearly demonstrated through comparative assessment against
baseline architectures and signer-independent verification. The
impact of this research is immediate and extensive. The
announcement of the KSL dataset will mark a major turning
point for the researchers working with regional sign languages
as they will be equipped with an essential resource. Besides,
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our deployment optimizations will make technology
applicable to a wide range of real-world applications, best
educational aids and communications assistive devices. The
architecture's modularity allows it to be integrated into
existing assistive technologies, potentially leading to a
substantial change in the accessibility situation of the deaf
community in Karnataka.

Future research can focus on three primary directions. The
first one is to augment the data set with more gestures and
regional differences which will be the reason for the model's
power. The second one is to develop adaptive learning
methods that could even go beyond the current limitations of
few-shot signs learning. The third one is to apply, among
others, explainable Al techniques which would be a plus to the
model's transparency with users thus building trust.
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