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Abstract—The inability of the general population to
understand sign language creates serious communica-
tion barriers for hearing-impaired individuals in critical
situations such as healthcare emergencies, educational
settings, and workplace environments. Addressing this
gap requires effective and accurate automated recogni-
tion systems. This proposed research presents a real-time
American Sign Language (ASL) recognition system for
24 dynamic signs that integrates the MediaPipe frame
work with Long Short-Term Memory (LSTM) network.
To enhance performance while reducing computational
complexity, only the most relevant features are extracted
from self-recorded dynamic sign videos: coordinates of
65 key hand and body landmarks, complemented by
41 engineered angle features between joint connections
and 26 engineered distance features between specific
landmark pairs, yielding a compact 285-feature repre-
sentation per frame. As a result, LSTM network han-
dles spatiotemporal sequence modeling across 25-frame
sequences, effectively capturing the dynamic nature of
sign language gestures. The proposed system achieves
98% test accuracy, with precision, recall, and F1-score
of 98% across 720 test samples. It also successfully
interprets all 24 dynamic signs in real-time testing scenar-
ios using a standard webcam, including visually similar
sign pairs such as “Good”/“Bad” and “Mother”/“Not”,
demonstrating its practical applicability for assistive
communication technologies. The research contribution
lies in the systematic integration of MediaPipe Holistic
with strategic feature engineering (combining landmark
coordinates with computed angles and distances) and
LSTM modeling to achieve efficient real-time dynamic
sign recognition with reduced computational and data
requirements.

Index Terms—American Sign Language, Dynamic
Signs, MediaPipe, Holistic Model, Long Short-Term
Memory (LSTM)
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I. INTRODUCTION

COMMUNICATION is necessary in everyday life
because it enables people to express opinions,

share ideas, and participate in society [1]. How-
ever, communicating clearly can be more difficult for
hearing-impaired individuals. Hence, Sign Language
(SL) is extremely important in improving these peo-
ple’s lives by allowing them to communicate with
others and exchange knowledge and feelings. But, a
communication gap exists between hearing-impaired
individuals and the general population due to the
general population’s lack of familiarity with SL [2].
To overcome this gap, solutions such as a rapid sign-
to-text recognition system, similar to the previous
work [3], should be developed to assist this population
in engaging and integrating into society. This research
expands upon the previous research [4]. In this present
research, the subject is explored, and additional expla-
nations and analyses are presented.

SL recognition plays an essential role in bridging
communication gaps and fostering inclusivity for in-
dividuals with hearing impairments [5, 6]. Its signifi-
cance extends across various facets of life, including
equal access to information, education, healthcare, and
employment, and it is necessary to ensure safety during
emergencies [5, 7]. By achieving high accuracy in real-
time recognition of SL, automated systems can break
down communication barriers and empower hearing-
impaired individuals to participate fully in society.

More than 300 SLs are in use worldwide [8], includ-
ing British SL, Japanese SL, Arabic SL, Brazilian SL,
and American SL (ASL), and each presents regional
and/or national differences [9]. The development of a
universal SL recognition system is complicated by this
linguistic diversity. Although progress has been made
in developing automated translation systems for certain
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SLs [10, 11], significant challenges persist due to the
complexity of SL grammar and the wide variety of
signing styles that different individuals use. Neverthe-
less, advances in computer vision and machine learning
have the potential to enhance communication by im-
proving the efficiency and accuracy of SL recognition
systems.

Since ASL is the most widely used SL [12], it is
reasonable to focus on it. Static and dynamic signs are
the two forms of ASL [13]. Static signs are simpler
to locate and recognize because they do not involve
movement. In contrast, dynamic signs require detection
of movement and are much more difficult to recognize.
Their identification necessitates tracking all sign move-
ments over a sequence of frames and analyzing each
of these frames before interpreting the sign. Despite
the difficulty in dynamic signs, recognizing them is
necessary because they represent a major part of ASL
vocabulary. The research aims to address the real-time
recognition of dynamic signs by developing a system
capable of accurately identifying a set of commonly
used dynamic signs in ASL.

Many researchers have been investigating various
methods to overcome the challenges associated with
ASL recognition since the 1980s [14]. Early ap-
proaches relied on sensor gloves for tracking hand
gestures [15], which suffer from hardware dependency,
discomfort, and high costs. Traditional methods using
Hidden Markov Models (HMMs) for dynamic sign
language recognition through multi-sensor data fu-
sion [16]. Recent studies have combined Convolutional
Neural Network (CNN) and Long Short-Term Memory
(LSTM) networks for dynamic sign recognition [17–
19]. They have used CNN for feature extraction and
LSTM for classification. More recently, the Medi-
aPipe framework has been applied to extract land-
mark coordinates, which are then processed using var-
ious neural networks including One-Dimensional (1D)
CNN [20], Recurrent Neural Network (RNN) [21, 22],
and LSTM [23]. Additionally, distances and angles are
calculated using the landmark coordinates acquired via
the MediaPipe framework [24], but this is only done
for static signs. Nevertheless, existing approaches face
limitations including dependency on large datasets,
complex processing requirements, sensitivity to envi-
ronmental factors, and ineffective feature generation.
This research addresses these limitations by using
MediaPipe to extract relevant landmark coordinates
and developing two additional engineered features, dis-
tances and angles, to enhance recognition performance
while reducing dataset requirements and environmental
sensitivity.

Dynamic sign recognition requires the acquisition
and processing of sequential information and features

to effectively identify a sign [25, 26]. However, the
presence of irrelevant information, such as background,
skin tone, and colors can significantly decrease model
accuracy and require considerable time and effort for
training [26]. As a solution, only the features relevant
to dynamic sign recognition are extracted, discard-
ing all other irrelevant information. This method not
only enhances the model’s accuracy but also reduces
training time and computational effort, making it an
efficient approach for dynamic sign recognition. Fur-
thermore, this solution allows for the construction of
more lightweight and portable models that can be
used in real-time systems, providing greater access to
dynamic sign recognition technologies.

Effective implementation of the dynamic sign iden-
tification process requires integration of various tools
and methods. A critical component is the use of a
suitable framework capable of accurately determining
the coordinates of key landmarks on the human body.
For this purpose, the MediaPipe framework, specifi-
cally designed for such tasks [27], is selected. After
obtaining these coordinates, they are used as input
to construct and train an LSTM model. The LSTM
network is a type of RNN that excels at processing
sequential data [28, 29], such as the sequential features
extracted from dynamic signs. The model is trained on
a large dataset of labeled dynamic signs. The dataset
is created by recording all sign gestures performed by
the first author using a standard webcam, after which
the videos are annotated and organized for model
training. This process enables the model to learn the
temporal patterns and discriminative features required
for accurate sign identification.

The main contributions of the research include the
following:

1) Systematic feature engineering for dynamic signs:
Development of a structured feature engineering
pipeline tailored for dynamic sign recognition,
combining an optimized subset of 65 landmarks
with 41 angle features and 26 distance features
to construct a compact and discriminative 285-
feature representation suitable for temporal se-
quence modeling.

2) Efficiency optimization: Achievement of 98%
recognition accuracy using only 150 videos per
sign, demonstrating substantially lower data re-
quirements compared to deep learning methods
that typically rely on large-scale datasets [18, 19].

3) Real-time validation and deployability: Develop-
ment of a complete inference pipeline capable
of performing feature extraction and sign inter-
pretation in real-time on a standard consumer-
grade webcam, confirming practical suitability for
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Fig. 1. Training process. Note: Long Short-Term Memory (LSTM).

assistive communication applications.
4) Comprehensive dynamic sign recognition: Ac-

curate classification of 24 frequently used ASL
dynamic signs, validated across both controlled
test data and real-world evaluation scenarios.

II. RESEARCH METHOD

A. Proposed Training and Testing Process

Figure 1 presents a summary of the model’s devel-
opment and training approach. The model is built in
stages, including recording video of dynamic signs,
extracting the coordinates of custom landmark features
using MediaPipe, calculating angles and distances, and
saving all these data in a NumPy array. Then, these
data are used to train the LSTM network and obtain
the trained model.

Following the training phase, the model goes
through the testing phase. The first step evaluates the
model’s performance metrics using test data and deter-
mines the number of correct and incorrect predictions.
In the second step, a standard computer camera is used

Fig. 2. Testing process. Note: Long Short-Term Memory (LSTM).

to evaluate the model’s response and accuracy in real-
world situations. These steps are presented in Fig. 2.

To provide a systematic and reproducible description
of the methodology, Algorithm 1 formalizes the com-
plete pipeline in pseudocode format. The algorithm is
organized into four phases: data preparation (feature
extraction from 150 videos per sign and dataset split-
ting), training (LSTM network training with validation
data), testing (metrics evaluation on reserved test data),
and inference (real-time recognition with webcam).
This algorithmic representation complements Figs. 1
and 2, providing a detailed step-by-step description that
enhances reproducibility.

B. Proposed Model Architecture

To recognize a sign and determine its corresponding
name, it is necessary to track multiple frame features.
It requires sequential analysis of grouped data, with
each group containing relevant features. Due to the
sequential nature of the data processing task, the LSTM
network is selected as the optimal approach for execu-
tion. The network is built with 4 LSTM layers, 4 dense
layers, and an output layer containing 24 neurons,
corresponding to the total number of dynamic signs
to be recognized. Table I presents a summary of the
network layers and the number of parameters to be
trained.

In addition to the training parameters, the model
requires additional hyperparameter adjustments before
starting the training process. The hyperparameters are
factors that control the learning process, and their
values can have a significant impact on training per-
formances and so must be appropriately adjusted. In
the research the dataset is divided into two portions:
80% of the data is used for training, comprising 120
videos for each sign and ensuring an adequate sample
for effective training, with the remaining 30 videos for
testing.

The input layer neurons are set to match the number
of frames, specifically 25, as elaborated in the sub-
sequent section. Likewise, the output layer neurons
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Algorithm 1. Dynamic Sign Language Recognition
Pipeline

INPUT: Video frames for training/testing
OUTPUT: Recognized sign label

Phase 1: Data Preparation
01: For each sign s in vocabulary (24 signs):
02: For each video v in dataset (150 videos per sign):
03: Record 25 frames
04: For each frame f :
05: Extract 65 landmark coordinates using Holistic
model
06: Compute 41 angles (Equations (1)–(2), Ta-
ble III)
07: Compute 26 distances (Equation (3), Table IV)
08: Concatenate into 285-feature vector
09: Save 285-feature vector as a separate .npy file
10: End For
11: End For
12: End For
13: Split dataset: training, validation and testing (as specified in
Table II)

Phase 2: Training
14: Split training + validation data (as specified in Table II)
15: Train LSTM network with:
16: Training data: 102 videos per sign
17: Validation data: 18 videos per sign
18: Input: sequences of 25 frames × 285 features
19: Architecture: 4 LSTM layers + 5 Dense layers
20: Output: 24 classes (one per sign)
21: Hyperparameters: as specified in Table II

Phase 3: Testing (Metrics Evaluation)
22: For each video v in test set (30 videos per sign):
23: Load 25 .npy files (one per frame)
24: For each frame f:
25: Extract 285-feature vector from .npy file
26: End For
27: Feed sequence to trained LSTM model
28: Apply Softmax to get probability distribution
29: Compare predicted label with ground truth
30: Update performance metrics (accuracy, precision, recall)
31: End For
32: Report overall test accuracy

Phase 4: Inference (Real-Time Recognition)
33: Capture 25 frames from webcam in real-time
34: For each frame f:
35: Extract 65 landmark coordinates using Holistic model
36: Compute 41 angles and 26 distances
37: Concatenate into 285-feature vector
38: End For
39: Feed sequence to trained LSTM model
40: Apply Softmax to get probability distribution
41: Return sign label with highest probability
42: Display recognized sign on screen

correspond to the number of dynamic signs to be
detected, totaling 24. Because of their significance, the
Dropout and Batch Normalization techniques are used
to improve model performance. The epoch count is set
to 400 after performing some initial training runs, strik-
ing a balance to avoid both overfitting and underfitting.
Table II summarizes all the hyperparameters used.

C. Dataset

The collection and utilization of training and testing
datasets are critical factors in computer vision appli-
cations. Effective dataset construction requires careful

TABLE I
MODEL SUMMARY.

Layer (type) Output Shape Parameters

LSTM 1 (LSTM) (None, 25, 64) 89,600
BN 1 (BatchNormalization) (None, 25, 64) 256
LSTM 2 (LSTM) (None, 25, 128) 98,816
Dropout 1 (Dropout) (None, 25, 128) 0
LSTM 3 (LSTM) (None, 25, 128) 131,584
BN 2 (BatchNormalization) (None, 25, 128) 512
LSTM 4 (LSTM) (None, 64) 49,408
BN 3 (BatchNormalization) (None, 64) 256
Dense 1 (Dense) (None, 256) 16,640
Dropout 2 (Dropout) (None, 256) 0
Dense 2 (Dense) (None, 128) 32,896
BN 4 (BatchNormalization) (None, 128) 512
Dense 3 (Dense) (None, 64) 8,256
BN 5 (BatchNormalization) (None, 64) 256
Dense 4 (Dense) (None, 128) 8,320
Dropout 3 (Dropout) (None, 128) 0
Output (Dense) (None, 24) 3,096

Total params 440,408 (1.68 MB)
Trainable params 439,512 (1.68 MB)
Non-trainable params 896 (3.50 KB)

Note: Batch Normalization (BN) and Long Short-Term Memory (LSTM).

TABLE II
THE FINAL HYPERPARAMETERS.

Hyperparameter Value

Testing data 20% (30 videos)
Training and validation data 80% (120 videos)
Training data 85% (102 videos)
Validation data 15% (18 videos)
Sequence length – input layer 25
Hidden layers + neurons per layer LSTM – 128 neurons

LSTM – 128 neurons
LSTM – 64 neurons
Dense – 256 neurons
Dense – 128 neurons
Dense – 64 neurons
Dense – 128 neurons

Target length – output layer 24
Activation function (input/hidden layers) ReLU
Activation function (output layer) Softmax
Dropout Yes
Batch normalization Yes
Optimizer Adam
Batch size 32 (default value)
Epoch 400

Note: Rectified Linear Unit (ReLU) and Long Short-Term Memory (LSTM).

consideration of data quality, quantity, and represen-
tativeness to ensure robust model performance. This
section explains the dataset collection process, which
involves three main stages: recording primary video
data of dynamic signs, engineering relevant features
through landmark extraction and mathematical compu-
tations, and consolidating these features into efficient
array structures for model training.

For primary dataset, to capture the entire movement
of each dynamic sign, a short video consisting of 25
frames is filmed. Following a series of experiments, it
has been determined that 25 frames are the best number
to ensure that the entire sign gesture is correctly
captured. If the number of frames is increased, the
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recording may continue even after the sign movement
is complete, resulting in unnecessary additional infor-
mation. In contrast, reducing the number of frames
may cause the recording to stop before the sign move-
ment is completed, resulting in incomplete data. As a
result, 25 frames are selected as an appropriate number
to ensure that the recorded videos capture the full range
of motion for each sign.

The goal of this research is to interpret 24 different
dynamic signs commonly used in everyday conversa-
tion by developing a computer vision model. These
signs include “Hello,” “Thanks,” “Yes,” “No,” “Father,”
“Mother,” “Fine,” “Please,” “Forget,” “Busy,” “Happy,”
“Sad,” “Finish,” “Go,” “Help,” “More,” “Not,” “Cor-
rect,” “Wrong,” “Bus,” “Bad,” “Good,” “School,” and
“Book.” A total of 150 videos are recorded for each
sign, producing a total of 3,600 videos.

Next, feature engineering, the process of selecting
and transforming raw data into meaningful inputs for
machine learning models, forms a critical component
of this SL recognition system. This phase focuses
on extracting only those features from dynamic sign
videos that are essential for accurate sign identifi-
cation. While recorded SL videos contain abundant
information, only specific elements, such as hand
movements, finger positions, and spatial relationships
between hands and face, contribute meaningfully to
sign recognition. Conversely, features like skin color,
background elements, and clothing characteristics, de-
spite their visual prominence, provide negligible value
for dynamic sign identification. By systematically fil-
tering out these non-contributory elements and preserv-
ing only recognition-relevant features, two significant
advantages are achieved: enhanced model accuracy
through focused learning on relevant information and
substantially improved training efficiency by eliminat-
ing computational overhead from processing irrelevant
data.

The MediaPipe framework is used for this feature
extraction process as it is specifically designed to detect
and track precise coordinate points on the human body.
Figures 3 and 4 represent the landmarks topology for
the hand model and pose model, respectively. Recog-
nizing that SL encompasses more than isolated hand
movements, the Holistic model is implemented, which
integrates three specialized models to simultaneously
capture and track landmark coordinates across face,
hands, and body posture [30].

A strategic reduction in the landmark set is imple-
mented after careful analysis of feature contribution
to sign differentiation. Facial landmarks from the face
model (468 points in total) are excluded because fa-
cial features demonstrate minimal variation between
different signs. Similarly, landmarks below the waist

Fig. 3. Landmarks of hand model [31].

Fig. 4. Landmarks of pose model [32].

are eliminated as SL movements are rarely influenced
by lower body positioning. The most informative body
points are retained in the optimized landmark selection.
Specifically, all hand landmarks are preserved along
with selected pose model landmarks corresponding
to arms, hands, shoulders, and face. This refinement
results in a focused set of 65 landmarks: 23 from the
pose model and 42 from the combined right- and left-
hand models.

The spatial coordinates of these landmarks are ex-
tracted using MediaPipe alongside custom-developed
functions. For pose landmarks, 4 values (x, y, z, and
visibility) are captured, while 3 values (x, y, z) are
required for hand landmarks, yielding a total of 218 co-
ordinate values. However, landmark coordinates alone
are insufficient for robust dynamic sign recognition.
Additional descriptive derived features are necessary to
effectively capture the temporal and relational aspects
of SL movements.

When making various dynamic signs, certain body
parts stretch or bend, causing variations in the angles
formed by the body’s landmarks. This dynamic feature
becomes a valuable asset for sign recognition because
it provides a clearer understanding of the sign’s mean-
ing. Distances between landmarks are also important in
sign recognition. These distances vary between signs,
making them a useful feature in sign identification.
The system’s ability to accurately interpret a wide
range of dynamic signs is improved by extracting and
analyzing both angle changes and distance variations.
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Fig. 5. Angles and distances’ comparison between two sign frame.

To highlight these distinctions, an example is presented
in Fig. 5 which compares a frame with the “Hello”
sign to one with the “Not” sign. As shown, the hand
structure and finger arrangement differ, resulting in
differences in the angles and distances between hand
landmarks. Similarly, the elbow of the hand changes
shape with each sign, resulting in distinct angle and
distance measurements. For this reason, angles and
distances have been added as new features derived
from the extracted coordinates.

Using the (x, y) coordinates of three selected land-
marks, angles are computed based on the mathematical
formulas presented in Eqs. (1) and (2). The specific
sets of the three landmarks used for this calculation
are listed in Table III, resulting in 41 angle values
in total. Since the angles range from −180◦ to 180◦-
values significantly larger than the normalized coordi-
nate values extracted by MediaPipe, which range from
0 and 1 [30]. The angles are also normalized to align
more closely with these coordinate scales. To achieve
this, each angle value is divided by 180, restricting the
normalized angles to a range between -1 and 1. Regard-
ing distances, the distance between two landmarks is
computed based on their (x, y) coordinates according
to the mathematical formula presented in Eq. (3). The
pairs of landmarks used for these distance calculations
are listed in Table IV and result in 26 distance values
in total.

ÂBCrad = atan2(yC − yB , xC − xB)

− atan2(yA − yB , xA − xB) (1)

ÂBCdeg = ÂBCrad × 180

π
(2)

dAB =
√
(xA − xB)2 + (yA − yB)2 (3)

where (xA, yA), (xB , yB), and (xC , yC) denote the 2D

TABLE III
LANDMARKS USED FOR CALCULATION OF ANGLES.

Pose Hands

No. Landmarks No. Landmarks

1 [1, 0, 4] 1 [2, 3, 4]
2 [1, 3, 7] 2 [5, 6, 7]
3 [4, 6, 8] 3 [6, 7, 8]
4 [11, 12, 14] 4 [9, 10, 11]
5 [12, 11, 13] 5 [10, 11, 12]
6 [12, 14, 16] 6 [13, 14, 15]
7 [11, 13, 15] 7 [14, 15, 16]
8 [22, 16, 18] 8 [17, 18, 19]
9 [21, 15, 17] 9 [18, 19, 20]
10 [19, 11, 7] 10 [4, 0, 8]
11 [20, 12, 8] 11 [8, 0, 20]

12 [16, 17, 20]
13 [8, 5, 12]
14 [4, 5, 20]
15 [8, 13, 20]

TABLE IV
LANDMARKS USED FOR CALCULATION OF DISTANCES.

Pose Hands

No. Landmarks No. Landmarks

1 [0, 7] 1 [0, 4]
2 [0, 8] 2 [0, 8]
3 [0, 20] 3 [0, 12]
4 [0, 19] 4 [0, 16]
5 [7, 8] 5 [0, 20]
6 [12, 20] 6 [4, 8]
7 [11, 19] 7 [4, 20]
8 [11, 12] 8 [8, 20]
9 [15, 16]
10 [19, 20]

coordinates of three selected landmarks A, B, and C,
with B representing the vertex of the angle in Eqs. (1)
and (2). The same coordinate notation for landmarks
A and B is used in the distance formula in Eq. (3).
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Fig. 6. Dataset collection process.

D. Dataset Collection

All extracted features, including the coordinates of
custom landmarks, angles, and distances, are con-
solidated into a single array file using the NumPy
library. This array contains only the relevant features
for dynamic sign recognition, excluding redundant or
extraneous information. Consequently, these NumPy
arrays offer a more efficient and compact representa-
tion compared to storing the entire video as they retain
only the most informative data. Each array file stores a
total of 285 features. The overall process is illustrated
in Fig. 6.

A custom Python script automates the entire process:
recording dynamic signs, identifying and extracting
custom landmark coordinates, calculating angles and
distances based on extracted coordinates, and com-
piling and saving all features into a single file. This
automation ensures seamless execution in real time.
This process is accomplished while recording a video
for each dynamic sign. It means that the previous
frame’s features are already saved in the NumPy array
before the next frame is captured.

III. RESULTS AND DISCUSSION

The research objective is to interpret 24 commonly
used dynamic signs in ASL in real-time, using the
MediaPipe framework and an LSTM network. How-
ever, the MediaPipe framework encounters challenges
in detecting hands in horizontal or vertical positions,
which commonly occur in signs such as “Help,”
“Father,” or “Mother,” where the hands are tilted
slightly. Despite these difficulties, the project achieves
significant progress although distinction between the
signs “Good” and “Bad” as well as “Mother” and
“Not” remains challenging due to their similarities.
Additionally, the dynamic sign “Bus” is generated by

combining the signs for “B,” “U,” and “S” to form
the complete sign for “Bus.” This adds complexity to
the project, as it requires the model to recognize the
sequence of signs correctly.

The training process of the LSTM network is the key
to achieving precise and reliable results for dynamic
sign recognition. A network architecture with a large
number of trainable parameters (440,408) is built with
the objective of identifying 24 dynamic signs. This
network is optimized using the Adam optimizer and
normalized using batch normalization throughout the
training phase to ensure that the model can understand
and generalize well to new data. The network is able to
successfully capture and absorb the pertinent features
of the dynamic signs through this process, which
results in high accuracy during testing.

To ensure optimal performance, the model is trained
over 400 iterations (epochs). The loss value and cat-
egorical accuracy for both the training and validation
stages are recorded at each epoch to monitor model
performance and prevent overfitting. The training pro-
cess shows stable convergence with minimal fluctua-
tion in later epochs. Following training, the model is
evaluated with testing data as well as with real-time
videos captured with a standard webcam.

A. Simulation Results

The model’s training and validation results are
shown in Figures 7 and 8. Figure 7 depicts the vari-
ation in loss over the epochs, indicating that the loss
value began at about 0.3 and gradually decreased with
fluctuations. The validation loss fluctuates significantly
and eventually reaches a value of 0.1376, whereas
the training loss decreases significantly and stabilizes
at 0.056 by the end of the training phase. Figure 8
illustrates the variation in categorical accuracy during
the training and validation processes. Categorical ac-
curacy begins at around 20% and gradually increased
with fluctuations, similar to the loss variation. At the
end of the training phase, training categorical accuracy
reaches 99.84%, while validation categorical accuracy
ultimately achieves a value of 97.69%. These results
demonstrate successful model convergence and effec-
tive learning of the dynamic sign patterns.

Despite having 440,408 parameters, the model’s
training time is relatively short, taking less than 27
minutes, which is an impressive achievement when
compared to the training times of similar complex
neural networks. This efficient process is made possible
by the use of a feature reduction technique that filtered
out irrelevant information, leaving only the features
needed for accurate dynamic sign recognition. With
such a short training time, the training process can be
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Fig. 7. Loss value during training.

Fig. 8. Accuracy value during training.

repeated with different hyperparameters to achieve the
desired results if necessary. Furthermore, if the training
is carried out on a computer with greater performance
than the i7-6700 CPU @ 3.40GHz and 16.0 GB of
RAM used for this training, the training time can be
reduced even further.

Once the model finishes training, its effectiveness is
assessed using the test dataset. Each dynamic sign’s
precision, recall, and F1-score values are calculated,
with the results given in Table V. The support column
shows the number of test samples randomly sampled

for each sign, with sample sizes ranging from 22 to
38 samples per sign. The results demonstrate excellent
performance across all metrics, with overall accuracy
reaching 98% on 720 test samples. Analysis of individ-
ual sign performance reveals that several signs achieve
perfect precision scores of 1.00, including “Hello,”
“Thanks,” “Yes,” “No,” “Please,” “Happy,” “Bus,”
“Good,” and “Book.” The recall values also present a
strong performance, with most signs achieving scores
above 0.96. The lowest performing sign is “Book”
with a recall of 0.89, while “Wrong” shows relatively
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TABLE V
RESULTS OF PERFORMANCE EVALUATION.

Sign Precision Recall F1-Score Support

Hello 1.00 1.00 1.00 33
Thanks 1.00 1.00 1.00 30
Yes 1.00 1.00 1.00 35
No 1.00 1.00 1.00 34
Father 1.00 0.96 0.98 26
Mother 0.96 0.96 0.96 28
Fine 0.97 1.00 0.99 38
Please 1.00 1.00 1.00 38
Forget 1.00 0.96 0.98 25
Busy 1.00 1.00 1.00 26
Happy 1.00 1.00 1.00 30
Sad 1.00 1.00 1.00 24
Finish 1.00 0.97 0.99 34
Go 1.00 1.00 1.00 29
Help 0.92 1.00 0.96 34
More 0.97 1.00 0.98 29
Not 0.93 0.97 0.95 29
Correct 1.00 0.96 0.98 24
Wrong 0.90 0.86 0.88 22
Bus 1.00 1.00 1.00 31
Bad 0.97 0.97 0.97 29
Good 1.00 1.00 1.00 34
School 0.91 0.97 0.94 30
Book 1.00 0.89 0.94 28

Accuracy 0.98 720
Macro avg. 0.98 0.98 0.98 720
Weighted avg. 0.98 0.98 0.98 720

lower precision at 0.90 and recall at 0.86, consistent
with the confusion patterns observed in the confusion
matrix. The macro and weighted average values for
precision, recall, and F1-score are all 98%, confirming
the model’s robust and balanced performance across
all 24 dynamic signs.

A confusion matrix, which shows the number of
correctly and incorrectly classified examples, is created
to provide an effective visual representation of the
test results. Figure 9 presents this matrix and gives
a more comprehensive look at how well the model
performs for each dynamic sign. The matrix demon-
strates that most signs achieve perfect or near-perfect
classification, with the majority of predictions falling
along the diagonal. However, minor misclassifications
are observed, primarily with the “Wrong” sign, which
is occasionally confused with “Correct” (8 instances)
and “Not” (2 instances), likely due to similar hand
movements. Other notable confusions include “Father”
being misclassified once as “Mother” and “Book”
showing occasional confusion with “Good.” These re-
sults suggest these sign pairs share overlapping gestural
characteristics.

Considering that it is trained to recognize 24 dy-
namic signs, the model achieves excellent test accuracy
of 98.0%. This remarkable accuracy and the results in
the confusion matrix are achieved by removing non-
essential features such as background and colors and
focusing solely on the essential features, notably hand

and upper body pose landmark coordinates obtained
with MediaPipe. Furthermore, two key features are
extracted from these landmarks and used in sign recog-
nition: distances and angles. This method is extremely
effective in allowing the model to accurately classify
the signs. By extracting only 285 relevant features from
each video frame, the model not only achieves high
accuracy but also significantly reduces training time.
To evaluate the significance of this performance, a
comprehensive comparison with recent state-of-the-art
systems is presented in the following section.

B. Performance Comparison with State-of-the-Art Sys-
tems

To contextualize the results and demonstrate the
significance of the 98% test accuracy achieved, the pro-
posed system’s performance is compared with recent
state-of-the-art SL recognition approaches that employ
similar methodologies. Table VI presents a compre-
hensive comparison of the proposed system with re-
cent works published between 2023 and 2025. The
proposed system achieves competitive performance rel-
ative to recent MediaPipe-based LSTM models across
multiple SLs. Guruprakash et al. [33] have reported
96.75% accuracy on 44 isolated Indian SL signs,
while Ridwang et al. [34] have achieved 97.1% on
36 alphanumeric signs from Indonesian SL. Uddin et
al. [35] have obtained 95% accuracy on 11 numerical
Norwegian SL signs. Khartheesvar et al. [36] have
achieved 87.4% accuracy on the large-scale INCLUDE
dataset comprising 263 word-level signs and 4,292
videos, reflecting the challenges associated with larger
vocabularies. When compared to hybrid deep learning
approaches, the proposed system maintains superior
performance while using a significantly simpler archi-
tecture. Buttar et al. [37] have reported 96.5% accuracy
using a YOLOv6 + LSTM model for continuous ASL
signs, and Baihan et al. [38] have achieved 93.5%
accuracy using a CNN-LSTM-Attention model on 26
isolated signs. Hassan et al. [39] have focused on static
ASL recognition using a DenseNet-based architecture
trained on more than 64,000 images.

The consistently high performance of the MediaPipe
+ LSTM approaches across these previous studies vali-
dates the robustness of this architectural framework for
SL recognition. The proposed system’s 98% accuracy
on 24 dynamic ASL signs represents a strong balance
between vocabulary size and recognition accuracy. An
important trade-off observed across these systems is
that larger vocabularies (such as Khartheesvar’s 263
signs) typically result in lower accuracy (87.4%), while
smaller vocabularies achieve higher performance. The
proposed system strikes a practical balance with 24
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Fig. 9. Confusion matrix.

TABLE VI
PERFORMANCE COMPARISON WITH RECENT SIGN LANGUAGE RECOGNITION SYSTEMS.

Study Method Sign Language Dataset Size Signs Accuracy

The proposed system MediaPipe + LSTM ASL 3,600 videos 24 (dynamic) 98.00%
[33] MediaPipe + LSTM Indian SL N/A 44 (isolated) 96.75%
[36] MediaPipe + LSTM Indian SL INCLUDE dataset (4,292 videos) 263 (word-level) 87.40%
[34] MediaPipe + Modified LSTM Indonesian SL Custom dataset 36 (alphanumeric) 97.10%
[35] MediaPipe + LSTM Norwegian SL Educational videos 11 (numbers 0–10) 95.00%
[37] YOLOv6 + LSTM ASL Custom dataset Continuous signs 96.50%
[38] CNN-LSTM-Attention ASL Public datasets 26 (isolated) 93.50%
[39] SNDA (DenseNet) ASL 64,000+ images 24 (static) N/A

Note: Long Short-Term Memory (LSTM), American Sign Language (ASL), Convolutional Neural
Network (CNN), Sign Language (SL), and Sign Nevestro Densenet Attention (SNDA).

commonly used dynamic signs being identified with
98% accuracy.

Regarding dataset considerations, the proposed sys-
tem uses 3,600 videos, which translates to approxi-
mately 90,000 frames when accounting for the 25-
frame sequence length per video. This represents a
moderate dataset size that achieves strong performance
without requiring extensive data collection efforts. The
strategic feature engineering approach, extracting only
285 relevant features per frame (65 landmarks + 41
angles + 26 distances), enables the system to learn dis-

criminative patterns efficiently while maintaining real-
time processing capability. While direct comparison
across systems is limited by differences in datasets,
sign types, and evaluation protocols, the proposed
system demonstrates competitive results, supported
by high precision, recall, and F1-score and validated
through real-time operation on standard hardware.

C. Real-Time Results
The accuracy of the proposed model in real-world

situations is tested using a standard webcam. In real-
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Fig. 10. Real-time testing

time testing, the name of the recognized sign is dis-
played on the screen in a box placed in the upper left
corner. Figure 10 depicts various examples of real-time
testing, with the detected sign name appearing at the
top left corner of the screen. In one case, the beginning
of the “Thanks” movement is accurately identified by
the model, which displays its name in the black box
at the top left. In addition to correctly interpreting it,
the detection threshold is set to 99.9%. It means that
the system detects and translates only dynamic signs
with detection scores close to 100%, demonstrating the
model’s high accuracy.

The model performs well in real-world testing, cor-
rectly identifying all 24 dynamic signs without any
false detections and displaying their names in the
designated box on the screen. Furthermore, despite the
difficulty of identifying 24 dynamic signs, some of
which are highly similar, such as “Good” and “Bad”
or “Mother” and “Not,” the model’s recognition of
the signs is correct, demonstrating its effectiveness in
real-world situations. This challenge is addressed using
the Batch Normalization technique and by adding
more data to the training process, resulting in reduced

confusion between similar signs and improved model
performance. It is important to note that this high
performance is also attributed to the extracted relevant
features, such as distances and angles.

Moreover, an additional challenge for the model is
created by including the dynamic sign “Bus.” This sign
is formed by three individual signs, “B,” “U,” and “S,”
which are signed sequentially to form the complete
sign for “Bus.” As a result, the model needs to correctly
recognize the sequence of signs to detect this dynamic
sign. This increases the model’s complexity and makes
it a more challenging issue to solve. However, the
model demonstrates a remarkable degree of precision
in identifying the “Bus” sign during testing. Overall,
the model’s successful recognition of the “Bus” sign
demonstrates its ability to tackle even the most com-
plex dynamic sign recognition tasks.

D. Limitations and Scalability of the Model

The proposed model, which combines the Medi-
aPipe Holistic model and an LSTM network, has
demonstrated impressive results in the real-time recog-
nition of 24 dynamic ASL signs. The key advantages
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of this approach are its ability to extract only the
relevant features (coordinates, angles, and distances)
while filtering out irrelevant information like back-
ground, skin tone, and clothing, leading to improved
accuracy and efficiency. The use of MediaPipe for
feature extraction is particularly advantageous as it is a
language-agnostic method that relies on universal body
landmarks rather than language-specific features. This
foundational aspect of the model suggests that it can
be adapted to recognize a wider variety of signs across
different SLs with minimal modifications to the core
architecture.

To achieve this scalability, several strategies can be
used. A hierarchical classification approach can be im-
plemented whereby signs are grouped into categories,
allowing a two-stage classification process that first
identifies the category before recognizing the specific
sign. Additionally, transfer learning techniques can be
leveraged to expand the system’s vocabulary by fine-
tuning the model with new sign data without requiring
complete retraining. This is particularly useful when
incorporating signs from different SLs, where grammar
and sign execution vary significantly.

Furthermore, the modular nature of the model sup-
ports the development of specialized models for dif-
ferent categories of signs, such as numbers, letters,
and common phrases, which can then be integrated
to form a comprehensive recognition system. Scaling
the model to accommodate other SLs like British
SL will involve recalibrating the feature extraction
process and retraining the network with language-
specific datasets. Additionally, exploring advanced ma-
chine learning paradigms like few-shot learning, which
allows a model to learn from a very small number of
examples, or meta-learning, where the model improves
its learning ability over multiple learning episodes, can
enable rapid adaptation to new signs or languages with
limited training data. However, successfully scaling the
model will likely necessitate a larger and more diverse
dataset, along with potential adjustments to the model
architecture to maintain high accuracy across an ex-
panded range of signs and languages. By incorporating
these strategies, the proposed model can evolve into a
robust, scalable solution capable of interpreting a wide
variety of signs, making it a valuable tool for a broader
spectrum of users.

The ability of the MediaPipe framework to recognize
body landmarks plays a crucial role in the accuracy
of dynamic sign recognition. Though it generally per-
forms well in this regard, identifying hand landmarks
in challenging positions, such as horizontal orientation,
can be difficult. Nevertheless, this is a rare occurrence
that does not significantly impact the model’s overall
performance. One challenge observed during the sys-

tem’s development is detecting hands in horizontal or
vertical positions, particularly in signs such as “Help,”
“Father,” or “Mother.” To address this, the hands are
slightly tilted to ensure that the model can accurately
recognize these signs.

During real-time testing, it is observed that the
model occasionally exhibits minor limitations when in-
terpreting successive dynamic signs. Although this is-
sue does not significantly impact overall performance,
it results in slight delays when transitioning between
certain signs. This latency stems from the model’s
processing time in recognizing certain dynamic signs,
which can be a disadvantage in applications requiring
rapid detection of continuous signing. The potential
cause of this delay is the computational cost of pro-
cessing video data in real time. To address this lim-
itation, the main approach is to explore the use of
more efficient hardware accelerators, such as Graphics
Processing Units (GPUs), to accelerate the processing
of video data. Additionally, model compression tech-
niques such as model pruning, which involves reducing
the complexity of a model by removing less important
parameters or knowledge distillation and training a
smaller model to replicate the performance of a larger
model, can be explored to reduce the model’s compu-
tational requirements without sacrificing accuracy. By
addressing this limitation, the aim is to create a system
for SL recognition that is not only accurate but also
responsive and capable of interpreting entire sentences
rather than individual dynamic signs.

IV. CONCLUSION

The communication barrier that hearing-impaired
individuals confront as a result of the majority of
people’s lack of knowledge of SL highlights the need
for a system that facilitates interaction between these
groups. In the research, a dynamic sign recognition
system based on the MediaPipe framework is described
to extract custom landmark coordinates. This method
efficiently eliminates background noise, dress style,
and skin tone from the sign recognition procedure. The
model is trained on 24 commonly used ASL terms and
demonstrates strong performance during evaluation,
achieving 98% accuracy. The LSTM model trained on
the relevant features performs successfully during the
testing process.

Despite these promising results, the proposed sys-
tem has certain limitations. The current system recog-
nizes isolated dynamic signs rather than continuous,
sentence-level signing, and occasional delays may oc-
cur when interpreting successive dynamic signs in real-
time conditions. These limitations are related to the
computational cost of real-time video processing and
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the challenges of accurately detecting hand landmarks
in certain orientations. These limitations, discussed in
more detail in Section III-D, define clear directions for
future work.

Based on the results, future research in this domain
should concentrate on incorporating dynamic signs to
interpret sentences. Ultimately, the proposed system
has the potential for significant practical implications
for real-world communication scenarios with hearing-
impaired individuals. It aims to enable seamless and
accurate SL recognition in a variety of environments,
from educational institutions and healthcare facilities
to workplaces, thereby fostering greater societal inte-
gration.
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