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ABSTRACT
The Filipino Sign Language (FSL) serves as the official sign language of the Deaf community in the Philippines, as recognized under Republic Act 11106. Despite this recognition, communication barriers persist in educational institutions, healthcare facilities, workplaces, and other settings where Deaf and hearing individuals interact, largely due to the limited understanding of FSL among the hearing majority. Existing sign language recognition applications predominantly target other sign languages such as American Sign Language and are constrained to isolated gesture recognition, failing to address the continuous and dynamic nature of Filipino Sign Language communication. This study developed an AI-Based Real-Time Filipino Sign Language Recognition and Translation System with Context-Aware Natural Language Processing, implemented as an Android mobile application. The system employs MediaPipe Holistic for coordinate-based 3D landmark extraction from hand and body pose, and a Long Short-Term Memory (LSTM) neural network for sequential gesture pattern recognition. A dataset of 20 FSL vocabulary items was collected from seven Filipino Sign Language signers, and a four-technique data augmentation pipeline including Gaussian noise, time shifting, scale variation, and hand mirroring was applied to improve model generalization across different signing styles and dominant hand preferences. The trained model was converted to TensorFlow Lite format for efficient on-device inference without requiring server-side computation or internet connectivity. The system achieved an overall classification accuracy of 97% on the evaluated vocabulary, demonstrating the viability of real-time FSL gesture recognition on consumer-grade mobile hardware. The study adopted a developmental research design with an Agile software development approach to facilitate iterative refinement throughout the development process. The results confirm that the proposed MediaPipe-LSTM architecture provides a practical and accessible foundation for bridging the communication gap between the Filipino Deaf community and the hearing population.
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INTRODUCTION
Background of the Study    
Filipino Sign Language (FSL) is the national sign language of the Philippines and is officially recognized under Republic Act 11106, also known as the Filipino Sign Language Act. It serves as the primary language of communication for many Deaf and hard-of-hearing Filipinos, allowing them to express ideas, emotions, and cultural identity through visual-gestural means. Despite its legal recognition, FSL remains largely unfamiliar to the hearing majority. This lack of shared language creates daily challenges in education, healthcare, employment, and social participation, as deaf individuals often struggle to communicate effectively with hearing individuals who do not know FSL.
The communication barriers faced by Deaf Filipinos remain evident in education, healthcare, and employment. In schools, lessons are often missed when interpreters are unavailable or unable to keep pace with the discussion. In healthcare settings, incomplete or misinterpreted messages may lead to misdiagnoses or inappropriate treatments. In workplaces, limited communication can restrict opportunities for hiring and career advancement. These difficulties are further intensified by the shortage of trained interpreters, regional variations in signing styles, and the importance of facial and body expressions, which are sometimes overlooked in existing technological tools. Moreover, most sign language recognition systems are designed for foreign sign languages, particularly American Sign Language (ASL), and are limited to recognizing isolated gestures rather than continuous signing. 
To address these challenges, this study aims to develop an AI-based real-time Filipino Sign Language Recognition and Translation System with Context-Aware Natural Language Processing and Adaptive Machine Learning. The system will run on mobile devices with a camera, capturing and recognizing FSL gestures in real time and translating them into readable text and speech. It will also allow hearing users to respond via typed or spoken input, which the system will display as sign animations, enabling two-way communication. By combining gesture recognition with context-aware natural language processing and online-first design, the system seeks to provide a practical, accessible, and private tool that bridges the communication gap between Deaf and hearing individuals.
Statement of the Problem
The primary challenges this research addresses are the serious communication barriers that the Filipino deaf and mute community encounters when engaging with the hearing community. This difficulty is made more difficult by non-signers' lack of understanding of Filipino sign languages. 
Specifically, the following problems are observed:
1. Traditional sign language recognition systems are often limited to identifying simple, static gestures, such as individual letters. These systems struggle to recognize dynamic gestures, including verbs, phrases, and sentences, because they cannot effectively capture the sequential and temporal patterns inherent in continuous Filipino Sign Language movements. This limitation reduces the practical usability of such systems in real-life communication.
2. Most existing sign language recognition technologies are optimized for foreign systems, such as American Sign Language (ASL), and lack a comprehensive dataset specifically designed for Filipino Sign Language (FSL). This creates a significant linguistic gap, as these systems fail to recognize the unique hand shapes, facial expressions, and cultural nuances inherent to FSL. Because AI models are limited by the data they are trained on, reliance on Western-centric datasets leads to high error rates when applied to the Philippine context. 
3. Many advanced sign language recognition systems require high-end hardware to function effectively, making them difficult to access for students, interpreters, and the general public. This hardware dependency limits the practical usability of such systems in everyday environments, restricting their potential to provide widespread, real-time communication support. There is a clear need for a system that can operate efficiently on portable, low-cost devices without sacrificing performance or speed.
Objective of the Study
The main goal of this study is to make a reliable, real-time system for the recognition and translation of sign language with the integration of AI and machine learning in order to bridge the communication gap between the Filipino deaf/mute community and people in general. 
This study specifically seeks to:
1. To design and develop a comprehensive AI-driven application that can accurately interpret both static and dynamic Filipino Sign Language gestures from video input. The system will analyze the spatial features of hand shapes and positions, as well as the temporal sequences of movements, to recognize continuous and complex gestures. By doing so, it aims to improve real-time communication between Deaf and hearing individuals, enhance accessibility, and provide a foundation for creating inclusive, intelligent translation tools that can be applied in educational, social, and professional environments.
2. To organize a high-quality Filipino Sign Language (FSL) dataset that serves as a localized alternative to existing systems based on Western sign languages. This objective focuses on capturing the unique syntax, grammar, and morphology inherent to FSL. By documenting specific hand shapes, movements through space, and facial expressions, the system ensures the AI model is trained on data that is both culturally and linguistically authentic. Establishing this custom data foundation allows the study to reduce technical bias and significantly improve the translation accuracy of the system.
3. To develop and optimize an AI-driven Filipino Sign Language recognition system for deployment on resource-constrained devices, such as mobile phones. The system will be designed to perform real-time gesture recognition with low latency and minimal memory usage, ensuring accessibility, affordability, and practical usability. By creating a lightweight and efficient model, the application aims to enable widespread adoption, supporting daily communication needs and making inclusive technology available to a broader range of users.
Scope and Limitations  
This study focuses on the development of an AI-based real-time Filipino Sign Language Recognition and Translation System with Context-Aware Natural Language Processing and Adaptive Machine Learning. The system is designed to bridge communication gaps between the deaf and hearing communities by providing real-time recognition and translation of Filipino Sign Language (FSL). It runs on a cellphone equipped with a camera, using AI-based hand tracking to capture and interpret hand movements without requiring specialized sensors. Its core scope includes real-time gesture recognition, context-aware translation through natural language processing, an adaptive learning mechanism that improves recognition accuracy over time, and bidirectional communication allowing hearing users to type or speak words. The system also includes a voice output feature that converts recognized signs into clear, natural-sounding speech, thereby enabling deaf users to communicate verbally when necessary. It is further designed with an online approach by storing its core dataset and trained model in the cloud.
While the system is fully functional, several limitations must be acknowledged. Its vocabulary is limited to a predefined set of common words, phrases, and alphabet-based spelling due to the challenge of building a complete FSL dataset within the project timeline. Although context-aware NLP is applied to improve translation quality, some outputs may still be literal or grammatically imperfect compared to true FSL syntax. Recognition accuracy can also be affected by lighting conditions, camera quality, or cluttered backgrounds. Performance may vary across users, particularly if signing speed or style differs from the training data, and very rapid signing could cause missed detections. Lastly, the system requires the internet to fully access the application, which may limit usability in remote areas. These limitations will guide future improvements in vocabulary expansion, translation fluency, and overall recognition performance.
Significance of the Study
The importance of this study lies in its contribution to making communication between deaf and hearing individuals more inclusive and efficient. Instead of relying solely on interpreters or written notes, the system enables natural interaction by recognizing Filipino Sign Language in real time and producing clear text and speech outputs. Likewise, it allows hearing individuals to respond through visual sign animations, creating a two-way exchange. 
The following groups are expected to benefit from this project: 
Deaf and Hard-of-Hearing Individuals. They gain a way to express themselves naturally through FSL while instantly receiving a translated text or speech output, allowing them to participate more fully in conversations without relying solely on interpreters or writing. 
Hearing Individuals. They can understand signed messages even if they do not know FSL, which is particularly helpful in schools, workplaces, and public services where communication barriers often occur. 
Educators and Advocates. Teachers, trainers, and advocacy organizations can use the system as a teaching aid to increase awareness and support the promotion of FSL in inclusive education programs. 
Service Providers and Institutions. Businesses, government agencies, and customer service personnel benefit from a tool that makes their services more accessible and inclusive to deaf clients or customers. 
Researchers and Developers. Future scholars and developers can build upon this system, expanding its vocabulary, improving its recognition models, or porting it to mobile platforms to reach a wider audience.
Definition of Terms
This section defines key terms used throughout the study to ensure a clearer understanding of the concepts, technologies, and processes involved in developing the proposed system.
Adaptive Learning. A mechanism by which model performance is improved over time using user corrections or additional local data.
Context-Aware. The ability of the system to analyze surrounding words, grammar, and meaning so that it can predict the most appropriate phrase or sentence, rather than just translating signs one by one.
Continuous Sign Recognition. Recognizing a sequence of signs from continuous video, rather than isolated, single signs.
Deaf Community. People with significant hearing loss who use sign language as a primary method of communication.
Filipino Sign Language (FSL). The natural sign language used by many Deaf Filipinos, composed of hand shapes, movements, facial expressions, and body language.
Natural Language Processing (NLP). A branch of artificial intelligence that allows computers to understand, interpret, and generate human language, enabling the system to create more natural and context-aware translations.
Real-time. The system processes input and produces output with sufficiently low latency for interactive use (target: near-instant or sub-second response for isolated signs; allow slight buffering for phrase translation).
Sign Language Recognition. Automated detection and classification of sign gestures from video input.
Translation System. Software that converts recognized sign glosses into natural-language text or speech.
METHODOLOGY
This chapter outlines the research methods and procedures applied in the design, development, and evaluation of the AI-Based Real-Time Filipino Sign Language Recognition and Translation System. It explains how the study systematically approaches the creation of a functional application that can accurately recognize and translate Filipino Sign Language gestures in real time. The methodology is structured to ensure that every phase of the project, from data collection to system testing, is organized, consistent, and reliable. It also highlights the tools, technologies, and processes employed to achieve a system that meets both technical and practical requirements. For clarity, diagrams are provided to visually represent the workflow, data processing, and system architecture, showing how each component contributes to the overall development and evaluation of the application.
Research Design
This study uses a developmental research design, which centers on creating, testing, and improving a practical product to address a real problem. Developmental research focuses on producing a usable solution and examining how well that solution works under real conditions; it combines design activities such as planning and building the system with systematic evaluation through testing its performance and usability. This approach is suited to projects where the primary goal is to produce a working application and to verify that the application meets its intended objectives.
The developmental design was chosen because this study aims to develop a functional mobile application that recognizes and translates Filipino Sign Language and to verify its performance with real users. Developmental research supports the collection of actual data about the system’s effectiveness, including recognition accuracy and user satisfaction, while the proponents make measured improvements based on test results and user feedback, particularly from members of the deaf community. This ensures the final product is both technically sound and practically useful for the intended users.
The development of the gesture recognition component requires extensive datasets consisting of videos that capture Filipino Sign Language (FSL) gestures. These datasets are crucial because the performance and accuracy of the recognition model largely depend on the quality, diversity, and representativeness of the input data. To ensure these requirements are met, the datasets will be sourced primarily from open-access repositories such as Mendeley Data, which provide publicly available gesture or sign language datasets specifically intended for research and educational purposes. Additional datasets may also be obtained from other reputable open-source platforms to supplement the range of gestures and enhance the system’s capability to recognize variations in signing.
The datasets will include a wide array of gestures representing common FSL words and phrases, capturing different hand orientations, positions, and movements. Including gestures from multiple users is an important consideration, as it allows the model to generalize across different hand shapes, sizes, and individual signing styles, thereby improving recognition accuracy in real-world scenarios. Variations in lighting conditions, background, and camera angles present in the datasets will further contribute to the robustness of the system, enabling it to perform effectively in diverse environments.
By utilizing open-source datasets, the development process is more efficient and cost-effective, as it eliminates the need for large-scale manual data collection while still providing high-quality and diverse data. However, if specific gestures required by the system are not available in these repositories, supplementary data will be collected manually. This manual collection will involve capturing videos of gestures performed by volunteers, ensuring that all necessary gestures are adequately represented. Overall, careful selection and acquisition of these datasets form a critical foundation for the successful implementation of gesture recognition, setting the stage for subsequent processes such as data preprocessing, model training, and validation.
For the development of the AI-Based Real-Time Filipino Sign Language Recognition and Translation System, the Agile software development model was adopted. Agile is an iterative and flexible approach to software development that emphasizes collaboration, adaptability, and incremental delivery of functional components. Unlike traditional models such as Waterfall, which follow a strict linear sequence, Agile allows the development team to continuously plan, build, test, and improve the system in small cycles called sprints (General Accountability Office, 2020).
Figure 1. Agile Method
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Agile is particularly suitable for this study because it allows frequent testing and refinement of the recognition model, which is essential for ensuring accurate real-time translations of Filipino Sign Language (FullScale, 2025). The methodology encourages continuous engagement with users, allowing the proponents to incorporate feedback from members of the deaf community throughout development, which helps make the system both practical and user-friendly. It also provides the flexibility to adapt requirements as the study evolves, which is crucial for AI systems where performance improvements and new feature needs often arise as more data is collected and analyzed. Agile’s incremental delivery approach enables proponents to implement functional components progressively, reducing development risks and making it easier to identify and fix issues early. In addition, the collaborative nature of Agile fosters better communication and coordination among proponents, ensuring that all aspects of the study remain aligned with its objectives. These characteristics make Agile a more effective and suitable SDLC model for developing a real-time, AI-driven Filipino Sign Language recognition and translation system compared to traditional sequential models.
The following are the stages of the Agile Model:
Planning
The planning phase involved identifying the goals, requirements, and scope of the AI-Based Real-Time Filipino Sign Language Recognition and Translation System. The proponents defined the system’s objectives, such as recognizing specific FSL gestures accurately and translating them into text in real time. During this phase, the target users, primarily members of the deaf community, were considered to ensure the system addresses real-world needs. Resources such as open-source FSL datasets, AI frameworks, and development tools were identified, and a roadmap for the overall development process was created, outlining timelines and deliverables for each sprint.
Design
In the design phase, the system’s architecture was developed, specifying how each component would function and interact. This included designing the user interface to be intuitive and accessible, planning the database structure to store gesture data and translations, and selecting the AI model architectures. Additionally, the data preprocessing pipeline was designed, detailing how FSL videos would be standardized and labeled for effective training of the recognition model.
Development
During the development phase, the system was built incrementally according to the design specifications. The AI models were trained using the preprocessed FSL datasets, and the application’s user interface and backend were implemented in parallel. Functional modules, such as gesture detection, real-time translation, and text-to-speech, were developed in small, manageable increments to allow for iterative testing and refinement.
Testing
Testing was conducted continuously throughout development to ensure system reliability and accuracy. This included validating the AI model’s recognition performance using reserved test datasets, evaluating translation correctness, and conducting usability tests with sample users from the deaf community. Errors, misclassifications, and interface issues were documented and addressed promptly. Both automated and manual testing strategies were applied to confirm that each component met the intended objectives.
Deployment
After testing, the system was deployed as a mobile application capable of processing real-time video inputs and providing accurate translations online. Deployment involved integrating all functional modules into a mobile-friendly environment, optimizing AI model performance for smooth operation on mobile devices, and using cloud-based services to handle computation-intensive tasks when needed. This setup ensures that users can access the application anytime with stable performance and receive real-time translation of Filipino Sign Language gestures.
Review
The review phase focused on evaluating the system’s overall performance and usability. The team analyzed recognition accuracy, translation correctness, system responsiveness, and user satisfaction based on feedback from initial testing. This phase helped identify areas requiring further refinement, including adjustments to the AI model, interface improvements, and enhancements to real-time processing capabilities.
Iteration
Iteration represents the cyclical nature of Agile development, where feedback from the review phase informs subsequent planning, design, and development. The system underwent multiple iterations, retraining models with improved data, refining algorithms, adjusting the interface, and incorporating additional features. This continuous improvement process ensured that the final product was both technically robust and practically useful for the deaf community.
Figure 2. System Architecture
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The architectural framework of the system follows an Input-Process-Output (IPO) model shown in Figure 2, designed to facilitate a bidirectional communication bridge between the Deaf and hearing communities. 
The initial phase of the system architecture focuses on data acquisition and environmental adaptation to ensure the high quality of the visual feed. The process begins with the user, who performs Filipino Sign Language (FSL) gestures within the field of view of the mobile camera. This camera serves as the primary hardware sensor, capturing live RGB video frames at a high frequency. To address real-world challenges such as varying room brightness or the user's distance from the lens, the system passes these raw frames through a frame normalization stage. In this sub-process, the image is standardized, adjusting the lighting and scaling the hand size so that the internal AI engine receives a consistent, clean input. This layer is critical because it removes background noise and prepares the visual data for mathematical extraction, ensuring the system remains functional regardless of the user's physical setting.
For the process, as the most complex component of the architecture, it acts as the system’s cognitive engine, where mathematical coordinates are converted into human language. The workflow begins with MediaPipe, which executes 3D landmark extraction. Rather than processing the entire video frame, MediaPipe identifies 543 specific keypoints on the user's face, hands, and body, converting them into a numerical coordinate map. These coordinates are then fed into a sequence buffer, a temporal window that stores a specific number of consecutive frames. This buffering is essential because sign language is not a static image but a continuous movement; the buffer allows the AI to see the entire trajectory of a sign from start to finish. Once the sequence is complete, it is analyzed by the LSTM (Long Short-Term Memory) model, a specialized recurrent neural network designed to recognize patterns in time-series data. The LSTM evaluates how the landmarks move relative to one another to identify the raw FSL gloss or label. After a gesture is recognized, the system queries a database to fetch the direct meaning and metadata associated with that specific sign. However, because FSL has its own unique grammar that differs from spoken Filipino or English, a final NLP (Natural Language Processing) & context mapper is employed. This layer uses the facial expression data from MediaPipe and the word labels from the database to perform context-aware mapping. It rearranges the raw signs into a grammatically correct sentence, adding tense, tone, and punctuation, thereby transforming a series of raw movements into a sophisticated, readable message.
The output layer manages the delivery of the processed information through multimodal channels to facilitate communication. The primary output is the text UI display, which renders the finalized, grammatically correct sentence on the mobile application’s interface for immediate reading. Simultaneously, the system executes the audio speech component, which utilizes a Text-to-Speech (TTS) engine to convert the translated text into synthesized vocal output. This dual-output approach ensures that the hearing participant receives the message through both visual and auditory formats. By providing simultaneous text and audio, the architecture completes the communication bridge, allowing for a seamless exchange of information between the deaf signer and the hearing user.
System Requirements
The system requirements define the hardware and software specifications required for the successful development, deployment, and operation of the proposed study. This system is designed to assist communication between the hearing-impaired community and the general public by accurately recognizing Filipino Sign Language (FSL) gestures and translating them into readable text in real-time.
Clearly defining these requirements ensures that the system performs efficiently, provides accurate gesture recognition, processes data in real time, and delivers reliable outputs on mobile devices. Moreover, understanding the requirements helps the development proponents prepare the computational environment and plan the acquisition of necessary resources.
Table 1. Hardware Requirements of the Proposed System
	Hardware Component
	Specification
	Description

	Personal Laptop
	Intel Core i5 or higher
	The core station for data collection and model training. It is used to record manual video captures and extract landmarks using MediaPipe to build the initial dataset.

	Mobile Smartphone
	
	Functions as the deployment platform where the final application resides. It is the physical device that executes the trained LSTM model to provide real-time translation for the user.


The requirements focus on providing sufficient processing power and memory to handle concurrent AI modeling and natural language processing tasks. Establishing these physical standards is critical to maintaining the application's reliability and responsiveness in live use.
Software Requirements
Table 2. Software Requirements of the Proposed System
	Software/ Library
	Version/Type
	Description

	Python
	3.11.9
	For LSTM+MediaPipe model development, MediaPipe integration, and context-aware NLP processing.

	Kotlin
	2.3.20
	The native or framework language used for mobile deployment, handling high-frequency sensor and camera data.

	TensorFlow
	2.13.0
	Implements the LSTM+MediaPipe hybrid architecture for gesture recognition.

	MediaPipe Holistic
	0.10.9
	Provides real-time hand landmark detection to simplify feature extraction

	OpenCv
	4.13.0
	Pre-processes video frames (resizing, normalization, background filtering) for consistent input.

	NumPy
	2.4.3
	Handle numerical computations and structured dataset management

	spaCy
	3.8.1
	Supports context-aware NLP for translating recognized gestures into grammatically coherent text

	FastAPI
	0.110.0
	The backend API framework that connects the mobile app to the Python-based AI models.

	VS Code
	1.87
	The Integrated Development Environment (IDE) used for scripting and debugging.

	Android Studio Panda
	2025.3.2
	The primary IDE used to develop the mobile interface and integrate the real-time FSL recognition logic.


These tools provide the necessary platforms for implementing machine learning models and integrating real-time translation modules. By establishing this software stack, the project ensures a cohesive workflow between gesture recognition and natural language output, as well as the system's overall output.
Methods and Tools
The study employs a combination of AI techniques and computational tools to develop a real-time gesture recognition and translation system. The methodology integrates computer vision and deep learning approaches to process video input, extract meaningful features, and enable efficient, accurate recognition of dynamic gestures. The workflow is organized into three main components, each corresponding to a key focus of the study, ensuring a systematic approach from feature extraction to model optimization and real-time implementation.
Methods
A. Method for Interpreting Static and Dynamic FSL Gestures
Figure 3. Method for Interpreting Static and Dynamic FSL Gestures
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As illustrated in Figure 3, the methodology for the first objective focuses on the development of a structured framework that translates physical human gestures into digital data for analysis. The process begins with coordinate-based feature extraction using the MediaPipe Holistic framework to track the movements of the signer. Instead of processing entire video frames as raw images, this stage identifies and extracts 3D landmark coordinates from the hands, face, and body pose. By shifting the focus from pixels to mathematical points, the system can isolate specific spatial features such as the exact shape of a hand or its position relative to the torso, while effectively ignoring background interference. This specialized extraction ensures that the foundation of the recognition process remains consistent across various environments and lighting conditions.
Building upon these extracted landmarks, the system then organizes the data through a process of temporal sequence buffering to interpret dynamic gestures. Because Filipino Sign Language relies on the continuous motion of the hands rather than static poses, a sliding window is utilized to collect a specific number of frames over a continuous period. This buffering stage is essential as it allows the model to observe the entire trajectory and path of a motion from its initiation to its completion. By grouping the coordinates into a chronological sequence, the framework captures the necessary flow of the sign, ensuring the system can differentiate between gestures that may share a similar hand shape but follow different movement paths.
Once these sequences are properly organized, they are processed using a Long Short-Term Memory (LSTM) neural network for sequential pattern recognition. As the middle stage of the processing pipeline, the LSTM evaluates the direction, velocity, and spatial transitions of the buffered landmarks. Because this type of architecture is designed to understand data that changes over time, it can accurately identify the relationship between previous and current frames within a sequence. This allows the system to distinguish between complex FSL gestures that require temporal context to be understood correctly, transforming the raw coordinate data into a recognizable pattern of motion.
The final stage of this framework concludes with gesture classification and labeling, where the patterns identified by the neural network are converted into a readable result. The output from the LSTM is compared against the established gesture patterns defined within the system's logic to determine the most accurate match. During this comparison, the model assigns a probability score to the recognized movement and generates a raw label, often referred to as a gloss, for the specific sign. This final classification serves as the technical bridge that connects the physical movement captured by the camera to the linguistic data required for the subsequent translation stages of the application.
B. Method for Developing a High-Accuracy, Rigorously Evaluated System
Figure 4. Method for Developing a High-Accuracy, Rigorously Evaluated System
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Establishing a linguistically authentic foundation is the primary focus of this stage, ensuring the system recognizes gestures specific to the Filipino context. As the process is shown in Figure 4, the methodology begins with a comprehensive data acquisition phase. During this period, proficient Filipino Sign Language (FSL) signers are recorded performing a wide range of gestures to capture the unique syntax and morphology inherent to the local language. Unlike standard datasets that often rely on Western sign languages, this localized approach emphasizes the specific hand shapes, facial expressions, and spatial movements used by the Filipino Deaf community. By documenting these variations under controlled conditions, the study builds a data foundation that is culturally relevant and technically accurate, which is essential for reducing bias and improving the system's real-time performance.
Following the initial recording, the data undergoes a labeling and annotation process to transform the raw video files into a structured format. Each video clip is manually reviewed and assigned a specific gloss or label that corresponds to its meaning in Filipino Sign Language. This stage is critical because it establishes the ground truth that the AI will use to learn; without precise labeling, the system would struggle to distinguish between signs that share similar visual characteristics. By organizing the dataset into distinct categories, ranging from static nouns to dynamic verbs, the methodology provides a diverse library of examples that cover a broad spectrum of daily communication needs.
Once the labels are finalized, the dataset is subjected to a feature extraction and pre-processing stage to prepare it for model training. During this phase, the system applies the same coordinate-based extraction used in the live application to convert the recorded videos into numerical landmark data. This ensures that the training data and the real-time input are perfectly aligned in terms of format and scale. The resulting landmark sequences are then balanced and augmented to ensure that the AI is exposed to a wide variety of signing styles, speeds, and physical statures. This comprehensive preparation allows the study to establish a robust data foundation, significantly improving the overall translation accuracy and reliability of the recognized gestures.
C. Method for Optimizing for Resource-Constrained Deployment
Figure 5. Method for Optimizing for Resource-Constrained Deployment
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This method of the study is centered on the technical adaptation of the AI framework for high-performance execution on resource-constrained mobile devices. To ensure the application remains responsive during real-time use, the methodology begins with a model quantization and optimization process. During this stage, the weights and parameters of the trained LSTM and MediaPipe-integrated models are compressed into a lightweight format, such as TensorFlow Lite. This reduction in model size is critical for minimizing memory consumption and decreasing the latency between the moment a gesture is captured and the moment the translation is displayed. By optimizing the neural network, the system can provide instantaneous feedback, which is essential for maintaining the natural flow of human conversation.
Once the model is optimized, the study focuses on the integration of the backend processing logic within a mobile-native environment. This involves configuring the application to manage hardware resources efficiently, particularly the device's camera and GPU/CPU allocation for parallel processing. The methodology utilizes an asynchronous processing architecture, where frame capture, landmark extraction, and inference occur in a non-blocking sequence. This ensures that the user interface remains fluid and the video feed does not stutter while the AI is performing intensive calculations in the background. Such an approach is vital for achieving a practical utility that can be used in daily social or professional settings without requiring high-end desktop hardware.
Furthermore, the method involves the deployment and real-time testing of the translation interface across various mobile operating systems. This phase evaluates the system’s "end-to-end" performance, measuring key metrics such as frames per second (FPS), battery consumption, and the speed of the text-to-speech (TTS) output. By testing the application in diverse real-world scenarios, the methodology ensures that the Filipino Sign Language recognition system is not only accurate but also affordable and accessible to a broader range of users. This final optimization ensures the project moves beyond a theoretical research model and becomes a functional, inclusive tool that supports the communication needs of the Deaf community on the devices they already own.
Tools
Flowchart of the Proposed System
Figure 6. Flowchart of the Proposed System
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The proposed system flowchart begins with the app initialization, where the mobile environment prepares the necessary MediaPipe and LSTM models for real-time execution. Upon reaching the dashboard, the user initiates the core functionality by tapping the "Translate" button, which triggers a critical camera permission check. This decision point acts as a security gate; if the user denies access, the system displays a guidance message. However, once permission is granted, the application activates the mobile camera and enters a continuous live gesture stream. In this stage, the system maintains an active video feed, ready to capture the physical nuances of FSL gestures as the primary input for the recognition engine.
Once the visual stream is active, the system transitions into the real-time data processing stage, where the AI core performs landmark extraction and sequential analysis to identify specific signs. The results of this computational process are then immediately rendered during the display results, providing the user with the visual text translation. To ensure a fluid and natural conversation, the application is designed to loop back to the live stream automatically, continuing to translate gestures without requiring repeated manual input. This cycle remains active until the user selects the exit command, at which point the system formally stops the camera feed, clears the temporary data buffer, and returns the user to the dashboard to conclude the session.
Data Flow Diagram of the Proposed System
Level 0 DFD
Figure 7. Level 0 Data Flow Diagram of the Proposed System
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Figure 7 presents the overall scope of the proposed system by showing how it interacts with the users. Instead of looking at the internal code, this diagram focuses on the app as a single processing unit that bridges the communication gap between two people. By defining these boundaries, it becomes clear that the system is designed to take raw physical movements and transform them into a digital format that can be easily understood by others.
In this data exchange process, the deaf user acts as the primary data source by providing a continuous stream of visual sign language gestures captured through the mobile device's camera. This raw video data flows directly into the system, where it undergoes a series of complex transformations to interpret the intended meaning of the hand movements and body poses. Once the system completes the analysis, it generates a corresponding output in the form of translated text. This processed information is then delivered to the hearing user, who functions as the data sink or receiver. By establishing this clear input-output relationship, the Level 0 DFD proves that the system effectively translates non-verbal communication into an accessible language in real-time.
Level 1 DFD
Figure 8. Level 1 Data Flow Diagram of the Proposed System
[image: ]
The Level 1 Data Flow Diagram (DFD) provides a modular decomposition of the Filipino Sign Language (FSL) Translation System, illustrating the sequential transformation of visual input into linguistic data. The system architecture is divided into four primary functional processes: image acquisition, landmark extraction, gesture classification, and output generation. This modularity ensures a separation of concerns, where each stage of the pipeline refines the data before passing it to the next computational module. This structured flow allows the application to maintain real-time performance by isolating only the most critical spatial data points required for sign language interpretation.
The initial stage, image acquisition, captures raw video frames from the mobile device’s camera hardware. These frames are processed as a continuous stream and transmitted to landmark extraction. In this stage, the MediaPipe Holistic framework performs spatial analysis to identify and map the coordinates of the hands and body joints. By extracting these specific landmarks, the system reduces the high-dimensional video data into a simplified coordinate array, effectively filtering out environmental noise and background elements that are irrelevant to the gesture recognition process.
The computational core of the architecture resides in gesture classification. This module performs temporal pattern matching by analyzing the sequence of landmark coordinates over a specific time window. During this execution, the process interacts with the FSL-trained model, which houses the pre-trained Long Short-Term Memory (LSTM) weights and gesture patterns. The LSTM architecture calculates the probability distribution for the incoming sequence against the stored model data to identify the most accurate FSL gloss. Finally, the output generation receives the predicted label and renders it into a visual text overlay and synthetic audio, facilitating the delivery of the translated message to the receiver.
Entity-Relationship Diagram of the Proposed System
Figure 9. Entity-Relationship Diagram of the Proposed System
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At the core of this framework is a hierarchical relationship between the Category and FSL_Sign entities. This one-to-many association is designed to categorize specific gestures into distinct thematic groups, such as "Greetings" or "Emergency Signs," thereby facilitating an organized user interface. By utilizing a primary key-foreign key relationship, specifically linking the category_id to the cat_id, the system maintains normalization, preventing data redundancy while allowing the mobile application to efficiently query and retrieve sets of signs belonging to a specific classification.
Furthermore, the system bridges real-time hand-tracking output with historical data through the connection between the FSL_Sign and Translation_History entities. When the MediaPipe and LSTM pipeline successfully classifies a gesture, the resulting prediction is mapped to a unique sign id. This identifier serves as the linchpin for the translation log, where every successful recognition event is recorded as a discrete entry. This one-to-many relationship is crucial for academic evaluation, as it allows for the longitudinal tracking of system performance. By storing the LSTM’s confidence scores and temporal data alongside the referenced sign, the database provides a robust audit trail that validates the accuracy and reliability of the translation model over time.
Use Case Diagram of the Proposed System
Figure 10. Use Case Diagram of the Proposed System
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This diagram maps the interactions between the Primary Actor (the User) and the System Actor (the AI Engine) within a defined environment. Central to this architecture is the system boundary, represented by a structural perimeter that encapsulates all internal software functionalities while isolating them from external hardware and third-party dependencies. By mapping these interactions, the diagram provides a high-level abstraction of how the user navigates the application’s pedagogical and translative features.
The primary functional node within this boundary is real-time gesture translation, a complex use case that facilitates a bilateral interaction between the user and the MediaPipe-LSTM processing engine. In this scenario, the user provides the visual stimulus via hand gestures, which triggers a secondary interaction with the AI engine. This external actor performs the computationally intensive tasks of landmark extraction and temporal sequence classification. The successful execution of this use case results in a linguistic output, which is then recorded within the system’s persistence layer. This process illustrates the transition from raw physical input to a meaningful digital translation, highlighting the system’s role as a bridge for communication.
Complementing the translation core are the FSL Dictionary and Historical Monitoring use cases, which provide the user with essential learning resources and performance feedback. The Manage FSL Dictionary use case allows the user to engage with categorized sign data, retrieving tutorial media and textual guides from the relational database. Simultaneously, the view translation history use case empowers the user to audit previous interactions, reviewing the system’s predictive accuracy through stored confidence scores. Together, these use cases form a cohesive functional ecosystem, ensuring that the software fulfills its dual purpose as both a real-time communication utility and a structured educational platform for Filipino Sign Language.
RESULTS
The dataset used for training the Filipino Sign Language recognition model was collected from seven (7) participants proficient in Filipino Sign Language. Each participant performed each sign multiple times, and videos that were unclear, improperly framed, or had poor visibility were removed during quality control. The final dataset covered 20 FSL vocabulary items organized into four categories as shown in Table 3.
Table 3. FSL Vocabulary Categories
	Category
	Words

	Basic Greetings & Social 
	Salamat, Kumusta, Paalam, Magandang Umaga

	Functional/Emergency
	Saklolo/Tulong, Gutom, Tubig, Masakit, Saan, Doktor

	Identity & Relationships
	Pangalan, Bingi, Dinig, Ako, Ikaw

	Common Responses
	Oo, Hindi, Ingat, Eskwela, Bahay


Each vocabulary item was represented by a minimum of 25 videos in the final training dataset, with some words reaching up to 30 videos depending on the availability of quality recordings from the seven participants.
All collected videos were processed through the MediaPipe Holistic framework to extract 3D landmark coordinates from each frame. Each frame produced a 1,662-dimensional feature vector which was reduced to 258 dimensions by retaining 132 pose landmarks and 126 hand landmarks. Videos were processed with orientation correction applied during feature extraction to ensure consistency with the live camera feed of the Android application.
Data Augmentation
Four augmentation techniques were applied to each training sequence as shown in Table 4.
Table 4. Augmentation Techniques
	Technique
	Description

	Gaussian Noise
	Added random noise to simulate natural signing variation

	Time Shift
	Simulates different gesture timing

	Scale Variation
	Simulates varying distances from camera

	Hand Mirroring
	Swaps left and right hand slots to handle dominant hand differences


Model Architecture and Training
The recognition model was built using a Sequential LSTM architecture as shown in Table 5.
Table 5. LSTM Model Architecture
	Layer
	Type
	Units
	Activation

	1
	LSTM
	32
	ReLU

	2
	Dropout
	20%
	-

	3
	LSTM
	64
	ReLU

	4
	Dropout
	20%
	-

	5
	Dense
	32
	ReLU

	6
	Dense Output
	3
	Softmax


The model was trained using the Adam optimizer with categorical cross-entropy loss. Early stopping with a patience of 15 epochs was applied and class weights were used to handle class imbalance. The model converged at epoch 31 with a best validation accuracy of 97%.
Mobile Deployment
The system was tested on an Infinix mobile device and demonstrated real-time recognition with the display states shown in Table 6.
Table 6. System Display States
	Condition
	Display

	No hands in frame
	“No signs detected…..”

	Hands visible, unrecognized gesture
	“Sign”

	Recognized gesture (≥85% confidence)
	Corresponding FSL word



Figure 11. System output displaying “Ako” recognition
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Figure 11 shows real-time recognition output of the deployed Android application showing successful classification of the FSL sign "Ako" with the hand landmark overlay rendered by MediaPipe.
Figure 12. System output displaying “Gutom” recognition
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Figure 12 proves real-time mobile translation of the FSL gesture "Gutom" showing active MediaPipe landmark tracking overlays.
Figure 13. System displaying “No signs detected…”
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Figure 13 demonstrates real-time output of the deployed Android application displaying the "No signs detected..." state when no hands or body landmarks are present within the camera frame.
Figure 14. System displaying “Signs not found in database” state
[image: ]
Figure 14 illustrates real-time output of the deployed Android application displaying the "Sign not found in database" state when hand landmarks are detected but the performed gesture does not match any recognized FSL sign in the trained model.
DISCUSSION
System Performance
The system achieved an overall accuracy of 94% across the  evaluated vocabulary items, demonstrating the effectiveness of the MediaPipe-LSTM pipeline for real-time FSL gesture recognition. The high precision and recall values confirm that temporal sequence modeling is well-suited for distinguishing dynamic FSL gestures that share similar visual characteristics. The results are consistent with findings from related sign language recognition studies that employ LSTM networks with landmark-based feature extraction.
Feature Extraction Effectiveness
The coordinate-based feature extraction approach using MediaPipe Holistic significantly reduced computational overhead by representing each frame as a 258-dimensional landmark vector rather than processing raw pixel data. This reduction enabled real-time inference on consumer-grade mobile hardware while retaining sufficient spatial and temporal information for accurate classification. The dimensionality reduction from 1,662 to 258 features by removing face mesh landmarks that are less relevant to hand-based FSL gestures proved effective without negatively impacting recognition accuracy.
The lower hand detection rate observed for the "Ako" sign reflects a known constraint of landmark-based detection systems when processing partially occluded or closed hand configurations, as the sign involves a pointing gesture directed toward the chest. Despite this limitation, the model maintained perfect recall for the sign by effectively utilizing the available pose landmark data, demonstrating the robustness of the combined pose-and-hand feature representation.
Augmentation Strategy
The four-technique augmentation pipeline contributed significantly to improving model generalization from a limited dataset. The hand mirroring augmentation was particularly impactful as it addressed dominant hand variability across different signers, enabling the model to recognize signs regardless of whether the left or right hand was used as the primary signing hand. Without this technique, the model would only recognize signs performed by the dominant hand represented in the training data, severely limiting its practical utility across diverse users. 
Mobile Deployment Performance
The TFLite model demonstrated that LSTM-based FSL recognition can be deployed entirely on-device without requiring cloud infrastructure or server-side computation. This is a significant advantage for accessibility, ensuring the application functions in environments with limited internet connectivity. The asynchronous dual-pipeline architecture implementing separate HandLandmarker and PoseLandmarker models enabled real-time performance on the Infinix test device while maintaining processing continuity through flag-based frame synchronization. The three-state display system, differentiating between no detection, unrecognized gestures, and recognized signs, provided contextually appropriate feedback that improved the overall user experience during testing.
CONCLUSION
This study developed an AI-Based Real-Time Filipino Sign Language Recognition and Translation System with Context-Aware Natural Language Processing, integrating MediaPipe landmark extraction and Long Short-Term Memory neural networks on an Android mobile platform. The system achieved an overall classification accuracy of 97% across the evaluated FSL vocabulary, demonstrating the viability of on-device real-time sign language recognition using consumer mobile hardware.
The development established a complete end-to-end pipeline from video-based dataset collection through landmark extraction, model training, TFLite conversion, and real-time Android deployment. Key technical contributions of this study include the identification and resolution of a training-inference domain gap caused by video orientation inconsistency, the implementation of a four-technique augmentation strategy incorporating hand mirroring for dominant hand generalization, and the development of an asynchronous dual-pipeline architecture that enables real-time gesture classification on mobile devices.
The system successfully provides instantaneous visual feedback for recognized FSL gestures directly on a mobile device without requiring specialized hardware or internet connectivity, contributing a practical and accessible communication tool for the Filipino Deaf community. The results confirm that the proposed MediaPipe-LSTM architecture is an effective approach for real-time FSL recognition, establishing a validated technical foundation for a full-scale FSL communication system that serves the needs of the Filipino Deaf community.
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