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PAPER

Mobile Application for Continuous Recognition 
and Classification of Sign Language Images 
through Deep Learning

ABSTRACT
Throughout the world, sign languages (SL) present significant challenges for effective 
communication in everyday environments and technological applications. In the field of 
SL recognition (SLR) using artificial intelligence (AI), two approaches have been developed: 
isolated SLR (ISLR) and continuous SLR (CSLR). To overcome the limitations of CSLR in SL, 
we developed a mobile application that integrates an AI-based algorithm in Python, designed 
to capture and analyze sign sequences through the device’s camera. The application facilitates 
the creation of a continuous database containing 14 dynamic signs, with 240 videos per sign, 
resulting in a total of 3360 videos and 50,400 frames. We used a neural network model based 
on the long short-term memory (LSTM) architecture to improve accuracy in sign identifi-
cation and promote inclusive communication in digital environments. The model achieved 
99.80% accuracy during training and 99.40% in testing, with overall accuracy, recall, and 
F1-score metrics above 99%. These results evidence the effectiveness of the mobile applica-
tion and the LSTM model in recognizing, classifying, and translating basic SLP utterances in 
real time, demonstrating its ability to generalize and avoid overfitting and contributing to 
more inclusive and accessible communication.

KEYWORDS
continuous sign, sign language (SL), long short-term memory (LSTM), deep learning (DL), 
mobile application

1	 INTRODUCTION

Currently, sign language recognition (SLR) represents a significant challenge 
in communication, especially in continuous sign recognition [1], [2], [3]. While 
current methods have made progress in recognizing isolated signs, they need to 
be improved in identifying and classifying continuous sign sequences. These 
limitations include insufficient accuracy and a lack of practical mobile applications 
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that facilitate real-time communication. Globally, many countries strive to elimi-
nate communication barriers with deaf individuals, as these barriers significantly 
impede the fundamental right to education and social inclusion. Promoting teaching 
and disseminating sign languages (SL) is essential to provide equal educational and 
employment opportunities, supported by various laws that officially recognize these 
languages [4]. At the international level, 76% of public institutions and 83% of private 
institutions in various countries lack the necessary conditions to provide educational 
services to deaf students [5], [6]. Numerous complaints exist about the communica-
tion barriers faced by individuals with this disability in education, healthcare, and 
other services due to the lack of qualified SL interpreters. Additionally, individuals 
with this condition are underrepresented in academia, with figures reflecting their 
limited participation [7].

Sign languages are essential for approximately 466 million deaf and hard-
of-hearing individuals worldwide [8–14]. They rely on visual signs expressed through 
hand shapes, movements, and facial expressions [15–20]. With over 300 SLs in use 
globally [5], [21–24], users often face communication barriers and social isolation 
due to the lack of practical tools to facilitate communication [25–28]. Artificial intelli-
gence (AI) for SLR includes two main approaches: Isolated SLR (ISLR), which analyzes 
static signs, and Continuous SLR (CSLR), which handles dynamic sign sequences for 
real-time recognition [28]. CSLR facilitates more natural and fluid communication, 
although it still faces challenges. Key datasets for CSLR include RWTH-PHOENIX for 
German SL [13], [15], [16], [21], [25], [29], SIGNUM for German SL [10], ASLG-PC12 
for Australian SL [25], [29], How2Sign for American SL [9], and MEDIAPI-SKEL for 
French SL [17]. These datasets are critical for developing accurate and efficient 
SLR systems.

In the case of SL, research has mainly focused on isolated sign recognition 
using the ISLR approach. The lack of extensive datasets has limited the develop-
ment of models for continuous sequence recognition. Several strategies have been 
employed to address this limitation. Custom datasets have been created, including 
static images of the alphabet, numbers, and essential words [27], [28], [30], [31], as 
well as motion sensors such as curvature sensors [30] and Kinect, which captures 
hand movements and enables translation via 3D avatars [7]. In 2014, the Grammar 
and Signs research group at PUCP developed a specific continuous SL dataset of 
718 video clips. This dataset includes a limited repertoire of signs covering nouns 
such as “cinema,” “horror,” “park,” “house,” “couple,” “night,” and “heap” [5], [8]. 
Regarding neural network architectures, various options have been explored. 
ResNet50-V2 and unique CNNs have shown high accuracy in recent studies [30], 
[31], [32]. On the other hand, long short-term memory (LSTM) models, such as 
BiLSTM, ConvLSTM, LSTM, and CNN-LSTM, have proven particularly effective in 
capturing temporal features of signs. These models have achieved notable accura-
cies, with CNN-LSTM reaching up to 95.43% in tests [33]. Concerning mobile appli-
cations, a study [34] developed a mobile app to teach Arabic SL to deaf children 
in the Arab world using gamification methods. First, the app was developed after 
reviewing existing literature and applications; then, it was tested with 10 deaf chil-
dren, comparing learning outcomes with traditional methods. Results showed that 
children using the app achieved better scores on tests. Additionally, a study [35] 
explored the potential of a mobile system to help deaf individuals and others com-
municate and learn with portable devices. The pedagogical evaluation of a proto-
type app using images and videos for recognition showed that the app is easy to 
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remember and learn. However, despite AI advancements in sign recognition, cur-
rent approaches still face critical issues, such as variability in sign expression and 
maintaining accuracy in continuous sequences.

Therefore, more continuous datasets with extensive vocabulary are needed to 
recognize and translate SL using CSLR. Previous efforts have focused on isolated 
signs and databases limited to essential words. Developing a continuous dataset that 
includes nouns and essential words and phrases in SL is essential to address these 
limitations. Recently, deep learning (DL) methods have significantly revolutionized 
the field of learning algorithms in various areas of AI [12], [36], [37], [38]. In particular, 
they are crucial in providing technological assistance to individuals with hearing 
loss or severe auditory disabilities today. These technologies enable them to com-
municate in their language and improve human-computer interaction in the digital 
environment [25], [31].

This study proposes an innovative solution, which is developing a mobile appli-
cation for CSLR. The application utilizes an AI-based algorithm developed in Python, 
which employs a webcam to capture and classify dynamic sign sequences. This 
approach addresses the gap in CSLR and provides a practical and accessible tool to 
enhance communication between deaf individuals and those who do not know SL. 
Thus, this approach addresses the need for a solution that improves the accuracy 
of SLR and offers a practical tool for daily communication. The main objective is to 
develop and validate a model that enables continuous and accurate translation of 
SL in a format accessible to users through a mobile application. This advancement 
has the potential to bridge the gap in SLR and significantly contribute to improving 
communication for the deaf community worldwide.

2	 METHODOLOGY

This study highlights the importance of improving education for students with 
hearing loss or severe auditory disabilities, marking a significant advancement 
in technological assistance. The goal is to enable effective communication in their 
language and optimize their interaction with digital devices in the educational 
environment [25], [31]. To address this challenge, a mobile application has been 
developed with a continuous database of sequential sign images in SL using a 
Python-based algorithm. A neural network model based on the LSTM architecture 
has been implemented using Python’s DL techniques. The choice of the LSTM archi-
tecture is due to its proven capability to process and model data sequences with high 
precision, which is crucial for real-time recognition and translation of fundamental 
expressions in SL [17], [26], and [39].

Notably, the application uses the device’s camera to capture and classify dynamic 
sign sequences, offering a practical and accessible tool to improve communication 
between deaf individuals and those who do not know SL. This model focuses on rec-
ognizing dynamic signs, and the expressions included in this study cover standard 
greetings and phrases such as “Hello,” “Good morning,” “Good afternoon,” “Good 
evening,” and “How are you?” “I am fine,” “I am not well,” “so-so,” “sorry,” “please,” 
“help me,” “what time is it?” “thank you,” and “goodbye.”

Figure 1 illustrates the five phases of this study, which include the develop-
ment of the LSTM model and the implementation of the mobile application. The 
primary focus is establishing a system that continuously recognizes, classifies, 
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and translates images representing basic SL expressions, thereby providing a 
robust and reliable solution for communication in the digital and educational 
environment.

Fig. 1. Schematic diagram of LSTM neural network model

2.1	 Review of data sets

Below is a summary of the datasets used in previous research. However, a 
paucity of datasets focuses on whole-sentence recognition and translation. So far, 
continuous video-based datasets have been created for SLR and translation of a lim-
ited number of words in different languages. These datasets are detailed in Table 1.

Table 1. A summary of the continuous data sets used in the CSLR

Description Type and Size Name SL Reference

Complete sentences 80 000 videos How2Sign American [1]

Words (25) 200 videos – Arabic [19]

Word (40) 80 00 videos – Arabic [19]

Words (30) 1500 videos – Argentinian [19]

Words (12) 12 videos ASLGPC12 Australian [18], [27]

Words (455) – SIGNUM German [2]

Letters (30) and 1400 videos – German [19]

numbers (1–5)

Complete sentences and 
Words (1081)

11000 videos RWTH-PHOENIX German [5], [7], [8],

[14], [18],

[27]

Words (10) 1080 videos – Indian [19]

Words (10) 500 videos – Thai [19]

2.2	 Dataset collection

This study focuses on improving communication for individuals with 
hearing loss in the educational sector, a critical area according to statistics from 
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government agencies. A dataset comprising 14 dynamic gestures representing 
basic expressions in SL was compiled to advance this goal. This dataset is crucial 
for training and evaluating the sign recognition model and for the mobile applica-
tion. The data collection process was meticulously executed using an automated 
algorithm programmed in Python within the Visual Studio Code environment. The 
OpenCV and MediaPipe (MP) libraries, similar to those used in [29], were instru-
mental in this process. Videos capturing dynamic signs were recorded using the 
application’s camera, and these were then processed and stored as sequential 
images. The recordings were conducted under a variety of background and light-
ing conditions to ensure the dataset’s comprehensive representation. The result 
was a balanced dataset comprising 3,360 videos, equivalent to 50,400 frames. 
Each of the 14 dynamic signs is represented by 240 sequences of images, with 
each sequence consisting of 15 frames. For training the neural network, 90% of 
these frames (45,360) were used, while the remaining 10% (5,040) were reserved 
for testing and performance evaluation. This continuous dataset, based on frame 
sequences, is essential for real-time recognition and translation of everyday SL 
expressions, as detailed in Table 2.

Table 2. Continuous dataset for the following basic SL expressions

Description Content Type and Size

Words (4) •	 hello 3360 videos

•	 excuse me

•	 thank you

•	 goodbye

Phrases (10) •	 good morning

•	 good afternoon

•	 good evening

•	 what time is it?

•	 how are you

•	 I’m well

•	 I don’t feel well

•	 so-so

•	 please

•	 can you help me?

2.3	 Preprocessing data

A)	 Capture samples: Data preprocessing aims to extract relevant information and 
reduce processing costs. The process begins by converting videos into frames 
[35], [36], organized into folders with descriptive names based on the dynamic 
SL signs in our dataset. To accomplish this, essential libraries such as OpenCV, 
MP, NumPy, and Pandas are installed in the Visual Studio Code editor, which 
allows for easier debugging, compiling, and editing of code [37], as illustrated 
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in Figure 2. These libraries include the Holistic model (a pre-trained DL model) 
for tasks such as facial landmark detection, pose estimation, and gesture recog-
nition. The draw_landmarks library is also imported for visualization purposes. 
Additional resources such as FACEMESH_CONTOURS, POSE_CONNECTIONS, 
and HAND_CONNECTIONS are used to detect and draw facial contours, poses, 
and hands with the Holistic model. Furthermore, NumPy and Pandas library 
structure and analyze the datasets, respectively. Functions and constants such 
as ROOT_PATH and FRAME_ACTIONS_PATH is created to refer to the location of 
frame samples within the “frame_actions” folder.

Fig. 2. Import libraries, constants and functions for capturing samples (frames)

Thus, the “capture_samples” code captures video samples representing the 
14 basic SL expressions using dynamic signs. It starts by getting the current num-
ber of samples in a specific folder. Then, it initializes variables to keep count of 
samples and frames. It uses the Holistic MP model and captures video from the 
computer camera. In a loop, it processes each frame of the video and checks for 
hand detection. If hands are detected, the counters are incremented, and the frame 
is added to a set of frames. If no hands are detected, it checks for enough frames 
to form a valid sample. If so, the frame sequence is saved in a single output folder. 
Then, the variables are reset to start a new capture, a message is displayed, and 
critical points are drawn on the image. The capture is stopped by pressing the ‘q’ key 
(see Figure 3).
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Fig. 3. Capture_samples code for our Data Collection

In this way, a balanced database containing the 14 dynamic signals mentioned 
above is created. Each sign is represented by 240 sequences of 15 frames, totaling 
3600 frames per sign. This results in a dataset of 50400 frames in total, covering 
actions performed with both one hand and both hands and representing the basic 
LSP expressions. Figure 4 shows the 14 folders created for each of the 14 signs, where 
the 15 frames corresponding to the sign “thank you,” for example, can be observed.

Fig. 4. Sample of SL dynamic words and phrases signs

B)	 Create key points (KP): Hand position identification and pose estimation are 
crucial elements for recognizing and understanding SL movements. To address 
these challenges, MP is employed as an effective tool that calculates poses for 
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each frame and extracts key points in three dimensions (X, Y, and Z) for the hands, 
face, and body pose. A total of 21 key points is calculated for each hand (63 in 
total), 468 key points for the face, and 33 key points for the body pose, resulting 
in a total of 132 key points, which provide a comprehensive representation of the 
hand, face, and body pose in each frame.

The ‘create_keypoints’ code starts by importing necessary libraries and setting 
up a TensorFlow environment variable. It then defines a function called ‘create_
keypoints’ that takes the paths for frame directories (‘frames_path’) and the save 
location for key points (‘save_path’). This function uses the Holistic model from MP 
to process each frame, extracting critical points with ‘get_keypoints(model_holistic, 
sample_path).’ These key points are inserted into an empty Data Frame and saved 
as an HDF file using ‘data.to_hdf()’. The code constructs the path for word direc-
tories (‘words_path’) using ‘os.path.join(ROOT_PATH, FRAME_ACTIONS_PATH)’ and 
iterates through these directories with ‘os.listdir()’. For each word, it sets up the HDF 
directory and file paths (‘hdf_path’), displays a message about starting key point 
extraction, calls the ‘create_keypoints’ function, and then shows a message indicat-
ing completion. This process extracts and saves key points for frame samples in the 
word and phrase dataset, as shown in Figure 5.

Fig. 5. Create_keypoints code to store the KP of our dataset

2.4	 Building the long short-term memory model

Determining a model’s optimal number of LSTM layers is challenging due to 
problem complexity, data availability, and computational constraints. To achieve 
good accuracy in SLR and translation, the parameters from [40] are used. The Keras 
sequential model, ‘model = Sequential(),’ is employed to build neural networks by 
stacking layers sequentially. An LSTM layer with 64 or 128 units is added to learn 
and extract features from the input data. The ‘return_sequences = True’ option out-
puts complete sequences at each time step. Dense layers with ReLU activation are 
included to capture non-linear patterns in SL signs. The LSTM layer expects an input 
matrix of dimensions (15, 1662), meaning it processes 15 frames with 1662 features 
each at each time step (‘input_shape = (15,1662)’).

On the other hand, to compile the model, the following command is used: 
optimizer = ‘adam’, indicating that the Adam optimizer, known for its efficiency in 
handling problems with large datasets and high dimensionality, will be employed 

https://online-journals.org/index.php/i-jim


	 12	 International Journal of Interactive Mobile Technologies (iJIM)	 iJIM | Vol. 19 No. 7 (2025)

Briones Cerquín et al.

to adjust the weights and parameters of the model during the training process. 
This choice is made to reassure you about the model’s robustness in dealing with 
complex data. Additionally, the loss function binary_crossentropy is specified for 
training the neural network model, facilitating more accurate predictions. Finally, 
the evaluation metric accuracy is used to represent the model’s precision in classify-
ing training and evaluation data. For more details (see Figure 6).

Fig. 6. LSTM neural network model architecture

3	 RESULTS

3.1	 Mobile application interface

The mobile application interface developed for continuous recognition and 
translation of SL has been meticulously designed to offer an intuitive, accessible, 
and efficient user experience. The prototype design of the mobile application was 
developed using the Figma platform, a visual design and prototyping tool, as refer-
enced in [41]. Figure 7a presents the home interface of the SL Real-Time Continuous 
Translator application, which comprises three main components: “User Guide,” 
“Dataset,” and “Record & Translate.” Each element is designed to enhance user 
experience when navigating the application.

Figure 7b emphasizes the importance of reviewing the list of basic expressions 
the LSTM model can recognize and translate in real-time. This step is crucial before 
proceeding to record and translate dynamic SL signs.

The “Dataset” section (see Figure 7c) provides video representations of these 
everyday expressions, including words and phrases, through interactive videos. This 
functionality facilitates learning and encourages user interaction with the technol-
ogy, allowing them to practice and refine their SL skills. This is especially relevant for 
promoting effective communication between hearing and non-hearing individuals.

Finally, the “Record and Translate” section (see Figure 7d) offers the option to 
record dynamic signs, display their translation in text format, and play it back in 
audio. This feature aims to facilitate communication between hearing individuals 
and those with hearing disabilities, thus promoting an inclusive and accessible 
environment.
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Fig. 7. Mobile application: (a) Home (b) User Guide (c) Dataset (d) Record and translate

3.2	 Evaluations

Evaluating model performance. Adjustments to the previously mentioned 
hyperparameters, such as learning rate, number of layers, number of neurons, and 
epochs, were carried out through a trial-and-error process to obtain the best metrics 
in the test set, as seen in Table 3.

Table 3. Configuration of the hyperparameters of our neural network model based  
on LSTM architecture for evaluation of training and testing

Epochs Test Size Learning Rate Training Testing

100 0.1 0.00001 45360 frames (90%) 5040 frames (10%)

In this way, it was possible to optimize the performance of the neural network 
model based on the LSTM architecture, obtaining outstanding results in terms of 
accuracy and losses during the training and testing (validation) process. Thus, an 
accuracy of 99.80% was obtained for training with losses of 0.31%, and for testing 
(validation), an accuracy of 99.40% with losses of 0.58%, as shown in Table 4.

Table 4. Training and testing (validation) results

Metric Training Testing (Validation)

Loss 0.0017 0.0031

Accuracy 0.9997 0.9970

Consequently, the values obtained during training and testing the neural network 
are analyzed graphically, as shown in Figure 8. These analyses reveal that the LSTM 
model can effectively generalize to a test set containing previously unseen data, thus 
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avoiding overfitting. As a result, the model achieves accurate real-time recognition 
when applied to the test set, demonstrating its ability to adapt to new data and make 
highly accurate predictions.

Fig. 8. Training and validation (test set) losses and accuracy

Our multiclass data set used a confusion matrix to perform a more detailed anal-
ysis of the results obtained. Figure 9 shows this matrix, where each row represents 
the actual class, while each column represents the class predicted by the model.

Fig. 9. LSTM model validation using the confusion matrix

The confusion matrix is crucial for a comprehensive and quantitative perfor-
mance evaluation of a classification model. It facilitates the calculation of metrics such 
as precision, recall, and F1-score for each class. These metrics offer valuable insights 
into the model’s capacity to accurately classify instances of each class and, impor-
tantly, to prevent confusion between different classes, thereby ensuring the model’s 
accuracy. As shown in Table 5, according to the classification report, our LSTM model 
has achieved excellent precision, recall, and F1-score for the 11 samples: “good-
bye,” “good night,” “good afternoon,” “good morning,” “how are you,” “I am fine,” 
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“I am not well,” “hello,” “so-so,” and “please.” These values of 1.00 indicate perfect 
classification performance for these samples, meaning the model has been able to 
predict the cases of these 11 samples in the dataset with complete accuracy. Overall, 
the model demonstrates solid performance in data classification, as evidenced by 
the high precision, recall, and F1-score values for each class and the model’s overall 
performance. This enables the real-time recognition, classification, and translation 
of dynamic sign sequences representing 14 basic SL expressions.

Table 5. Matrix confusion–classification report

Precision Recall F1-Score Support

can you help me 1.00 1.00 1.00 17

excuse me 1.00 1.00 1.00 23

good afternoon 1.00 0.95 0.98 22

good evening 0.96 1.00 0.98 25

good morning 1.00 1.00 1.00 26

Goodbye 1.00 1.00 1.00 29

Hello 1.00 1.00 1.00 26

how are you 1.00 1.00 1.00 24

I don’t feel well 1.00 1.00 1.00 20

I’m well 1.00 1.00 1.00 30

Please 1.00 1.00 1.00 25

so-so 1.00 1.00 1.00 24

thank you 1.00 1.00 1.00 29

what time is it 1.00 1.00 1.00 16

Accuracy 1.00 336

macro avg 1.00 1.00 1.00 336

weighted avg 1.00 1.00 1.00 336

Expert evaluation. The acceptance evaluation of the mobile application for 
the continuous recognition and translation of SL was carried out using a question-
naire covering 11 essential aspects of the system. The experts rated each aspect on a 
scale of 1 to 5, where 1 indicates a poor evaluation and 5 indicates excellent quality. 
Aspects evaluated included the accuracy of sign detection, the efficiency of real-time 
processing, and the usability of the user interface.

As detailed in Table 6, each of the 11 aspects received an individual rating from 
the experts. It should be noted that the evaluation of the results was carried out 
using SPSS Statistics software. The overall average obtained was an impressive 4.18, 
with a standard deviation of 0.49. This average significantly exceeds the acceptance 
threshold of 4, indicating that the mobile application is considered acceptable by the 
experts in general. The relatively low standard deviation suggests that the experts’ 
evaluations were consistent and convergent. Overall, these results indicate that the 
mobile application not only meets the minimum required standards but has also 
been well received in terms of its technical and functional aspects.
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Table 6. Expert evaluation

Items Evaluation of Technical Aspects
Experts

Average Standard Deviation
1 2 3 4

1 User interface design 4 4 4 5 4.25 .43

2 Functionality 3 5 3 5 4.00 .00

3 Performance 4 4 4 5 4.25 .43

4 Accuracy of recognition 5 5 5 3 4.50 .87

5 Real-time processing 5 5 5 3 4.50 .87

6 Error handling 5 4 4 4 4.25 .43

7 Ease of navigation 5 4 5 5 4.75 .43

8 Adaptability to different environments 5 4 5 5 4.75 .43

9 User feedback and interaction 2 3 4 4 3.25 .83

10 Compatibility 2 3 4 4 3.25 .83

11 Overall usability 5 5 4 3 4.25 .83

TOTAL 4.18 .49

4	 DISCUSSION

This study addresses a critical need to recognize SL by developing a mobile appli-
cation that uses advanced DL techniques to recognize and classify images continu-
ously. Historical research has focused on the recognition of isolated signs and the 
use of static databases limited to aspects such as the alphabet and numbers [27], 
[28], [30], [31], which has restricted the capability of existing systems to handle 
dynamic sequences and broader contexts. To overcome these limitations, this study 
has developed a continuous database covering a more comprehensive range of SL 
expressions, including nouns and everyday phrases, consisting of 3360 videos and 
50,400 images, providing a more prosperous and more diverse representation com-
pared to previous databases [25], [26], [29].

The LSTM-based neural network model, developed in Python, has been crucial 
for the mobile application, allowing real-time processing of dynamic sign sequences 
and facilitating accurate translation of SL expressions. This model has demonstrated 
outstanding performance with an accuracy of 99.80% during training and 99.40% 
during validation, surpassing the accuracies reported in previous studies [17], [26], 
[39], [40], where the best results reached 95.05% and 95.43%. Furthermore, the pre-
cision and loss graphs indicate that the LSTM model has avoided overfitting, demon-
strating its ability to effectively generalize across the 14 dynamic SL signs in the 
database. This contrasts with overfitting issues faced in other studies [40], highlight-
ing the robustness and effectiveness of the proposed approach, which has achieved 
a precision, recall, and F1-score of 99%, compared to the 70% obtained in [26].

5	 CONCLUSION

The successful development of a Python-based AI algorithm has led to the creation 
of an innovative mobile application for the continuous recognition and classification 

https://online-journals.org/index.php/i-jim


iJIM | Vol. 19 No. 7 (2025)	 International Journal of Interactive Mobile Technologies (iJIM)	 17

Mobile Application for Continuous Recognition and Classification of Sign Language Images through Deep Learning

of SL. This advancement addresses the gap in SL databases, which traditionally focus 
on isolated signs and limited vocabularies. Utilizing the mobile device’s webcam, the 
algorithm accurately captures and classifies frames of dynamic signs, facilitating 
real-time communication.

The created database, which includes 240 image sequences for each of the 
14 basic SL expressions, consists of 3360 videos and 50,400 frames. This continuous 
and balanced database represents a significant step towards a more comprehensive 
and practical recognition of SL, surpassing the limitations of previous databases that 
focused solely on nouns. The neural network model based on the LSTM architecture, 
implemented using a DL algorithm in Python, has proven to be highly effective in 
this context. The model achieved an accuracy of 99.80% during training and 99.40% 
during testing, with losses of 0.31% and 0.58%, respectively. These metrics indicate 
that the model can recognize and classify basic SL expressions in real-time, avoid 
overfitting, and generalize effectively.

A limitation of the proposed approach is the dependence on the video capture 
quality, as the LSTM model may be affected in environments with low resolution or 
poor illumination. To mitigate this limitation, the dataset was diversified by includ-
ing images taken in different lighting conditions and with varied backgrounds. 
In addition, normalization and contrast adjustment techniques were applied during 
image preprocessing, which ensured that the model could better adapt to different 
recording conditions and maintain high accuracy in real situations, thus increasing 
its robustness and practical applicability.

In future research, exploring the integration of advanced computer vision and 
machine learning techniques, such as convolutional neural networks (CNN) for 
feature extraction combined with LSTM for temporal analysis, would be valu-
able. This could further improve the accuracy and robustness of the system under 
conditions of high variability. In addition, the expansion of the database to include a 
more extensive and more varied vocabulary, including more complex contexts and 
phrases, would be crucial to improve the system’s ability to handle a broader range 
of utterances and communicative situations, as would the integration of additional 
motion sensors to enrich sign interpretation and improve recognition accuracy in 
diverse environments.

In conclusion, the integration of this model into the mobile application is a sig-
nificant step towards promoting inclusive communication in digital environments. 
It enables a smooth and accessible human-computer interaction, particularly for 
individuals with hearing impairments. This advancement significantly contrib-
utes to the evolution of SLR and translation in the realm of DL, marking a crucial 
milestone in the field.
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real time. It should also be noted that all of these contributions have contributed to 
the development of this study, which has allowed the development of an innovative 
tool that facilitates inclusive communication in digital environments and lays the 
groundwork for future improvements in SL recognition.
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