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Abstract

This research presents the design and development of KamAi, a mobile application that leverages
deep learning to recognize basic Filipino Sign Language (FSL). Developed for Android platforms,
KamAi aims to address communication challenges faced by the Deaf community by enabling real-
time recognition of FSL letters, numbers, and commonly used words. The application integrates
Convolutional Neural Networks (CNNs) with Google’s MediaPipe for gesture detection, offering an
accessible, user-friendly tool for both Deaf and hearing individuals engaged in FSL learning.
Employing a developmental research design guided by the Design Thinking framework, the study
engaged FSL educators, deaf and mute, hearing individuals and IT experts to ensure functionality,
usability, and relevance. A dataset of over 29,000 images, combining captured and publicly available
sources, was utilized to train the deep learning models. Evaluation results indicated strong model
performance: the letter recognition model achieved an accuracy of 88.38%, precision of 97%, recall
of 87%, and F1-score of 90%. The number model yielded 91.41% accuracy and 89% precision,
though with a lower recall of 21% and F1-score of 28%, highlighting challenges in distinguishing
visually similar signs. The word recognition model attained 83.08% accuracy, 96% precision, 88%
recall, and 91% F1-score, demonstrating effective classification of everyday gestures. User
Acceptance Testing (UAT) was conducted based on ISO 25010 software quality standards, with all
six evaluated attributes, Functionality (4.73), Reliability (4.51), Compatibility (4.71), Usability
(4.50), Efficiency (4.59), and Portability (4.77), receiving “Highly Acceptable” ratings. These results
confirm KamAi’s practical viability as a mobile-based assistive learning tool and its potential
contribution to inclusive education and digital accessibility in the Philippine context.
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1. Introduction

The Deaf and mute community faces significant barriers in communication, limiting
their participation in education, employment, and everyday social interactions. One major
factor contributing to these challenges is the limited awareness and understanding of sign
language among the general population, along with the lack of widely available assistive
technologies to support real-time communication (Jha & Pathak, 2024). In the Philippines, the
2000 census recorded approximately 1.78 million Deaf individuals (Department of Linguistics
- UP Diliman, 2023). In Odiongan municipality, reports from the local government identified
97 deaf individuals. To address the communication gap, the Philippine government passed
Republic Act 11106, known as The Filipino Sign Language Act, officially recognizing Filipino
Sign Language (FSL) as the national sign language for the Filipino Deaf community. FSL
serves not only as a communication medium but also as a representation of the unique culture
and identity of the Deaf in the Philippines.

Technological advancements in recent years have made significant contributions to
sign language recognition. Systems incorporating deep learning models such as MediaPipe
integrated with LSTM have demonstrated high recognition accuracy, achieving up to 98.89%
(Doan, 2022), while ResNet-50 models have shown 86.7% accuracy (Montefalcon et al.,
2021). However, many of these existing solutions are designed for desktop platforms, limiting
their usability in real-time, everyday scenarios. The emergence of frameworks like Google’s
MediaPipe offers a new avenue for real-time hand gesture recognition directly on mobile
devices. When combined with lightweight deep learning models such as Convolutional Neural
Networks (CNNs) and LSTM architectures, these frameworks enable highly efficient gesture
recognition with minimal latency on smartphones (Di Leo et al., 2025).

Mobile platforms are ideal for delivering accessible Filipino Sign Language
recognition tools due to their portability, real-time responsiveness, and widespread use (Wee
et al., 2024). Nevertheless, dynamic gestures still present challenges in recognition due to
motion variability, background clutter, and inconsistent lighting (Ezra et al., 2024). Hybrid
models, combining CNNs with LSTM or Transformer architectures, have shown potential in
capturing the temporal patterns of gesture sequences more effectively (Pigou et al., 2018).
Deployment frameworks like TensorFlow Lite and MediaPipe further facilitate real-time, on-
device processing, allowing accurate recognition even on mid-range smartphones (Lugaresi et
al., 2019).
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In response to these opportunities and challenges, this study presents the development
of KamAi, a mobile application that uses deep learning to recognize Filipino Sign Language
hand gestures. The name KamAi blends the Filipino word kamay (hand) with Al (Artificial
Intelligence), reflecting the app’s purpose of using advanced technology to improve
accessibility. KamAi aims to provide a user-friendly, mobile-first platform for basic learners
of FSL, offering real-time recognition and interactive learning tools. By improving
communication access and promoting sign language learning, KamAi contributes to fostering

inclusivity and breaking down communication barriers for the Filipino Deaf community.

2. Literature Review

2.1. Importance of Filipino Sign Language (FSL) and Technological Innovations

Filipino Sign Language (FSL) plays a critical role in fostering communication and
inclusion for the Deaf community in the Philippines. Despite its official recognition through
Republic Act 11106, challenges remain in promoting its widespread use due to limited public
awareness and the scarcity of effective technological support systems (Montefalcon et al.,
2021). As FSL is an essential medium for closing communication gaps, addressing these
challenges through technological innovation becomes increasingly important.

Several studies have sought to bridge these gaps through the development of assistive
technologies. Abougarair and Arebi (2022) proposed a glove-based FSL translator using
accelerometers to detect hand motions. Although this system demonstrated functionality, the
requirement of wearing specialized gloves made it impractical for day-to-day use. To address
usability issues, Evangelista et al. (2023) developed a vision-based system integrating
Google’s MediaPipe and Long Short-Term Memory (LSTM) networks, which showed
promising results in recognizing both simple and complex gestures in real-time. However, this
solution faced limitations related to scalability. Similarly, Zhang and Jiang (2024) employed
MobileNetV2 for FSL recognition, achieving 93.29% accuracy, yet encountering difficulties
in differentiating visually similar gestures such as "M" and "N." These studies collectively
underscore the importance of developing more practical, scalable, and accurate recognition

technologies for FSL.
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2.2. Role of Convolutional Neural Networks (CNN) in Mobile Applications for Sign
Language

Convolutional Neural Networks (CNNs) have significantly advanced the capabilities
of sign language recognition systems, particularly for mobile platforms where computational
efficiency is essential. Jarabese et al. (2021) achieved 95% accuracy using CNNs for FSL
recognition, utilizing data augmentation and fine-tuning to enhance model robustness.
However, their research highlighted the ongoing challenge of maintaining performance in
diverse lighting conditions and complex backgrounds, issues that are particularly relevant to
mobile application development.

Madrid et al. (2022) further extended the capabilities of gesture recognition by
combining MediaPipe’s hand pose detection with LSTM networks to capture the dynamic
aspects of gestures, achieving over 98% accuracy. Cayme et al. (2024) emphasized the
necessity of balancing computational efficiency with model performance, especially when
deploying CNNs on resource-constrained mobile devices. These findings illustrate that while
CNNs are highly effective for sign language recognition, continued research is needed to
optimize these models for reliable, real-time performance on mobile platforms.

2.3. The Potential of Google MediaPipe in Gesture Recognition

Google MediaPipe has emerged as a robust and lightweight framework for real-time
hand gesture recognition. Its cross-platform capabilities make it particularly suitable for mobile
applications requiring fast and efficient processing. Madrid et al. (2022) demonstrated the
effectiveness of integrating MediaPipe with LSTM networks to accurately recognize dynamic
FSL gestures, while Bora et al. (2023) successfully applied MediaPipe to Assamese Sign
Language, proving its versatility across different sign languages.

Evangelista et al. (2023) also leveraged MediaPipe for real-time gesture recognition in
FSL systems, confirming its efficiency in capturing hand landmarks. However, despite these
advancements, the potential for further improvement remains, particularly in combining
MediaPipe with advanced Al architectures like transformers to improve recognition accuracy
and adaptability in more diverse environments. This integration offers a promising research

direction for enhancing dynamic gesture recognition on mobile platforms.
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2.4. Socio-Technical Considerations and Accessibility in Mobile Application
Development

The development of effective FSL recognition systems extends beyond technical
challenges and includes important socio-technical considerations. Accessibility, user
experience (UX), and user involvement are critical for ensuring that these systems meet the
needs of the Deaf community. Familoni and Babatunde (2024) emphasized the importance of
human-centered UX design in healthcare applications, advocating for usability testing and
regulatory compliance to ensure broad accessibility. Sadueste and Masalinto (2023) found that
accessibility is directly linked to user satisfaction in academic library services, while Joshua et
al. (2023) noted that trust in mobile health applications is strongly influenced by UX and
security features.

In the context of assistive technology, involving the Deaf community during the
development process ensures that resulting applications are functional, inclusive, and accepted
by users. Gokgoz et al. (2025) stressed the importance of community engagement to guide
design decisions, while Kousis et al. (2022) and Lipsmeier et al. (2022) demonstrated how
mobile deep learning apps can improve accessibility in healthcare, offering lessons for
inclusive design across various domains.

Furthermore, researchers such as Oliveira et al. (2024), Choo et al. (2019), and Ahsan
et al. (2024) highlighted the need for ongoing accessibility audits, especially as software
updates and Ul changes may inadvertently affect usability for users with disabilities.
Collectively, these studies advocate for a user-informed, standards-driven, and empathetic

design approach in developing mobile applications for diverse users.

2.5. Hybrid Approaches for Enhanced Model Performance

Hybrid modeling approaches, which integrate multiple Al techniques, have shown
promise for improving gesture recognition performance, particularly for dynamic sign
language recognition. Madrid et al. (2022) emphasized the benefits of combining MediaPipe
with recurrent architectures such as LSTM for capturing temporal features of sign language
gestures. Meanwhile, integrating transformer-based models and Gated Recurrent Units
(GRUs) is an emerging direction for improving long-range dependency capture in gesture

sequences.
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While hybrid models offer superior performance, Madrid et al. (2022) also noted the
importance of optimizing these models for mobile devices to maintain real-time
responsiveness. Gokgoz et al. (2025) reinforced the value of incorporating user feedback
throughout the development cycle to ensure the models meet practical, real-world needs.
Collaborative research efforts in developing shared, annotated datasets can further support
training and evaluation, ultimately enhancing model robustness and generalization across
diverse users and environments.

Android Studio serves as the primary integrated development environment (IDE) for
building Android-based mobile applications, offering comprehensive tools for development,
testing, and optimization. Its seamless integration with machine learning frameworks such as
TensorFlow Lite and Google’s ML Kit enables developers to implement advanced Al-powered
features like facial recognition, gesture tracking, and speech recognition within mobile
applications. Android Studio’s support for both Kotlin and Java allows developers to code
efficiently, while its built-in emulator provides real-time testing across multiple device
configurations. Furthermore, integration with Firebase enables cloud-based features such as
real-time database storage, authentication, and cloud computing, expanding the potential for
secure and scalable mobile applications. These capabilities make Android Studio an essential
platform for developing sophisticated Al-powered mobile applications, including those aimed
at FSL recognition.

Design Thinking has gained widespread recognition as a flexible, user-centered
methodology for solving complex problems, particularly in educational technology. Rdsch et
al. (2023) outlined a structured design thinking framework that emphasizes iterative
development, empathy with users, and interdisciplinary collaboration. This approach ensures
that solutions are not only functional but also closely aligned with user needs. Ansori et al.
(2023) demonstrated the effectiveness of design thinking in improving mobile learning
applications, achieving an impressive usability score of 86% through iterative development
and User Acceptance Testing (UAT). Bender-Salazar (2023) highlighted design thinking's
capacity to address “wicked problems” by fostering creative solutions to complex challenges
such as accessibility and inclusion. Applying design thinking to FSL recognition ensures that
applications are not only technically sound but also pedagogically effective, inclusive, and

widely accepted by both Deaf and hearing users.
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2.6. Performance Metrics and Confusion Matrices in Model Evaluation

Accurate model evaluation is essential in ensuring the fairness and reliability of gesture
recognition systems. While accuracy remains a widely used metric, researchers such as Chicco
et al. (2021) argue that Matthews Correlation Coefficient (MCC) provides a more reliable
measure, especially for imbalanced datasets commonly encountered in gesture recognition.
Vanacore et al. (2022) further emphasized the importance of fairness in model evaluation,
advocating for metrics that ensure balanced performance across all gesture categories, even
those with fewer examples.

The application of these comprehensive evaluation metrics helps to avoid biased model
performance, ensuring that the system effectively recognizes a wide variety of gestures, a

critical factor in the practical deployment of FSL recognition systems.

2.7. The Role of User Acceptance Testing (UAT) and ISO 25010 in Mobile
Educational Applications

User Acceptance Testing (UAT) is a crucial step in validating whether an educational
mobile application effectively meets its intended goals and user needs. The integration of ISO
25010 software quality standards enhances the rigor of UAT by providing a structured
evaluation framework encompassing eight key quality characteristics: functionality, usability,
reliability, performance efficiency, compatibility, security, maintainability, and portability.

Huda et al. (2023) demonstrated the value of combining ISO 25010 and design thinking
in the development of e-learning platforms, while Martino and Andry (2020) used this
framework to identify functional discrepancies in business applications. Ombai et al. (2024)
applied 1SO 25010 in evaluating an augmented reality educational tool, achieving high
usability even for novice users. Aditama and Hikmah (2022) highlighted its effectiveness in
software comparisons, such as evaluating password managers. These studies illustrate how
ISO 25010 strengthens UAT by ensuring that mobile applications are not only technically
robust but also user-friendly, accessible, and effective for educational purposes.

3. Methodology
This section describes the research design, procedures, tools, and techniques applied in
the design, development, and evaluation of KamAi, a mobile application designed to recognize

Filipino Sign Language (FSL) hand signs.
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3.1. Research Design

This study employed a developmental research design to guide the systematic creation
and evaluation of KamAi. This approach enabled the researcher to iteratively design,
prototype, and refine the mobile application in close alignment with the communication needs
of Deaf and mute individuals, as well as hearing individuals seeking to learn Filipino Sign
Language. The developmental research design allowed for repeated cycles of design,
development, testing, and improvement, ensuring that the final product is both functional and
user-centered.

To support this developmental process, the Design Thinking framework was adopted.
Design Thinking is a widely recognized model that emphasizes empathy, problem-solving, and
user-focused innovation. As outlined by Zulaikha et al. (2023), Design Thinking aligns
technology solutions with the real-world needs of users. The process consists of five iterative
phases: Empathize, Define, Ideate, Prototype, and Test, which together provided a structured

path for the creation of KamAl.

3.2. Research Method

Figure 1
Design Thinking Model

Define Prototype
Defining Functional » Mobile App Development
Requirements . Model Training
Designing the User
. Interface (UI) and User Ideate
Empathize Experience (UX) ) Test
Conducting Intervi . Planning FSL
Onar:l: IIDTSQCUZS?;:I:WS recognition with » User Acceptance Testing
CNN and MediaPipe (UAT)

= Analyzing Technical
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Empathize phase. In the empathize phase, the researcher-initiated engagements with
the Persons with Disability Affairs Office (PDAO) in Odiongan, Romblon. The office provided
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demographic data on the local Deaf and mute population through formal coordination.
Additionally, interviews and consultations were conducted with Filipino Sign Language (FSL)
educators from Odiongan National High School and Odiongan Central Elementary School to
better understand the communication challenges faced by the Deaf community. These
consultations provided valuable insights into user expectations, learning difficulties, and
technical needs. Functional and non-functional requirements for the application were
identified, which included the need for a user-friendly interface, visual learning aids, and
compatibility across various Android devices. The app was also designed to support offline
usage, ensuring accessibility for users without stable internet access. The researcher also
explored future possibilities of integrating real-time hand sign recognition through machine
learning algorithms, although this feature was included as part of the app’s long-term
development roadmap.

Define Phase. The define phase focused on translating user insights into concrete
functional requirements for the KamAi application. The core features identified included
learning modules for FSL covering the alphabet, numbers, and basic vocabulary. Each module
was supported by video demonstrations to enhance visual learning. A real-time hand sign
recognition feature was also integrated, allowing users to perform hand signs that the mobile
camera could detect and classify into corresponding letters, numbers, or words. Special
attention was given to designing a clean and accessible user interface that would accommodate
users of varying ages, literacy levels, and digital proficiencies. The user interface design was
visualized using Canva, with a focus on bright colors, clear icons, and large typography to

facilitate easy navigation and interaction for both Deaf users and hearing learners.

Figure 2

Screen layouts of the KamAi application
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Ideate phase. The ideate phase involved selecting appropriate technical solutions to
implement the real-time FSL recognition system. The application architecture integrated
several key technologies. MediaPipe, an open-source framework developed by Google, was
employed for real-time hand landmark detection, capturing 21 critical points on the hand.
These landmarks were processed and fed into a Convolutional Neural Network (CNN) for
gesture classification. TensorFlow Lite (TFLite) was used for model optimization and
deployment on mobile devices. To train the CNN model, a large dataset was compiled,
combining publicly available datasets from Kaggle and custom-curated data collected for this
study. The dataset included 11,700 images of FSL letters, 16,500 images of FSL numbers, and
2,000 images of commonly used FSL words. To enhance the model’s robustness, data
augmentation techniques such as rotation, flipping, brightness adjustment, and scaling were
applied, simulating various hand orientations, lighting conditions, and user environments. This
comprehensive dataset ensured that the model could generalize well to real-world variations

in hand gestures.

Figure 3
FSL letters

Sample dataset images of the FSL letter “A”

9

Sample dataset images of the FSL letter “B”
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Figure 4
FSL numbers

Sample dataset images of the FSL number “0"

Sample dataset images of the FSL number “1”

Figure 5
FSL words

Sample dataset images of the FSL word “Ano”

Prototype phase. In the prototype phase, the researcher developed and trained the CNN
model using TensorFlow within Jupyter Notebook. The model architecture consisted of
multiple convolutional and pooling layers, fully connected dense layers, and a final softmax
output layer to classify gestures into their respective categories. Cross-validation techniques

were applied throughout training to prevent overfitting and ensure the model’s ability to
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generalize to new data. Evaluation metrics such as accuracy, precision, recall, and F1-score
were monitored during training to optimize performance. The training process was conducted
on a high-performance computing system, utilizing an NVIDIA GeForce RTX 3070 GPU, 24
GB RAM, and an AMD Ryzen 9 processor running on Ubuntu 24.04 LTS. Once training was
complete, the model was converted into TensorFlow Lite format for mobile deployment.

Subsequently, the mobile application was developed using Android Studio (Koala
Version) as the integrated development environment (IDE). Android Studio supported the
seamless integration of the trained model into the mobile interface. The user interface was
designed to allow real-time hand sign recognition, leveraging MediaPipe’s Gesture Recognizer
and TensorFlow Lite for on-device inference. The final mobile application was compatible
with Android devices running API Level 21 and above, ensuring accessibility across a wide
range of smartphones.

Table 1

Technical specifications for model training
Component Specification
Operating System Ubuntu 24.04 LTS
GPU NVIDIA GeForce RTX 3070 (8GB VRAM)
RAM 24 GB
Processor (CPU) AMD Ryzen 9 6900HX
Development Platform Jupyter Notebook
Frameworks Used TensorFlow, MediaPipe
Model Format TensorFlow Lite (.tflite)

Table 2

Technical tools for mobile application development

Component Specification / Tool

Mobile IDE Android Studio (Koala Version)

Code Editor Visual Studio Code (with Jupyter Plugin)
Programming Language Python (for model training), Java/Kotlin (for Android)
Model Integration TensorFlow Lite (.tflite)

Frameworks & Libraries MediaPipe, TensorFlow Lite

Target Platform Android

Minimum SDK API Level 21 (Android 5.0 Lollipop)
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Test phase. The test phase involved comprehensive evaluation of the KamAi
application, guided by the ISO/IEC 25010:2011 software quality model. Six key quality
attributes were assessed: functional suitability, usability, reliability, performance efficiency,
compatibility, and portability. User Acceptance Testing (UAT) was conducted with a diverse
group of participants, including Deaf and mute individuals, FSL educators, IT experts, and
representatives from PDAO. Participants used a structured questionnaire based on ISO 25010
criteria, rating various aspects of the application using a 5-point Likert scale. This
comprehensive evaluation allowed for user-centered feedback on the application’s
effectiveness, responsiveness, and accessibility, enabling the researcher to identify areas for

improvement and refinement.

3.3. Research Locale and Participants

The research was conducted in Odiongan, Romblon, Philippines, from December 2024
to May 2025. The location was chosen due to its active Deaf community and existing support
from local government units and educators. A purposive sampling method was employed to
select participants who could provide meaningful feedback on both technical and functional
aspects of the application. The participant group included 21 Deaf and mute individuals, 50
hearing learners and students, 4 certified FSL educators, 10 IT experts, and 2 PDAO
representatives. This diversity of participants ensured comprehensive input from both end-
users and domain experts, strengthening the validity of the evaluation process.

3.4. Research Instrument and Validation

The primary evaluation tool used in this study was a questionnaire based on the
ISO/IEC 25010:2011 software quality model. The instrument was validated through expert
review, involving three IT specialists, one grammar expert, and one statistician. The IT
specialists reviewed the tool for technical accuracy, the grammar expert ensured clarity and
readability, and the statistician confirmed the appropriateness of the Likert scale. A reliability
test was conducted, yielding a Cronbach’s alpha coefficient of 0.855, which indicates excellent
internal consistency and confirms the tool’s reliability for measuring software quality

attributes.
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3.5. Data Gathering Procedure

The data gathering process involved the collection of both secondary and primary
datasets. Publicly available datasets from Kaggle were used, supplemented by new images
captured locally with the assistance of FSL educators and Deaf participants. The complete
dataset included images for FSL letters, numbers, and 16 commonly used words. All images
were labeled and reviewed for accuracy, with variations included to represent different hand
sizes, skin tones, and environmental conditions. This comprehensive dataset served as the

foundation for training the recognition model.

3.6. Data Processing and Analysis

Prior to training, all images underwent preprocessing, including resizing,
normalization, and noise reduction to standardize input for the CNN model. Data augmentation
techniques such as rotation, flipping, brightness adjustment, and scaling were applied to enrich
the dataset and improve the model’s ability to handle diverse real-world scenarios. The
processed images were then fed into the CNN model for training and classification. MediaPipe
was used to extract hand landmarks, which served as input features for gesture recognition.
TensorFlow Lite enabled lightweight deployment of the trained model on mobile devices.
Model performance was evaluated using standard classification metrics derived from the
confusion matrix, including accuracy, precision, recall, and F1-score. These metrics provided

a comprehensive assessment of the model’s ability to correctly recognize FSL gestures.

3.7. Statistical Treatment

Descriptive statistics were applied to analyze user feedback collected through the ISO
25010-based questionnaire. Mean scores were computed for each software quality attribute,
while model evaluation metrics were calculated to quantify the performance of the CNN
recognition model. The combined statistical analysis of both quantitative model performance
and qualitative user evaluations provided a robust assessment of KamAi’s technical and

functional success.

3.8. Ethical Considerations
Informed consent was obtained from all participants, and personal data confidentiality
was maintained throughout the study. The application does not collect or store any user data
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during operation. All datasets used for model training were either publicly available or
collected with explicit consent. Measures were taken to prevent Al model bias by ensuring
diversity in the training dataset, covering variations in skin tone, hand size, and environmental
conditions. Ethical principles of beneficence and non-maleficence were observed throughout
the research, ensuring that the KamAi application promotes accessibility and inclusion for the

Deaf community while minimizing any potential harm or misuse.

4. Results

KamAi was successfully developed using Android Studio, TensorFlow Lite, and
Google’s MediaPipe framework. The application features real-time FSL recognition across
three learning categories: letters, numbers, and words. The application’s interface includes a
splash screen, home screen with live camera feed, intuitive mode selection buttons, and an
"About" section offering categorized tutorial videos. Users can switch between recognition
modes easily, allowing for progressive learning of the FSL alphabet, numbers, and commonly
used phrases. This layered approach to learning provides an inclusive experience for beginners
and more advanced learners alike

Splash Screen. The splash screen is the first visual presented to the user upon launching
the KamAii application. This screen features the KamAi logo while the application loads in the
background. The splash screen serves not only as a visual identity for the app but also provides

a brief loading period to prepare necessary resources for seamless use.

Figure 6
KamaAi splash screen
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Home screen. The home screen serves as the main interface of the application. Upon
entering this screen, users are immediately presented with the camera feed, allowing them to
begin using the app for gesture recognition. The Letters Screen is set as the default screen on
the Home Screen, which means the app automatically opens to this mode, where users can
begin practicing the recognition of the FSL alphabet (A-Z) by showing hand gestures.
Additionally, the home screen displays the recognized FSL sign as a corresponding letter,
number, or word. It also includes essential navigation buttons, which allow users to switch

between the different modes.

Figure 7
KamaAi splash screen

Mode selection. The app provides users with three primary recognition modes, designed
to accommodate different learning levels and needs. These modes include:

Letters: Recognizes hand signs for the FSL alphabet (A-Z). Each correctly performed
sign is shown as its corresponding letter on the screen.

Numbers: Detects hand gestures for numbers from 1 to 10 and displays the recognized
number as text.

Words: Recognizes 17 words and phrases such as “Mahal kita,” “Mama,” “Papa,” and
“Ate, Ano, Hello, Kailan, Lolo, Lola etc.
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Figure 8
Recognition output for FSL letters A, B, C, D, Eand E
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Figure 9
Recognition output for FSL letters G, H, I, J, Kand L
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Figure 10
Recognition output for FSL letters M, N, O, P, Q and R
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Figure 11
Recognition output for FSL letters S, T, U, V, W and X
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Figure 12
Recognition output for FSL letters Y and Z
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Figure 13
Recognition output for FSL numbers 1, 2 and 3
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Figure 14
Recognition output for FSL numbers 4,5,6,7,8 and 9
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Figure 15
Recognition output for FSL number 10

Figure 16
Recognition output for FSL words lolo, kain and ilan
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Figure 17
Recognition output for FSL words lola, baby, okay, magkano, ano, pinsan

719PM B Zazem

731PM B




116 | Industry and Academic Research Review, Volume 3 Issue 1

Figure 18

Recognition output for FSL words hello, mahal kita, papa, kuya, ate and mama
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Figure 19
Recognition output for FSL word paano KamAp

Each mode is clearly represented through intuitive icons on the home screen, making
it easy for users to switch between the different modes based on their learning preferences.

About Screen. The About Screen provides tutorial videos grouped into three playlists:
FSL Letters, Numbers, and Words. Users need an internet connection to access the playlists,
which are hosted on YouTube. They can also download the videos to YouTube Downloads

and watch them offline anytime.
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Figure 21
Tutorial video playlist for FSL words, letters, and numbers

320PM B B BB TROR alie 320PM 0 @ B

& Letters g Q ¢ & Numbers

The developed CNN-based recognition model was trained and tested using a
comprehensive dataset composed of publicly available and custom-collected images. The
model’s performance was evaluated using standard classification metrics, including accuracy,
precision, recall, and F1-score, with separate assessments for FSL letters, numbers, and words.
For the FSL Letters dataset, the model achieved a precision of 97%, recall of 87%, and F1-
score of 90%, demonstrating high accuracy in recognizing most letters. Some confusion
occurred between visually similar hand signs such as "M" and "N," suggesting potential areas
for further improvement. For the FSL Numbers dataset, the model achieved a precision of 96%,
recall of 88%, and F1-score of 91%, performing reliably in identifying most number gestures,
though occasional misclassifications occurred between similar hand shapes. The FSL Words
dataset also yielded strong results, with a precision of 96%, recall of 88%, and F1-score of
91%, indicating the model’s ability to handle more complex gestures involving common

Filipino words and phrases.
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Letters FSL (Test Data)

Figure 22
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To assess the application’s real-world usability and software quality, UAT was
conducted using the ISO/IEC 25010:2011 framework. The UAT involved Deaf and mute
individuals, hearing learners, FSL educators, IT experts, and local government representatives.
The evaluation covered six software quality characteristics: functionality, reliability,

compatibility, usability, efficiency, and portability.

Table 3
User Acceptance Testing results of the KamAi App based on ISO 25010 software quality characteristics
Indicators Mean SD DI

Functionality 4,73 0.48 Highly Acceptable
Reliability 451 0.64 Highly Acceptable
Compatibility 471 0.47 Highly Acceptable
Usability 4.5 0.66 Highly Acceptable
Efficiency 4.59 0.61 Highly Acceptable
Portability 4.77 0.42 Highly Acceptable

Legend: 1.00-1.80 Highly Unacceptable; 1.81-2.60 Unacceptable; 2.61-3.40 Fairly Acceptable; 3.41-4.20
Acceptable; 4.21-5.00 Highly Acceptable
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Across all attributes, KamAi achieved mean scores falling within the “Highly
Acceptable” range. Functionality (4.73), compatibility (4.71), and portability (4.77) received
the highest ratings, indicating that the application performs its intended functions accurately,
operates across multiple devices and Android versions, and can be easily used on a variety of
hardware platforms. Reliability (4.51), usability (4.50), and efficiency (4.59) also received high
ratings, reflecting smooth operation, intuitive interface design, and minimal resource
consumption. These findings confirm that the application meets user expectations for quality,
accessibility, and practicality in supporting FSL learning.

5. Discussion

5.1. Development and Utility of KamAi for FSL Learning

The KamAi mobile application represents a significant step forward in the integration
of assistive technology for Filipino Sign Language education. The design of the application
effectively combines technological sophistication with accessibility, addressing the
communication and learning needs of both Deaf and hearing individuals. The structured
learning pathways—divided into letters, numbers, and common words, support a gradual
acquisition of sign language skills, promoting independent learning for beginners while
offering advanced learners more complex vocabulary practice. The application’s real-time
gesture recognition system, powered by CNN and MediaPipe, provides immediate feedback to
users, reinforcing learning and increasing engagement. These design choices are consistent
with prior research highlighting the importance of real-time interaction and multimedia

resources in sign language learning (Montefalcon et al., 2021).

5.2. Model Performance Across FSL Data Categories

The CNN-based recognition model demonstrated high performance across all three
datasets. The letter recognition model, with an accuracy of 88.38%, precision of 97%, recall
of 87%, and F1-score of 90%, suggests that static hand gestures for alphabet learning are well-
suited for CNN-based classification models. However, the noted misclassifications between
visually similar signs like “M” and “N” highlight opportunities for refinement, potentially
through deeper network architectures such as ResNet or hybrid models incorporating temporal
features (Montefalcon et al., 2021).
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For number recognition, the model performed exceptionally well with 91.41%
accuracy and 96% precision but displayed some confusion between closely related signs,
particularly between numbers "1" and "2," as well as among "6," "7," and "8." Similar
challenges have been reported by other researchers when distinguishing subtle differences in
finger positioning (Rahimian et al., 2021), suggesting that future models might benefit from
transformer-based approaches or attention mechanisms to capture finer visual distinctions.

The word recognition model yielded an accuracy of 83.08%, precision of 96%, recall
of 88%, and Fl-score of 91%. These results confirm the model’s capability to handle more
complex multi-class classifications, which are essential for conversational vocabulary. While
most frequently used words such as "Mama,” "Mahal Kita,"” and "Lola" achieved high
recognition rates, words with fewer training samples showed slightly lower performance. This
observation emphasizes the importance of expanding the dataset and employing advanced
augmentation techniques to further improve recognition rates for less frequently used signs
(Feng et al., 2021).

5.3. Application Evaluation Based on 1SO 25010 Quality Criteria

The results of the User Acceptance Testing clearly indicate that KamAi satisfies
software quality standards across multiple dimensions. High scores in functionality and
usability suggest that the application effectively meets the learning needs of its target audience,
consistent with findings from previous usability studies in assistive learning technologies
(Atanacio, 2022; Shah & Chiew, 2019). The strong ratings for compatibility and portability
highlight KamAi’s practical applicability across a broad range of Android devices, which is
especially relevant in the Philippine context where users may rely on lower-end mobile
hardware (Zulfa et al., 2020). Additionally, the efficiency and reliability scores affirm the
application’s ability to perform smoothly and consistently, even in resource-limited

environments, making it suitable for everyday use in educational settings.

6. Conclusion
This study successfully designed, developed, and evaluated KamAi, an Android-based
mobile application for real-time recognition of Filipino Sign Language (FSL) using deep

learning techniques. The research addressed the need for accessible and inclusive digital tools
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that support FSL education and communication, particularly for the Deaf and mute community
in the Philippines. Through the integration of Convolutional Neural Networks (CNNs) and the
MediaPipe framework, the application demonstrated promising recognition capabilities across
three key gesture categories: letters, numbers, and commonly used words and phrases.

The first research objective, centered on the development of an interactive and user-
friendly mobile application, was effectively achieved. KamAi incorporates a structured and
intuitive interface, offering three distinct recognition modes and immediate gesture-to-text
feedback to facilitate user engagement and self-paced learning. The inclusion of tutorial video
playlists, accessible both online and offline, further enriched the application’s pedagogical
functionality and extended its usability beyond real-time recognition tasks.

The second objective, which involved evaluating the model’s performance across
different datasets, produced favorable outcomes. The letter recognition model attained an
accuracy of 88.38%, precision of 97%, recall of 87%, and an F1-score of 90%, indicating
strong reliability in classifying static alphabetic signs. Similarly, the word recognition model
achieved 83.08% accuracy, 96% precision, 88% recall, and an F1-score of 91%, demonstrating
the model’s capacity to handle a more complex set of FSL gestures relevant to everyday
communication. Although the number recognition model recorded high accuracy (91.41%) and
precision (89%), its lower recall (21%) and F1-score (28%) suggest challenges in
differentiating numerically similar gestures, highlighting an area for potential improvement
through further model refinement and dataset enhancement.

The third objective, which aimed to assess the application’s overall quality and user
acceptance using the ISO/IEC 25010:2011 software quality model, yielded highly positive
results. User Acceptance Testing (UAT) revealed consistently high mean ratings across all six
quality attributes: Functionality (4.73), Reliability (4.51), Compatibility (4.71), Usability
(4.50), Efficiency (4.59), and Portability (4.77). These findings affirm the application’s strong
alignment with user expectations in terms of performance, responsiveness, cross-device
operability, and ease of use. The application’s high ratings across these dimensions reflect its
potential as a reliable and effective assistive tool for FSL instruction and practice.

In conclusion, KamAi presents a viable solution for enhancing FSL learning and
communication accessibility through mobile technology. It contributes to the broader
discourse on inclusive education and digital equity by providing an innovative tool that bridges
linguistic and social barriers. The application not only supports the linguistic needs of Deaf
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individuals but also promotes FSL literacy among hearing users, fostering mutual
understanding and social inclusion. The findings underscore the importance of integrating
user-centered design, robust model evaluation, and international software quality standards in
the development of accessible learning technologies. Future work may focus on expanding the
gesture library, improving recognition of similar hand signs, and incorporating adaptive

learning features to further advance the application’s impact and scalability.
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