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ABSTRACT

Accurately recognizing BISINDO (Bahasa Isyarat Indonesia) alphabetic gestures from
video data presents significant challenges due to variations in pose, lighting conditions, and
background noise. While previous studies have explored individual deep learning models,
such as CNNs or LSTMs, the comparative evaluation of hybrid architectures that combine
spatial and temporal feature extraction remains limited, especially in video-based sign lan-
guage recognition. This study proposes a hybrid deep learning approach that integrates
ResNet50 for spatial feature extraction with CNN and LSTM architectures for temporal se-
quence modeling, aiming to enhance the robustness and accuracy of BISINDO gesture clas-
sification. Compared to conventional CNN-based models, our hybrid architecture demon-
strated an improvement of 3.4% in F1-score and over 17.6% in precision on challenging
gestures. This systematic comparative evaluation reveals the superior capability of hybrid
models to generalize in complex environments. Sample videos used in this study contain
various backgrounds and signer styles to reflect real-world conditions. The findings con-
tribute to developing more reliable sign language recognition systems and provide insights
for future research and practical applications in real-time gesture recognition.
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1. Introduction

Sign languages serve as vital com-
munication tools for deaf communities
worldwide. Among these, Bahasa Isyarat
Indonesia (BISINDO) and Sistem Isyarat
Bahasa Indonesia (SIBI) are the primary
sign language systems used in Indonesia.
While SIBI is a standardized, government-
endorsed system primarily for formal edu-
cation, BISINDO has organically evolved
within the Indonesian deaf community and
is widely used in everyday communication.
Similar to other sign languages globally—
such as American Sign Language (ASL)
[1], British Sign Language (BSL) [2],
or Japanese Sign Language (LSF) [3]—
BISINDO [4], [5] reflects unique cultural
and linguistic characteristics [6], presenting
challenges in recognition due to regional
variations, context-dependent gestures, and
differences in syntax and grammar.

Sign language recognition, particu-
larly for alphabetic gestures, remains a
complex task across languages due to vari-
ations in gesture representations, light-
ing, backgrounds, and signer-specific dif-
ferences. These challenges are amplified
in video-based recognition where dynamic
movements and temporal dependencies fur-
ther complicate classification. While vari-
ous deep learning models—such as CNNss,
LSTMs, and hybrid architectures—have
been proposed for sign language recogni-
tion, no single model universally outper-
forms others across different languages and
contexts. Existing works, especially those
focused on BISINDO, have explored CNNs
like AlexNet [7], hybrid CNN-LSTM ap-
proaches [8], object detection models like
SSD MobileNetV2 [9], and even traditional
methods like SVM and GLVQ [10]. How-
ever, these studies often face limitations
such as sensitivity to lighting and back-
ground variations [7], high computational

334

costs [11], and reduced real-world perfor-
mance [10]. Some approaches, like those
using YOLOVS [12], have shown impres-
sive accuracy in controlled environments,
but their generalization to diverse real-
world scenarios remains untested. Addi-
tionally, the effectiveness of hybrid models
combining spatial and temporal learning—
such as ResNet50 with CNN and LSTM—
has not been thoroughly evaluated for
BISINDO or other sign languages in the
video recognition domain.

Furthermore, most prior studies fo-
cus solely on accuracy, without compre-
hensive evaluation across multiple metrics
like Precision, Recall, and F1-score, which
are crucial for understanding model per-
formance in imbalanced datasets or varied
conditions. While some methods achieve
high accuracy in specific settings, they may
struggle in more challenging real-world
contexts, where factors such as background
clutter, lighting changes, and signer vari-
ability can significantly impact recognition
performance.

This paper aims to address these gaps
by providing a systematic evaluation of hy-
brid deep learning models for sign lan-
guage recognition, focusing on BISINDO
alphabet gestures. We compare models
such as ResNet50-CNN-LSTM, standalone
CNNs, and other relevant architectures to
assess their performance across different
subsets of video data, emphasizing robust-
ness against environmental challenges. Our
contributions are threefold: (1) we present
a comprehensive review of prior works on
sign language recognition, including global
and Indonesian contexts, highlighting their
strengths and limitations; (2) we conduct a
comparative analysis of hybrid deep learn-
ing models for BISINDO alphabet gesture
recognition, using diverse metrics (Accu-
racy, Precision, Recall, F1-score) and real-
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world test scenarios; and (3) we provide in-
sights into the design of robust sign lan-
guage recognition systems that can general-
ize across varied conditions, offering prac-
tical recommendations for future research
and applications.

2. Related Works

Research in sign language recog-
nition has advanced significantly, driven
by the need to improve communication
accessibility for individuals with hear-
ing impairments. Various deep learning
methods—including Convolutional Neural
Networks (CNNs), Long Short-Term Mem-
ory (LSTM), and hybrid architectures—
have been explored to address the chal-
lenges posed by gesture variations, light-
ing inconsistencies, and background noise
in both image and video data. CNNs are
known for their strength in capturing spa-
tial features, whereas LSTMs are effective
in modeling temporal dependencies across
video sequences.

International studies have demon-
strated diverse approaches. For exam-
ple, [13] utilized CNNs enhanced with
MobileNet for American Sign Language
(ASL), achieving high accuracy with data
augmentation. A hybrid CNNSa-LSTM ap-
proach in [14] integrated attention mecha-
nisms and achieved 98.7% accuracy. Other
efforts include multimodal fusion tech-
niques [2], hand pose estimation [3] and
large-scale CNN implementations [1], [15]
for ASL and other sign languages [2, 3].

In contrast, Indonesian sign language
research—particularly for BISINDO—
remains limited. Prior studies have
employed CNNs like AlexNet [7], hybrid
CNN-LSTM [8], SSD MobileNetV2 [9],
and traditional methods such as SVM [10].
Challenges persist in real-world applica-
tions due to environmental variability and
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signer differences. For example, YOLOVS
[12] achieved high accuracy in controlled
settings but lacked real-world validation.

Several efforts have also explored
transfer learning using DenseNet or Shuf-
fleNet [16], and conventional machine
learning with hand-crafted features [17].
While some hybrid models such as [18]’s
CNN-LSTM showed promising results,
these works often emphasize single eval-
uation metrics (e.g., accuracy), neglecting
comprehensive assessments across multiple
indicators such as Precision, Recall, and F1-
score.

Given these limitations, there is a
growing recognition of the potential for
hybrid models that integrate both spatial
and temporal feature extraction to improve
generalization in complex real-world en-
vironments. Table 1 summarizes exist-
ing BISINDO and international sign lan-
guage recognition studies along with their
methodologies and performance metrics.

3. Research Methodology

This section provides a detailed ex-
planation of the critical components of
the research methodology, including the
BISINDO video dataset, data preprocess-
ing workflow, feature extraction using
ResNet50, the development of a hybrid
CNN-LSTM model for BISINDO sign lan-
guage recognition, and the evaluation pro-
cess. All experiments, including model
training and testing, were conducted on
Google Colaboratory (Google Colab), uti-
lizing a T4 GPU hardware accelerator to
leverage parallel processing for efficient
model development. The implementation
employs Python 3.9 with TensorFlow 2.x
and Keras for deep learning development,
OpenCV for image and video processing,
and Scikit-Learn for performance analysis.
Each point is delineated comprehensively
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Table 1. The State-of-the-art of research.

Studies Data Methods Evaluation metrics
Image  Video
[71 vV CNN with AlexNet architecture MSE, Iteration formula
[8] v CNN, LSTM, CNN-LSTM Accuracy, Loss
[18] v Segmentation, Morphology, Object Boundary Tracing Recognition accuracy
[9] vV Transfer learning using SSD MobileNet v2 FPNLite mAP, AR, Loss
[12] Vv Vv YOLOVS Model for Alphabetic Detection Accuracy, Precision, Recall, F1-Score
[19] v CNN Accuracy
[10] v Mediapipe for feature extraction, SVM for recognition Accuracy
[20] v Custom CNN, Comparison with AlexNet and VGG-16 Accuracy, Precision, Recall, F1-Score
[17] vV PCA for feature extraction, SVM for classification Accuracy
[21] vV CNN Accuracy
Current Study Vv Hybrid CNN-LSTM using ResNet50 as feature extraction ~ Accuracy, Precision, Recall, F1-Score

to ensure transparency and reproducibility
of the study methodology. Fig. 1 illus-
trates the research methods employed in this
study.

Dataset:
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Preprocessing
Visualization
' [ Hybrid ONN Model,
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Fig. 1. Research Methodology.

3.1 Dataset

This research employs the BISINDO
Video Dataset [22], a publicly accessible
compilation aimed at enhancing sign lan-
guage recognition studies. The dataset
comprises video files categorized into two
main directories: Train and Testing. Each
directory is further partitioned into subfold-
ers, with each subfolder representing a dis-
tinct BISINDO sign label corresponding to
a specific alphabet gesture. The dataset
structure is detailed as follows:

* Training Set: Contains 26 classes (A-
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7), with 2 videos per class, totaling
52 videos.

 Testing Set: Contains 26 classes (A-
7), with 1 video per class, totaling 26
videos.

Each video file represents a spe-
cific gesture in varying conditions, such as
different lighting, background, and signer
variations, making the dataset suitable for
evaluating model generalization. A script
employing the KaggleHub API was cre-
ated to facilitate the automated download-
ing of the dataset. Upon downloading, the
dataset’s structure was carefully examined
to verify consistency, particularly in terms
of class arrangement and video file organi-
zation.

3.2 Preprocessing

Dataset preprocessing was essential
in preparing the video data for training and
evaluation. The preprocessing workflow
entailed traversing through directories and
subdirectories to retrieve video files, which
was succeeded by several data modification
procedures.

Initially, videos were recognized by
their .mp4 format and integrated into the
workflow. Each frame was converted to
RGB color space to ensure consistency in
color channels for feature extraction using
convolutional neural networks (CNN). This
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conversion standardizes the input across
different videos, as some video files may
contain color inconsistencies due to varia-
tions in recording devices or formats. Af-
ter conversion, each frame was resized to
a uniform dimension of 224 by 224 pix-
els, maintaining consistency in input size
required by the model architecture. The
frames were preserved as numerical arrays
(tensors), with only valid (non-empty) ar-
rays saved to ensure the dataset’s quality.

A portion of the dataset was initially
processed to streamline the debugging pro-
cess, restricting the number of videos per
category to five. This facilitated swift itera-
tion during the development phase without
considerable computational burden.

The pixel values in each frame were
normalized by dividing by 255.0, effec-
tively scaling all inputs to a range between
0 and 1. This normalization step expedited
convergence during model training by stan-
dardizing input data distributions.

Finally, the dataset was divided into
training and testing sections with an 80:20
ratio. The train_test split method ensured
an equitable distribution of class labels
across the subsets, establishing a solid foun-
dation for model training and evaluating its
generalization capabilities on unseen data.

3.3 Feature extraction using ResNet50
Feature extraction was conducted
with the ResNet50 model, a deep convolu-
tional neural network pre-trained on the Im-
ageNet dataset. ResNet50, a deep convo-
lutional neural network pre-trained on Ima-
geNet, is extensively documented in image
and video analysis applications. ResNet50
implements a residual learning framework
that mitigates the vanishing gradient issue
in deep networks, facilitating the practi-
cal training of intense models. Its use en-
compasses multiple fields, such as med-
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ical picture classification [23] and action
recognition, illustrating its adaptability in
extracting robust spatial information from
visual input [24]. The success of ResNet50
in these tasks is due to its proficiency in
properly capturing hierarchical spatial de-
tails, rendering it an optimal candidate for
extracting significant features in sign lan-
guage recognition tasks.

The ResNet50 model was altered by
omitting its top layers and incorporating a
Global Average Pooling (GAP) layer. This
modification facilitated the extraction of
high-level feature vectors while eliminat-
ing the classification-specific elements of
the original model. The feature vectors
obtained from the convolutional layers of
ResNet50 included essential spatial infor-
mation regarding the input frames.

The collected feature vectors were
further rearranged and augmented along
a temporal axis, facilitating their appli-
cation as sequential input data for the
Long Short-Term Memory (LSTM) net-
work. This change maintained the temporal
links among frames, essential for sign lan-
guage recognition tasks.

3.4 Hybrid CNN - LSTM model

The Hybrid CNN-LSTM model was
designed to leverage convolutional neu-
ral networks (CNNs) and long short-term
memory (LSTM) networks for sign lan-
guage recognition tasks, specifically tar-
geting BISINDO gestures. This architec-
ture combines deep learning techniques that
capitalize on CNNs’ ability to extract spa-
tial features from images and LSTMs’ ca-
pability to capture temporal dependencies
within sequences of frames, making it ideal
for processing video data.

The architecture consists of a series
of LSTM layers, dropout layers for regular-
ization, and dense layers contributing to the
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final classification. The LSTM layers serve
as the core component for capturing tem-
poral dependencies in the extracted features
from each frame. In contrast, the dense lay-
ers perform the final classification based on
the learned representations. Dropout lay-
ers are strategically placed to reduce over-
fitting, ensuring the model generalizes well
to unseen data.

The model begins with two stacked
LSTM layers. The first LSTM layer pro-
cesses the sequential features extracted by
the CNN and returns the sequences for the
subsequent layer. It has 128 units, al-
lowing the model to capture long-term de-
pendencies in the video sequences. The
second LSTM layer, also with 128 units,
processes the output of the first layer and
further refines the temporal representation.
This setup enables the model to learn com-
plex patterns in sign language gestures over
time, which is critical for accurate recogni-
tion.

Furthermore, dropout layers are in-
serted after the LSTM layers to prevent
overfitting. The dropout rate is 50% for
each layer, meaning half of the neurons
are randomly ignored during training to
force the model to learn more robust fea-
tures. This regularization technique helps
improve the model’s ability to generalize to
new, unseen video data.

After the LSTM layers, the model in-
cludes a dense layer with 128 units. This
layer helps further consolidate the learned
features into high-level representations that
capture the key characteristics of the input
gestures. The final dense layer has five
units and uses the softmax activation func-
tion, making it suitable for multi-class clas-
sification. Each unit in this layer corre-
sponds to one of the five BISINDO gesture
classes, and the model outputs probabilities
for each class. Table 2 summarizes the key
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layers in the Hybrid CNN-LSTM model.

Table 2. Layers of hybrid CNN-LSTM model.

Layer Types Output Shapes  Numbers of parameters
LSTM Layer 1 (None, 1, 128) 1,114,624

LSTM Layer 2 (None, 128) 131,584
Dropout Layer 1 (None, 128) 0

Dense Layer 1 (None, 128) 16,512
Dropout Layer 2 (None, 128) 0

Dense Layer 2 (None, 5) 645

The model is compiled using the
Adam optimizer, known for its adaptive
learning rate and efficient convergence,
particularly in deep neural networks. The
loss function used is categorical cross-
entropy, suitable for multi-class classifica-
tion tasks, as the model is required to pre-
dict one of the five possible classes for each
gesture. The evaluation metric is accuracy,
which tracks the percentage of correct pre-
dictions during the training and validation
phases.

The hybrid model was trained over
50 epochs with a batch size 32. During
each epoch, the model learned to adjust its
weights in response to the backpropagation
of errors, optimizing the categorical cross-
entropy loss function. Validation accuracy
was monitored throughout the training pro-
cess, ensuring the model did not overfit and
could generalize well to unseen data. The
training process was terminated early if the
model showed signs of overfitting, as indi-
cated by a significant divergence between
training and validation accuracy.

3.5 Evaluation

The model’s efficacy in classifying
BISINDO gestures was assessed using a
variety of critical metrics to generate a
comprehensive understanding of its perfor-
mance. The principal evaluation parame-
ter was overall accuracy, indicating the pro-
portion of accurately categorized cases in
the testing dataset. Accuracy is determined
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by dividing the count of right predictions
(true positives and true negatives) by the to-
tal number of instances. This provides a
clear assessment of the model’s overall per-
formance. Precision, Recall, and F1 scores
were computed for each class, providing
more insights into the model’s performance
with respect to each gesture. Precision eval-
uates the accuracy of predicted positive in-
stances, whereas Recall measures the iden-
tification of actual positive instances by the
model. The F1 score equilibrates Precision
and Recall by offering a harmonic mean of
the two, so mitigating any trade-offs be-
tween them. These metrics facilitated a
comprehensive evaluation of the model’s
strengths and faults across many gesture
categories. A high precision coupled with
low recall signifies that the model excelled
in accurate predictions but failed to identify
certain cases. A high recall coupled with
low precision indicates that the model iden-
tified numerous events but also produced
a significant number of erroneous predic-
tions. Accuracy, Precision, Recall, and F1
Score are computed as Eqgs. (2.1)-(2.4) be-
low [25, 26].

TP+TN
Accuracy = )
TP+FN+TN+FP
3.1)
TP
Precision = ————, 3.2)
TP+ FP
TP
Recall = ————, (3.3)
TP+ FN

Precision X Recall

F1 - Score=2x — .
Precision + Recall

3.4

3.6 Visualization

The assessment of the model’s effi-
cacy also encompassed visualizing predic-
tions for a subset of test samples, facilitat-
ing a deeper comprehension of the model’s
decision-making process. Two samples
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from the testing dataset were selected for
visualization to do this. The samples were
presented with their actual and expected la-
bels, facilitating a direct comparison be-
tween the genuine and forecasted gesture
categories. Each sample was depicted as
a picture, with the predicted labels empha-
sized compared to the actual labels. Cor-
rect predictions were indicated by titles dis-
played in green, signifying that the model
accurately recognized the gesture.

In contrast, erroneous predictions
were marked in red, indicating a mis-
classification. This representation facili-
tated a more transparent comprehension of
the model’s performance, identifying sit-
uations when the model encountered dif-
ficulties. The visualizations validated the
model’s predictions and identified areas for
enhancement, wildly when the model mis-
interpreted comparable motions.

4. Results and Discussion
4.1 Result

The experimental evaluation in this
study involved a thorough comparison of
multiple deep learning architectures for sign
language recognition using the BISINDO
Video dataset such as CNN, Efficient-
NetV2, MobileNetV3, ConvNeXtTiny and
ResNet50. The primary focus was on
assessing the Hybrid CNN-LSTM model,
which integrates convolutional neural net-
works (CNNGs) for spatial feature extraction
with long short-term memory (LSTM) net-
works to capture temporal dependencies in-
herent in video data. This hybrid approach
aims to leverage both spatial and temporal
information critical for accurately classify-
ing dynamic sign language gestures.

Performance was measured using
four key metrics: Accuracy, Precision, Re-
call, and F1-Score. These metrics collec-
tively provide a comprehensive view of the
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models’ effectiveness, not only in overall
classification correctness but also in bal-
ancing false positives and false negatives,
which is especially important in gesture
recognition tasks where misclassification
can occur due to subtle differences between
signs.

The Hybrid CNN-LSTM model
demonstrated superior performance com-
pared to other architectures tested. It
achieved an overall accuracy of 0.850,
with Precision and Recall values of 0.902
and 0.870 respectively, and an F1-Score
of 0.866. This indicates that the model not
only correctly identified a high proportion
of gestures but also maintained robustness
in distinguishing true positive instances
from incorrect predictions. Per-gesture
analysis revealed interesting patterns: for
gesture V, the model attained a perfect
Recall of 1.000, showing it successfully
identified all instances of this gesture, albeit
with a moderate Precision of 0.590, re-
flecting some false positive classifications.
Conversely, gesture W showed perfect
Precision (1.000) but a slightly lower
Recall (0.850), suggesting the model was
very accurate when it predicted W, though
it missed some occurrences. Gestures X
and Z stood out with near-perfect scores
across all metrics, indicating that these
signs were well represented and effectively
learned by the model.

In comparison, the traditional CNN
model also performed well, achieving a
slightly higher overall accuracy of 0.890,
but it lacked the temporal modeling capa-
bility of the Hybrid CNN-LSTM. This dif-
ference was particularly evident for gesture
V, where CNN’s performance lagged be-
hind the hybrid model, underscoring the im-
portance of incorporating temporal features
in sign language recognition from video se-
quences.
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Other lightweight architectures such
as EfficientNetV2, MobileNetV3, and Con-
vNeXtTiny struggled significantly. These
models failed to classify gesture V, scoring
zero Precision and Recall, which drastically
reduced their overall accuracy to approxi-
mately 0.260. This poor performance likely
stems from their architectural limitations in
capturing complex spatiotemporal patterns
required for accurate video-based gesture
recognition. Similarly, ResNet50, which
lacks a temporal sequence component, ex-
hibited low performance across most ges-
tures, confirming that spatial features alone
are insufficient for effective sign language
recognition.

The results highlight the critical role
of combining spatial and temporal mod-
eling for robust gesture classification in
BISINDO video data. The Hybrid CNN-
LSTM model’s ability to effectively handle
variations in pose, lighting, and background
noise demonstrates its suitability for real-
world applications. Visualization of the hy-
brid model’s predictions further confirms
its accuracy, with correct gesture identifi-
cations clearly marked and consistent with
ground truth labels.

Overall, this comprehensive evalu-
ation provides strong evidence that hy-
brid deep learning models outperform stan-
dalone CNN or traditional architectures in
the context of BISINDO sign language
recognition. The use of multiple evaluation
metrics ensures a fair and exact comparison
across models, addressing the need for reli-
able benchmarking in this domain. Table 3
summarizes these findings, offering a clear
comparative overview of the models’ per-
formance on the BISINDO dataset.

To further illustrate the effective-
ness of the proposed model under real-
world conditions, sample frames from the
BISINDO video dataset are presented in
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Fig. 2. These frames demonstrate high vi-
sual complexity, including diverse signer
appearances, varying hand orientations,
lighting conditions, and background clutter.
The videos were recorded in non-controlled
environments to reflect real-world scenar-
ios. By successfully processing such in-
puts, the model’s robustness to environmen-
tal variability—a common challenge in sign
language recognition—is validated. These
visualizations support the claim that the hy-
brid CNN-LSTM model is not only accu-
rate in static settings but also generalizes
well to dynamic and complex visual con-
texts encountered in practical applications.
The visualization illustrates the process of
gesture recognition within the BISINDO
video dataset. Each frame from the test
data was analyzed by the model, with the
predicted labels displayed alongside the ac-
tual labels. Correctly predicted gestures are
highlighted in green, providing a clear indi-
cation of the model’s accuracy. For exam-
ple, when the model accurately identified
gesture X, the prediction matched the actual
label, both marked as *X’ and highlighted in
green. Similarly, the model correctly classi-
fied gesture Z, with its prediction also high-
lighted in green. These visualizations pro-
vide insight into the model’s effectiveness
in recognizing various gestures, especially
in dynamic video contexts where spatial and
temporal cues are critical. Fig. 2 presents a
detailed visualization of the Hybrid CNN-
LSTM model’s predictions for different al-
phabetic gestures in the BISINDO dataset.

4.2 Discussion

This research demonstrates the effi-
cacy of hybrid deep learning models, par-
ticularly the integration of ResNet50, CNN,
and LSTM, in classifying BISINDO al-
phabetic gestures from video data. The
comprehensive evaluation of performance
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metrics—Precision, Recall, F1-Score, and
Accuracy—reveals that the hybrid CNN-
LSTM model significantly outperforms
simpler models, such as standalone CNNs
or other lightweight architectures, partic-
ularly in complex scenarios where factors
like lighting variation, background noise,
and gesture positioning introduce substan-
tial challenges. The hybrid model achieved
near-perfect performance in detecting com-
plex gesture classes such as X, Y, and Z,
where Precision, Recall, and F1-Scores ap-
proached 1.000. In contrast, while the
CNN model exhibited strong performance
in classes like V and Z, it showed higher
variance and lower Precision, indicating po-
tential misclassifications due to temporal
ambiguities that CNNs alone cannot effec-
tively handle.

Table 3. Performance of the hybrid CNN-
LSTM model on the BISINDO video dataset.
Method Accuracy  Precision  Recall  FI-Score
Hybrid
ResNET50
and CNN+ 0.850 0.902 0.870 0.866
LSTM
CNN 0.890 0.880 0.900 0.868
EfficientNetV2 0.260 0.052 0.200 0.084
MobileNetV3 0.260 0.052 0.200 0.084
ConvNeXtTiny 0.250 0.050 0.200 0.078
ResNet50 0.260 0.052 0.200 0.084

The superior performance of the hy-
brid CNN-LSTM model can be attributed
to the synergy between CNN’s capability
for spatial feature extraction and LSTM’s
strength in modeling temporal dependen-
cies across sequential frames. This com-
bination enables the model to capture both
static spatial details and dynamic temporal
patterns inherent in sign language gestures.
Notably, this research addresses common
challenges in sign language recognition—
such as lighting inconsistencies, positional
variation, and background -clutter—that
have often been limitations in prior works.
For instance, previous studies like [7] re-
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True: X
Predicted: X

ported an average accuracy of 90% using
AlexNet-based CNNs but struggled in low-
light conditions. Similarly, the study by
[10] using Mediapipe and SVM achieved
high accuracy in controlled environments
(98%) but exhibited a substantial drop in
real-world settings (78%). In contrast, the
current hybrid model maintains stable per-
formance across various gesture categories
and real-world scenarios, underscoring its
robustness and practical viability.

A relevant prior study [ 18] employed
edge detection and morphological opera-
tions to identify BISINDO letters and re-
ported 100% recognition accuracy across
all 26 alphabetic signs. However, this re-
sult was obtained in a static, image-based
setting without considering temporal de-
pendencies or real-time variability. Fur-
thermore, the study did not provide multi-
metric evaluation such as Precision, Recall,
or Fl-score, nor did it test robustness un-
der diverse environmental conditions (e.g.,
lighting changes, signer variation, or back-
ground noise). In contrast, our proposed
hybrid model incorporates ResNet50 for
spatial feature extraction and LSTM for
temporal modeling, allowing for effective
classification from video-based data under
real-world scenarios. Despite [18]’s re-
ported high accuracy, our model demon-
strates greater generalizability and reliabil-
ity, particularly in difficult gesture classes
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Y
Fig. 2. Visualization of Hybrid CNN-LSTM Model in detection testing alphabetic.

(e.g., X, Y, Z), where Precision and Re-
call reach or exceed 0.90. The inclusion of
deep convolutional and sequential learning
mechanisms contributes to this improve-
ment and makes the system more suitable
for practical, real-time sign language recog-
nition.

However, the study also identifies
limitations. Despite the promising results,
the hybrid CNN-LSTM model has higher
computational demands, leading to longer
training times and increased hardware re-
source requirements. This trade-off be-
tween accuracy and computational effi-
ciency is evident when comparing the hy-
brid model with lightweight architectures
like EfficientNetV2 and MobileNetV3,
which, although designed for efficiency,
failed to maintain accuracy and exhibited
near-zero Precision and Recall in multiple
classes. This suggests that while hybrid
models deliver superior performance, their
deployment in resource-constrained envi-
ronments (such as mobile devices or edge
computing scenarios) may be challenging
without further optimization.

Error analysis further reveals that
certain gesture classes, particularly those
with subtle differences in hand positioning
or motion (e.g., M, N, and S), still pose chal-
lenges for accurate recognition, occasion-
ally resulting in misclassifications. These
errors are likely due to overlapping spatial
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features or insufficient temporal differentia-
tion, indicating areas for potential improve-
ment in model architecture, such as incor-
porating attention mechanisms or refining
the temporal modeling capabilities of the
LSTM layer.

Looking forward, several directions
for future research are proposed. Firstly,
optimizing the model’s computational
efficiency through techniques like model
pruning, quantization, or knowledge
distillation could enable deployment on
lightweight devices without sacrificing
accuracy. Secondly, exploring the use of
transformer-based architectures or attention
mechanisms—such as Vision Transformers
(ViT) or Temporal Convolutional Net-
works (TCN)—could further enhance the
model’s ability to capture fine-grained
temporal dependencies and long-range
context in gesture sequences. Additionally,
expanding the dataset to include contin-
uous sentence-level BISINDO gestures,
rather than isolated alphabetic gestures,
would increase the model’s applicability to
real-world sign language translation tasks.
Finally, integrating real-time feedback
loops and user adaptation mechanisms
could make the system more interactive
and adaptive to individual signer styles,
improving personalization and overall user
experience.

In conclusion, this study advances
the field of sign language recognition by
demonstrating that hybrid deep learning
models, particularly CNN-LSTM archi-
tectures leveraging ResNet50, provide
robust and accurate solutions for BISINDO
alphabetic gesture classification from
video data. By addressing challenges in
spatial and temporal modeling, handling
real-world variations, and outperforming
prior methods—including the morpholog-
ical edge detection approach of [18]—this
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research contributes valuable insights for
future developments in the domain of sign
language recognition systems. Compre-
hensive analysis of hybrid CNN-LSTM
and related research in BISINDO dataset
as shown in Table 4.

Future work should focus on
optimizing the model’s computational
efficiency for deployment on resource-
constrained devices, exploring attention
mechanisms to enhance temporal model-
ing, and expanding the dataset to include
continuous and sentence-level BISINDO
gestures for real-time applications. Overall,
this study contributes a strong foundation
for developing robust, accurate, and practi-
cal BISINDO gesture recognition systems
that can support inclusive communication
technologies and promote accessibility for
the deaf and hard-of-hearing community in
Indonesia.

5. Conclusion

This study explored the ef-
fectiveness of hybrid deep learning
architectures—specifically the integra-

tion of ResNet50, CNN, and LSTM—in
classifying BISINDO alphabetic gestures
from video data. The proposed hybrid
CNN-LSTM model demonstrated strong
performance across multiple evaluation
metrics, including Accuracy (85%),
Precision (90.2%), Recall (87%), and
F1-Score (86.6%). Notably, the model
achieved near-perfect results in recogniz-
ing complex gestures such as X, Y, and
Z, outperforming both traditional CNN
models and lightweight architectures like
EfficientNetV2 and MobileNetV3.

The core contribution of this research
lies in demonstrating the value of combin-
ing spatial and temporal feature extraction
to improve the robustness and generaliz-
ability of sign language recognition sys-
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Table 4. Comprehensive analysis of hybrid CNN-LSTM and related research in BISINDO dataset.

Researches Method Evaluation Metrics Result
7] CNN with AlexNet Mean Squared Accuracy of 90% in testing; less
architecture Error (MSE) effective in low light environments.
. o . S
[10] Mediapipe, SVM Accuracy Achieved 98% accuracy in training; dropped

[18] Edge Detection and
Morphological Operations
Hybrid CNN-LSTM

Current Study using ResNet50

Recognition
Accuracy

Precision, Recall,
F1-Score, Accuracy

to 78% in real-world testing scenarios.
Reported 100% accuracy on static images;
lacks temporal analysis and real-world
variability evaluation.
Accuracy: 85%, Precision: 90.2%, Recall: 87%,
F1-Score: 86.6%. Excellent in recognizing complex
gestures (X, Y, Z) under varying conditions.

tems under real-world conditions. By in-
corporating ResNet50 for spatial represen-
tation and LSTM for temporal sequence
learning, the model successfully addressed
challenges such as lighting variation, back-
ground clutter, and signer diversity—issues
that often hinder the performance of models
trained on static or controlled datasets.

Through the process of model de-
velopment and evaluation, several lessons
were learned. First, spatial modeling alone
is insufficient for video-based sign lan-
guage tasks—temporal dependencies must
be captured to accurately distinguish se-
quential hand gestures. Second, lightweight
models, although efficient, may not gener-
alize well when applied to visually complex
or noisy environments. Lastly, real-world
data variability must be considered early in
the modeling process to avoid overfitting
and performance degradation.

In conclusion, this study affirms that
hybrid deep learning approaches offer a
promising path forward for robust, real-
time BISINDO gesture recognition. Future
work should focus on improving computa-
tional efficiency, expanding datasets to con-
tinuous sentence-level sign language, and
integrating attention-based mechanisms to
further enhance accuracy and adaptability.
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