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 Abstract- SignSpeak: Filipino Sign Language to Speech Translator is an assistive Android mobile application 

developed to facilitate communication between deaf students and hearing individuals with limited knowledge of Filipino 

Sign Language (FSL), particularly in an educational setting. The project combined an Artificial Intelligence Modeling 

Cycle with a Software/System Engineering Lifecycle. A Multi-Layer Perceptron (MLP) was used for static alphabet and 

number gestures, while a Long Short-Term Memory (LSTM) network was used for dynamic word gestures. MediaPipe 

supported landmark extraction; static data were augmented through horizontal flipping, while dynamic sequences were 

normalized relative to the shoulder landmark. The datasets consisted of 62,400 alphabet images, 24,000 number images, 

and 9,000 word-gesture videos. Two domain experts, including a certified FSL interpreter and a Deaf validator, 

evaluated a validation subset, producing a Cohen's Kappa of 0.4949, interpreted as moderate agreement. The best-

performing 80/10/10 split achieved test accuracies of 97.22% for dynamic words, 99.89% for alphabets, and 99.96% for 

numbers. The system was evaluated by 15 respondents composed of 12 students and 3 teachers/instructors. The Software 

Usability Measurement Inventory-based assessment produced an overall weighted mean of 4.51, interpreted as 

acceptable and usable. Economic, technical, and operational assessments further supported the feasibility of the 

developed application. 

 Keywords- Filipino Sign Language, sign language recognition, assistive technology, LSTM, MLP, MediaPipe, 

mobile application, SUMI 

INTRODUCTION 

Communication enables people to exchange 

ideas, emotions, and information and to participate in 

social and educational relationships. For deaf and 

hard-of-hearing individuals, sign language serves as 

an important mode of communication when spoken 

communication is limited or unavailable (Ganmote, 

2019; Yin et al., 2021). The source manuscript also 

frames Filipino Sign Language as a critical tool for 

inclusive participation in Philippine education, 

supported by Republic Act No. 11106 (Rogers, 2020). 

Deaf students may encounter difficulty 

interacting with hearing classmates and teachers when 

the latter have limited knowledge of FSL. The 

manuscript identifies communication barriers such as 

reliance on lip-reading, delayed exchanges through 

writing or texting, limited FSL learning materials, and 

the absence of immediate translation technologies in 

classrooms. Similar educational and accessibility 

challenges are discussed in the literature cited by the 

project (Cahill, 2023; Levesque et al., 2025). 

Machine learning and mobile computing 

provide a possible means of reducing these barriers. 

Sign-language recognition systems can use visual 

hand and body landmarks together with trained neural 

networks to classify static and dynamic gestures. In 

the present project, static FSL alphabets and numbers 

were recognized through a Multi-Layer Perceptron, 

while dynamic words were handled through a Long 

Short-Term Memory network. The approach reflects 

the distinction between spatially defined static signs 

and temporally sequenced dynamic gestures described 

in related studies cited in the manuscript. 
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SignSpeak was therefore developed as a real-

time mobile system that combines FSL learning 

functions, gesture recognition, text or speech output, 

and response features intended to support 

communication between deaf and nondeaf users. The 

project also examined dataset reliability, machine-

learning performance, system design, feasibility, and 

user acceptability and usability. 

OBJECTIVE OF THE STUDY 

The project aimed to create an easy-to-use application 

named SignSpeak: Filipino Sign Language to Speech 

Translator that can convert Filipino Sign Language 

gestures into spoken language through trained 

machine-learning models and help connect deaf and 

hearing individuals, particularly in an educational 

environment. 

1. Identify the communication challenges affecting 

daily interactions between deaf students and 

hearing individuals. 

2. Implement trained models, specifically Long 

Short-Term Memory (LSTM) and Multi-Layer 

Perceptron (MLP), for real-time recognition of 

Filipino Sign Language gestures and their 

translation into spoken language. 

3. Identify the features of the system in terms of the 

description of the initial prototype, the proposed 

implementation plan, and the technical 

specifications for hardware and software. 

4. Assess the feasibility of the system in terms of 

economic feasibility, technical feasibility, and 

operational feasibility based on SUMI dimensions 

of efficiency, affect, helpfulness, control, and 

learnability. 

 

Figure 1. Conceptual framework of SignSpeak: 

Filipino Sign Language to Speech Translator. 

Figure 1 summarizes how the project's four 

objectives are processed through the AI Modeling 

Cycle and the Software/System Engineering Cycle. 

The framework links the identified communication 

problem, model implementation, system features, and 

feasibility assessment to the final SignSpeak mobile 

application, with feedback supporting continuing 

refinement. 

MATERIALS AND METHODS 

Research and Development Design 

The project used a developmental system 

approach organized around two complementary 

processes: an Artificial Intelligence Modeling Cycle 

and a Software/System Engineering Lifecycle. The AI 

cycle covered gathering, exploring, integrating, 

modeling, and evaluating the data, while the software 

cycle covered planning, coding, evaluation, building, 

testing, release, deployment, operation, monitoring, 

monitoring, and iterative improvement. 
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Figure 2. Artificial Intelligence Modeling and 

Software/System Engineering Lifecycle used in the 

project. 

Figure 2 presents the two development cycles 

used to organize the creation of SignSpeak. The AI 

Modeling Cycle governed preparation and evaluation 

of the machine-learning models, while the 

Software/System Engineering Lifecycle guided 

implementation of the Android application, integration 

of the trained models, testing, release, deployment, 

operation, and monitoring. 

AI Model Development and Training 

The developers first consulted the SNED 

teacher/coordinator at Bayambang National High 

School regarding real-world communication 

challenges. A dataset was then collected using a 

webcam and included 62,400 images of FSL 

alphabets, 24,000 images of FSL numbers, and 9,000 

videos of dynamic word gestures. A certified FSL 

interpreter and a Deaf validator assessed the 

correctness and authenticity of the signs. 

MediaPipe was used to extract gesture 

landmarks. Static signs were processed with a Multi-

Layer Perceptron containing dense layers of 128 and 

64 neurons and Dropout regularization. Horizontal 

flipping was used for static-data augmentation. 

Dynamic signs were processed using an LSTM with 

sequences of 30 frames and a stacked architecture of 

64, 128, and 64 units. Dynamic landmarks were 

normalized using the shoulder as the reference point. 

Model performance was evaluated using accuracy, 

precision, recall, and F1-score, and the trained models 

were converted to TensorFlow Lite for mobile 

deployment. 

System Development and Deployment 

The Android application was developed in 

Android Studio using user-centered design principles. 

The MLP and LSTM models were integrated for real-

time recognition of static and dynamic FSL gestures. 

The application was tested for recognition accuracy, 

responsiveness, translation quality, user-interface 

behavior, detection time, and resource consumption. A 

signed Android Package Kit was released through 

GitHub and installed on target devices for pilot testing 

and feedback. 

Population and Locale 

The project was implemented in collaboration 

with the Special Needs Education (SNED) Program of 

Bayambang National High School. Fifteen 

respondents participated in system testing and 

evaluation: 12 students and 3 teachers/instructors who 

were active users of Filipino Sign Language. 

Interviews, demonstrations, and consultations were 

also used to gather information about communication 

needs and system requirements. 

Data-Gathering Instruments 

For the first objective, an interview with the 

SNED coordinator was used to identify 

communication problems encountered by deaf 

students. For the second objective, webcams were 

used for gesture-data collection, and model evaluation 

used accuracy, precision, recall, F1-score, confusion-

matrix analysis, and inter-rater validation. For the 

third objective, an initial prototype and deployed 

application were used to demonstrate the Learn and 

Translate functions and other application features. For 

the fourth objective, cost estimation supported 

economic feasibility analysis, documentary analysis 

supported technical feasibility, and an adapted 

Software Usability Measurement Inventory 

questionnaire measured operational feasibility. 

Data Analysis 

Thematic analysis was used to organize the 

communication challenges reported during interviews, 

and an Ishikawa diagram was used to group root 

causes. Cohen's Kappa was used to assess agreement 

between the Deaf validator and certified FSL 

interpreter. Machine-learning models were compared 

across 80/10/10, 70/15/15, and 50/25/25 training-

validation-test splits. A use-case diagram represented 
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system functions and user interactions. Economic 

feasibility was assessed using cost-benefit analysis, 

while usability responses were summarized using 

average weighted means. 

Table 1. Likert Scale for Usability Testing 

Numerical 

Equivalent 
Weighted 

Descriptive 

Equivalent 

Descriptive 

Interpretation 

5 4.51-5.00 
Strongly 

Agree 
Acceptable/Usable 

4 3.51-4.50 Agree Acceptable/Usable 

3 2.51-3.50 
Moderate 

Agree 
Acceptable/Usable 

2 1.51-2.50 
Slightly 

Agree 

Not 

Acceptable/Usable 

1 1.00-1.50 Disagree 
Not 

Acceptable/Usable 

Table 1 shows the five-point interpretation scale 

used for the operational-feasibility evaluation. Scores 

from 2.51 to 5.00 were treated as positive indicators and 

interpreted as acceptable/usable, while scores from 1.00 

to 2.50 were interpreted as not acceptable/usable. 

RESULTS AND DISCUSSION 

Communication Challenges Affecting Daily 

Interactions 

Interviews conducted with the SNED program 

identified recurring communication difficulties 

between deaf students and hearing individuals. The 

manuscript reports limited FSL knowledge among 

hearing students and teachers, low confidence among 

deaf students, reliance on lip-reading, dependence on 

writing or texting, limited FSL learning materials, 

one-way communication, and a lack of real-time 

translation technologies. 

 

Figure 3. Ishikawa diagram of communication 

challenges affecting daily interactions between deaf 

and hearing individuals. 

Figure 3 groups the identified communication 

barriers into four categories: People, Methods, Materials, 

and Technology. The diagram shows that communication 

problems arise not from a single factor but from the 

interaction of limited FSL knowledge, slow 

communication methods, inadequate learning resources, 

and limited translation technologies in the school 

environment. 

Dataset Reliability 

Table 2. Confusion Matrix of Validator Ratings 

Validator 2 

/ Validator 

1 

1 0 Total 

Validator 2 

= 1 

94 

(Agreement) 

5 

(Disagreement) 
99 

Validator 2 

= 0 

5 

(Disagreement) 
6 (Agreement) 11 

Total 99 11 110 

Table 2 presents the distribution of ratings from 

the two domain validators. The validators agreed that 94 

samples were valid and that 6 samples were invalid, 

while 10 samples received different ratings. The pattern 

indicates a high level of observed agreement, although 

disagreement remained for a small subset of the 

validation samples. 
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Table 3. Inter-Rater Reliability Analysis Results 

Metric Value 

Number of samples 

validated 
110 

Observed Agreement (Po) 0.9091 (90.91%) 

Chance of Agreement (Pe) 0.8200 (82.00%) 

Cohen's Kappa (κ) 0.4949 

Interpretation Moderate Agreement 

Table 3 shows a Cohen's Kappa of 0.4949, 

interpreted in the source manuscript as moderate 

agreement. Although observed agreement reached 

90.91%, the high prevalence of samples classified as 

valid increased the expected chance agreement and 

reduced the Kappa value. The result was considered 

sufficient to establish a reasonable level of dataset 

validity and consistency for subsequent model training. 

Machine-Learning Model Performance 

Table 4. Performance of LSTM Model on Validation 

Set 

Data 

Split 
Accuracy Precision Recall 

F1-

Score 

80-10-

10 
0.9622 0.9644 0.9622 0.9623 

70-15-

15 
0.9519 0.9567 0.9519 0.9516 

50-25-

25 
0.9391 0.9426 0.9391 0.9390 

Table 4 shows that the LSTM model 

performed best on the validation set using the 

80/10/10 split. This configuration obtained 0.9622 

accuracy and a 0.9623 F1-score, while performance 

declined as the proportion of training data was 

reduced, supporting the importance of sufficient 

sequential training data for dynamic gesture 

recognition. 

Table 5. Performance of LSTM Model on Test Set 

Data 

Split 
Accuracy Precision Recall 

F1-

Score 

80-10-

10 
0.9722 0.9744 0.9722 0.9720 

70-15-

15 
0.9519 0.9569 0.9519 0.9510 

50-25-

25 
0.9293 0.9334 0.9293 0.9290 

Table 5 confirms the same pattern on the 

LSTM test set. The 80/10/10 split achieved the highest 

test accuracy at 0.9722 and F1-score at 0.9720. The 

50/25/25 split produced the lowest test performance, 

indicating that dynamic word recognition benefited 

from a larger training partition. 

Table 6. Performance of the MLP on Alphabets in the 

Validation Set 

Data 

Split 
Accuracy Precision Recall 

F1-

Score 

80-10-

10 
0.9994 0.9994 0.9994 0.9994 

70-15-

15 
0.9983 0.9983 0.9983 0.9983 

50-25-

25 
0.9980 0.9980 0.9980 0.9980 

Table 6 presents the validation performance of 

the MLP for static FSL alphabets. All three splits 

produced very high scores, with the 80/10/10 

configuration obtaining the highest reported value of 

0.9994. The results indicate that static alphabet 

landmarks were highly separable using the MLP 

architecture. 

Table 7. Performance of the MLP on Alphabets in the 

Test Set 

Data 

Split 
Accuracy Precision Recall 

F1-

Score 

80-10-

10 
0.9989 0.9989 0.9989 0.9989 

70-15-

15 
0.9982 0.9982 0.9982 0.9982 

50-25-

25 
0.9977 0.9977 0.9977 0.9977 

Table 7 shows the MLP test results for 

alphabets. The 80/10/10 split again obtained the 

strongest result at 0.9989, while the other splits also 

remained above 0.997. These results demonstrate 

consistently high static alphabet-recognition 

performance across the evaluated data splits. 
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Table 8. Performance of the MLP on Numbers in the 

Validation Set 

Data 

Split 
Accuracy Precision Recall 

F1-

Score 

80-10-

10 
1.0000 1.0000 1.0000 1.0000 

70-15-

15 
0.9997 0.9997 0.9997 0.9997 

50-25-

25 
0.9982 0.9982 0.9982 0.9982 

Table 8 presents the MLP validation results 

for FSL numbers. The 80/10/10 split achieved 1.0000 

across the reported metrics, while the 70/15/15 and 

50/25/25 splits also produced very high results. The 

manuscript attributes this strong performance to the 

clear visual distinctions among many number gestures. 

Table 9. Performance of the MLP on Numbers in the 

Test Set 

Data 

Split 
Accuracy Precision Recall 

F1-

Score 

80-10-

10 
0.9996 0.9996 0.9996 0.9996 

70-15-

15 
0.9986 0.9986 0.9986 0.9986 

50-25-

25 
0.9982 0.9982 0.9982 0.9982 

Table 9 shows that the MLP retained near-

perfect performance on the number test set. The 

80/10/10 split produced the highest reported result of 

0.9996. Together with the alphabet and word results, the 

findings led the project to select the 80/10/10 split as the 

preferred configuration. 

System Design and Major Application Features 

 

Figure 4. Use-case diagram of SignSpeak. 

Figure 4 presents the functional relationship 

between the two primary user groups, Deaf and 

nondeaf users, and the application's major modules. 

The system groups its functions into Learn FSL, 

Translate FSL, and About, with subfunctions for 

alphabets, numbers, words, reply to features, updates, 

team information, FSL information, and help and 

support. 
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Figure 5. Welcome page of the deployed SignSpeak 

application. 

Figure 5 shows the Welcome page, which 

introduces the application and provides the entry point 

to its primary functions. The screen is designed to 

orient users before they proceed to learning, 

translation, and support features. 

 

Figure 6. Learn page of the deployed SignSpeak 

application. 

Figure 6 presents the Learn page. It introduces 

the instructional component of SignSpeak and 

provides access to lessons covering FSL alphabets, 

numbers, and basic words. 

 

Figure 7. Translate page of the deployed SignSpeak 

application. 

Figure 7 shows the Translate page, which 

represents the application's principal communication 

feature. From this screen, users can access the 

available recognition and translation modes for 

Filipino Sign Language. 

 

Figure 8. Learning screen for a selected FSL item. 

Figure 8 presents the learning screen 

displayed after a user selects an FSL item. The 

interface provides the instructional content and 
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controls needed to review a sign and move through the 

learning module. 

 

Figure 9. Alphabet-detection interface. 

Figure 9 shows the alphabet-detection 

interface. The screen guides the user before activating 

the camera and supports real-time recognition of static 

alphabet gestures using the integrated MLP model. 

 

Figure 10. Word-detection interface. 

Figure 10 presents the word-detection 

interface. This mode captures dynamic gestures 

through the camera and uses the LSTM model to 

recognize word-level FSL sequences. 

 

Figure 11. Text-to-FSL feature. 

Figure 11 shows the Text-to-FSL feature, 

where a hearing user can type a message and view the 

corresponding FSL presentation. This feature provides 

a reverse communication path that can help a Deaf 

user understand typed input. 

 

Figure 12. Speech-to-sign response feature. 

Figure 12 illustrates the speech-response 

feature used to capture spoken input and present a 

sign-language response. The feature complements 

gesture-to-speech translation by supporting two-way 

communication between Deaf and hearing users. 

146



    

 

 

 

www.sajst.org 

Volume 9, Issue 2, 2025 

P-ISSN: 2672-2984 

E-ISSN: 2672-2992 

www.sajst.org 

Technical Specifications 

Table 10. Minimum Hardware Requirements for 

System Development 

Hardware Specifications 

Processor AMD Radeon R7 

Memory 8 GB 

Device Storage 20 GB 

Graphics Card Integrated GPU 

Internet Connection 2 Mbps 

Webcam 720p-1080p 

Deployment/Maintenance 

Platform 
GitHub 

Table 10 summarizes the hardware identified 

in the source manuscript for development. The listed 

configuration combines memory, storage, graphics, 

internet connectivity, and a webcam capable of 

capturing hand gestures. These resources were 

intended to support model training, application 

development, real-time testing, and deployment 

activities. 

Table 11. Minimum Software Requirements for 

System Development 

Software Specifications 

Operating System Windows 10 

Program Development 

System 
Visual Studio Code 

Application Form Android Studio 

Programming Language Java, Python, XML 

Design Editor Microsoft Word, Figma 

System Design Android Studio 

Table 11 presents the software environment 

used for development. Windows 10, Visual Studio 

Code, Android Studio, Java, Python, XML, Microsoft 

Word, and Figma supported application coding, 

machine-learning integration, interface design, 

documentation, and prototyping. The manuscript also 

notes the use of GitHub for deployment, version 

control, and maintenance. 

Table 12. Minimum Hardware Requirements for 

Mobile App Implementation 

Hardware Specifications 

Android Studio 10.0 

RAM 4 GB 

Storage 3 GB 

Camera Any Supported 

Table 12 reproduces the implementation 

requirements reported in the source table. The 

accompanying manuscript text describes the first item 

as Android 10.0 or higher and identifies at least 4 GB 

of RAM, 3 GB of available storage, and a supported 

camera as the minimum conditions for deployment 

and gesture detection on a mobile device. 

Economic Feasibility 

Table 13. Development Capital Costs 

Costs 
Capital Costs / One-

Time Purchases 

Hardware Components 

(Laptop, Smartphone, 

Web Camera) 

₱77,300 

Software Components 

(MLP, LSTM, and 

GitHub) 

₱0 (open source) 

Deaf Consultant ₱500 

Other Expenses (Food and 

Print) 
₱2,000 

Total Costs ₱79,800 

Table 13 shows a total estimated project cost 

of ₱79,800. Hardware represented the largest cost 

component, while the machine-learning models and 

GitHub were treated as open-source resources with no 

software purchase cost. Consultant and miscellaneous 

project expenses were also included. 

Table 14. Estimated Benefits 

Benefits Value Frequency Annual 

Interpreter 

Cost 
₱4,000 5 ₱20,000 

Seminars 

and 

Trainings 

₱35,000 1 ₱35,000 

Deaf 

Validator 
₱600 4 ₱2,400 

Total 

Benefits 
  ₱57,400 

Table 14 reports estimated annual benefits of 

₱57,400. Using the source manuscript's cost-benefit 
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computation, the system was projected to reach break-

even at approximately 1.39 years, or about one year 

and five months. By the second year, cumulative 

benefits of ₱114,800 were reported to exceed the 

₱79,800 project cost, producing an estimated Year 2 

ROI of about 43.9%. 

Acceptability and Usability 

Table 15. Profile of Respondents in Terms of 

Respondent Category 

Respondent 

Category 
Frequency Percentage 

Student 12 80% 

Teacher/Instructor 3 20% 

Total 15 100% 

Table 15 shows that the operational-feasibility 

evaluation involved 15 respondents, composed of 12 

students and 3 teachers/instructors. Students 

represented 80% of the sample, reflecting the project's 

emphasis on intended student end-users, while 

instructors contributed an educational-use perspective. 

Table 16. Profile of Respondents in Terms of Age 

Range 

Age Range Frequency Percentage 

13-17 years 

old 
5 33% 

18 years old 

and above 
10 67% 

Total 15 100% 

Table 16 presents the age profile of the 

respondents. Five respondents were 13-17 years old, 

while 10 were 18 years old or above. The two age 

groups provided user feedback from both younger 

student users and older respondents involved in testing 

the application. 

Table 17. Acceptability and Usability Assessment in 

Terms of Efficiency 

Items Mean 
Descriptive 

Equivalent 

1. This software 

responds to fast 

inputs. 

4.53 Strongly Agree 

2. It is easy to make 

the software do 

exactly what you 

want. 

4.60 Strongly Agree 

3. This software is a 

great help to my 

work/studies. 

4.53 Strongly Agree 

4. The software 

presents alternative 

facilities that aid in 

my work/studies. 

4.47 Agree 

5. The software is 

consistent. 
4.33 Agree 

6. The speed of the 

software is fast 

enough. 

4.33 Agree 

7. 7. User needs have 

been fully taken into 

consideration. 

4.40 Agree 

8. 8. The system does 

not sometimes stop 

unexpectedly. 

4.33 Agree 

9. 9. I do not have to 

look for assistance 

most times when I 

use this software. 

4.13 Agree 

10. 10. It is relatively 

easy to move from 

one part of a task to 

another. 

4.40 Agree 

11. Average Weighted 

Mean 
4.41 Agree 

Table 17 shows an average weighted mean of 

4.41 for efficiency, interpreted as Agree and 

acceptable/usable under the study's scale. The highest 

item mean was 4.60 for the system's ability to perform 

what users wanted, while the lowest item mean of 4.13 

remained within the positive range. 

Table 18. Acceptability and Usability Assessment in 

Terms of Affect 

Items Mean 
Descriptive 

Equivalent 

1. I know what to 

do next with this 

software. 

4.53 Strongly Agree 

2. Working with 

this software is 

satisfying. 

4.73 Strongly Agree 
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3. I would like to 

use this software 

every day. 

4.67 Strongly Agree 

4. I would 

recommend this 

software to 

others. 

4.60 Strongly Agree 

5. Using this 

software is not 

frustrating. 

4.13 Agree 

Average Weighted 

Mean 
4.53 Strongly Agree 

Table 18 presents an average weighted mean 

of 4.53 for affect. Respondents reported a highly 

positive emotional response to the software, with the 

highest mean of 4.73 assigned to satisfaction in 

working with the application. 

Table 19. Acceptability and Usability Assessment in 

Terms of Helpfulness 

Items Mean 
Descriptive 

Equivalent 

1. The instructions and 

prompts are helpful. 
4.80 Strongly Agree 

2. The way that system 

information is 

presented is clear 

and understandable. 

4.67 Strongly Agree 

3. There is enough 

information on the 

screen when it is 

needed. 

4.60 Strongly Agree 

4. Error prevention 

messages are 

adequate. 

3.93 Strongly Agree 

5. I am confident to use 

all the functions. 
4.80 Strongly Agree 

Average Weighted 

Mean 
4.56 Strongly Agree 

Table 19 shows an average weighted mean of 

4.56 for helpfulness. The highest ratings of 4.80 were 

given to the usefulness of instructions and prompts 

and to respondents' confidence in using the system's 

functions, indicating that the application was 

perceived as supportive and understandable. 

Table 20. Acceptability and Usability Assessment in 

Terms of Control 

Items Mean 
Descriptive 

Equivalent 

1. This software did 

not stop 

unexpectedly under 

different 

conditions. 

4.07 Agree 

2. There are familiar 

commands or 

operations to do a 

task. 

4.73 Strongly Agree 

3. I can understand 

and act on the 

information 

provided by the 

software. 

4.53 Strongly Agree 

4. Tasks can be 

performed in a 

straightforward 

manner using this 

software. 

4.47 Agree 

5. Fewer steps are 

required to get 

something done for 

work/studies. 

4.67 Strongly Agree 

6. It is easy to learn 

the software 

functions. 

4.60 Strongly Agree 

Average Weighted 

Mean 
4.51 Strongly Agree 

Table 20 presents an average weighted mean 

of 4.51 for control. Familiar commands received the 

highest item mean of 4.73, while stability under 

different conditions received 4.07. Overall, 

respondents indicated that they could understand, 

direct, and operate the application effectively. 

Table 21. Acceptability and Usability Assessment in 

Terms of Learnability 

Items Mean 
Descriptive 

Equivalent 

1. Learning to operate 

this software is 

initially easy. 

4.40 Agree 

2. It is easy to learn the 

software commands 

and functions. 

4.60 Strongly Agree 
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3. The commands lead to 

a proper step. 
4.47 Agree 

4. There is not much to 

read before using the 

software. 

4.67 Strongly Agree 

5. The organization of 

menus or information 

lists seems logical. 

4.33 Agree 

6. Learning how to use 

new functions is very 

easy. 

4.80 Strongly Agree 

7. It does not take too 

long to learn the 

software functions. 

4.53 Strongly Agree 

8. I know what to do next 

with this system. 
4.67 Strongly Agree 

Average Weighted Mean 4.56 Strongly Agree 

Table 21 shows an average weighted mean of 

4.56 for learnability. Respondents rated learning new 

functions highest at 4.80, while menu organization 

received the lowest means of 4.33. Both values 

remained in the positive range, supporting the 

conclusion that the application was learnable. 

Table 22. Overall Acceptability and Usability 

Assessment for SignSpeak 

Category Mean 
Descriptive 

Equivalent 

Descriptive 

Interpretation 

Efficiency 4.41 Agree Acceptable/Usable 

Affect 4.53 
Strongly 

Agree 
Acceptable/Usable 

Helpfulness 4.56 
Strongly 

Agree 
Acceptable/Usable 

Control 4.51 
Strongly 

Agree 
Acceptable/Usable 

Learnability 4.56 
Strongly 

Agree 
Acceptable/Usable 

Average 

Weighted 

Mean 

4.51 
Strongly 

Agree 
Acceptable/Usable 

Table 22 summarizes the operational-

feasibility results. The application obtained an overall 

weighted mean of 4.51, interpreted as Strongly Agree 

and acceptable/usable. Helpfulness and learnability 

received the highest category means at 4.56, followed 

by affect at 4.53, control at 4.51, and efficiency at 

4.41. 

CONCLUSION AND RECOMMENDATIONS 

CONCLUSION 

SignSpeak demonstrates the integration of 

mobile application development and machine-learning 

models to address communication barriers between 

deaf students and hearing individuals. The project 

identified limitations in FSL knowledge, available 

learning materials, communication methods, and 

classroom translation technologies and translated these 

findings into the system's learning and translation 

functions. 

The dual-model approach was technically 

effective within the tested datasets. The LSTM 

achieved its strongest test accuracy of 97.22% for 

dynamic word gestures using the 80/10/10 data split, 

while the MLP achieved 99.89% test accuracy for 

alphabets and 99.96% for numbers. The 80/10/10 split 

consistently produced the strongest reported results. 

The system was also evaluated positively by 

its target users. The overall SUMI-based acceptability 

and usability mean was 4.51, interpreted as 

acceptable/usable. Economic analysis projected break-

even after approximately 1.39 years, while the 

identified hardware, software, and Android 

requirements supported the project's technical 

feasibility. 

RECOMMENDATIONS 

1. Use mobile devices with greater processing power, 

high-resolution cameras, and at least 8 GB of 

RAM, with up to 16 GB recommended for 

smoother real-time recognition. 

2. Use more capable development computers, 

including higher processing power, sufficient 

RAM, dedicated graphics, and SSD storage, to 

reduce model-training and testing time. 

3. Improve recognition under low-light conditions, 

different camera angles, and varying gesture 

speeds to strengthen real-world performance. 

4. Expand the training data using additional 

variations such as rotation, brightness changes, 

and environmental differences to improve 

generalization and reduce overfitting. 
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5. Continue expanding the dynamic-word and 

sentence structures supported by the application 

so that future versions can handle more natural 

and complex Filipino Sign Language 

communication. 
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