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Accessible Quranic learning for Deaf learners in Malaysia requires recognition of Quran 
Rasm handshapes used within Malaysian Sign Language (MySL) practice. However, 
existing approaches provide limited support for real-time feedback on the handshapes 
performed by learners, and no dedicated public dataset is currently available for Quran 
Rasm in MySL. This study develops a lightweight real-time recognition application for 
29 static Quran Rasm handshapes using MediaPipe hand landmarks and a compact 
feedforward neural network. Three geometric preprocessing configurations based on 
wrist normalization, hand mirroring, and scale normalization were evaluated using 
stratified five-fold cross-validation across multiple model initializations while 
maintaining the same classifier architecture. The recognition model was integrated into 
a multithreaded desktop application incorporating temporal stability filtering, 
interactive quiz generation, correctness feedback, scoring, optional answer hints, and 
result saving. The best preprocessing configuration achieved a macro-averaged F1-
score of 0.9608, while the classifier contained 9,617 parameters with a model size of 
approximately 42 KB. The completed application was also used by 17 Deaf learners in 
the intended school environment, demonstrating practical deployment and direct 
learner interaction. These findings show that lightweight landmark-based recognition 
can be integrated into a functional Quran Rasm learning application for the Malaysian 
context. 
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1. Introduction 
 

Sign language plays an important role in communication and education for Deaf communities. 
Sign languages differ across regions and communities and convey information through visual 
components such as handshape, movement, orientation, location, and facial expression. Despite 
advances in assistive technologies, access to appropriate communication and learning support 
remains limited in many educational environments, particularly when learners require individualized 
guidance and feedback  [1], [2], [3]. 

These challenges are also present in Quranic education for Deaf learners in Malaysia. Previous 
studies have reported difficulties related to the consistency of teaching approaches and the need for 
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teachers to adapt learning activities according to student ability  [4], [5]. Digital initiatives such as i-
Sign QurANIS have been introduced to provide pre-recorded instructional materials. However, such 
resources mainly demonstrate the required signs and do not automatically determine whether a 
learner has produced the intended sign. As a result, corrective feedback during practice still depends 
largely on direct observation by a teacher or instructor. Computational support for Quranic sign 
language learning also remains limited, particularly in the development of recognition systems that 
can be used in practical learning environments [3].  

Sign Language Processing (SLP) provides computational approaches for processing signed 
communication and generally includes sign language generation, recognition, and translation [1], [6], 
[7], [8], [9], [10], [11], [12], [13], [14], [15], [16], [17]. Among these tasks, Sign Language Recognition 
(SLR) focuses on identifying signs produced by a user and returning the corresponding label or 
representation. This makes SLR particularly relevant to interactive learning applications, where the 
system must determine the sign produced by a learner before providing a response. Existing Arabic 
and Quran-related recognition studies have demonstrated that alphabetic handshapes can be 
recognized using image-based machine learning and deep learning approaches    [12], [18], [19]. 
Other studies have explored wearable sensing approaches using devices such as instrumented gloves  
[20], [21]. However, these studies address different recognition settings and application 
requirements, while the development of Quranic sign language recognition for practical learning 
applications remains relatively limited. Although these approaches have achieved promising 
recognition performance, several practical limitations remain. Image-based systems can be affected 
by variations in signer appearance, lighting, background, and camera conditions, while wearable 
approaches require additional hardware. Many recognition studies also focus primarily on 
classification performance using prepared datasets rather than evaluating the behavior of a complete 
system during continuous interaction.  

Despite continued progress in sign language technologies, many systems remain at the prototype 
stage, with limited transition into real-world use [22]. Bragg et al. [2] emphasized the importance of 
considering real-world use when developing assistive sign language technologies, while Rodríguez-
Correa et al. [23] highlighted the role of digital technologies in improving accessibility within sign 
language learning environments. These considerations are particularly important when recognition 
is intended to support learning. In such settings, a recognition model must operate as part of a 
complete application rather than only achieve high classification performance on an offline dataset. 
Practical use introduces additional requirements such as continuous camera processing, stable 
recognition during user movement, responsive feedback, and integration of recognition into an 
actual learning activity.  

The present study therefore focuses on moving beyond offline classification by integrating a 
lightweight static Quran Rasm handshape recognizer into a complete real-time learning application 
for the Malaysian Quranic context. The target handshapes are those used for Quran Rasm in 
Malaysian Sign Language (MySL) practice, while a dedicated public dataset for this specific context is 
currently unavailable. Corresponding static handshapes are therefore selected from an existing ArSL 
dataset for development of the recognition system. The individual components used in the system, 
including hand landmark extraction, geometric preprocessing, feedforward classification, and 
multithreaded execution, are established methods. The novelty of the present study lies at the 
application and deployment level, where these established components are adapted and integrated 
into a lightweight real-time Quran Rasm recognition and assessment application for the Malaysian 
learning context. The resulting system combines real-time handshape recognition, temporal stability 
filtering, automatic evaluation of learner responses, immediate correctness feedback, scoring, result 
recording, and CPU-based operation within a single application. Three geometric preprocessing 
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configurations are evaluated using the same classifier architecture to examine the effects of position 
normalization, handedness unification, and scale normalization. The selected representation is 
integrated with temporal stability filtering and a multithreaded desktop application for continuous 
real-time recognition under CPU-based execution. The recognition output is further incorporated 
into a teacher-configurable quiz and assessment module that presents randomized target items, 
evaluates recognized responses, provides correctness feedback, records scores, and stores learner 
results for teacher review. The completed system is evaluated through offline classification, 
computational performance measurements, and practical use in the intended school environment. 
The present study focuses on the technical development, evaluation, and practical deployment of 
the application. The main contributions are as follows: 

1. Development of an interactive real-time recognition application for static Quran Rasm 
handshapes in the Malaysian learning context. The application integrates live-camera 
recognition with a teacher-configurable quiz and assessment workflow that presents target 
signs, evaluates recognized responses, provides correctness feedback, updates scores, and 
records learner results.  

2. Deployment-oriented implementation and evaluation of the real-time recognition pipeline. 
Temporal stability filtering is combined with a multithreaded architecture that separates 
graphical interaction, hand-landmark processing, and classification. Computational 
performance is evaluated under CPU-only execution using model complexity, classifier 
inference time, and end-to-end latency.  

3. Evaluation of geometric hand-landmark preprocessing for the deployed recognizer. Wrist-
based position normalization, handedness unification through mirroring, and scale 
normalization are compared using the same classifier architecture, allowing the effect of the 
landmark representation to be examined independently of changes to the recognition model.  

4. Practical deployment of the completed application with Deaf learners in the intended school 
environment. The application was used directly by learners during a school session, 
demonstrating operation of the recognition, quiz, feedback, scoring, and result-recording 
functions under the target usage setting. 

 
1.1 Quran Rasm in the Malaysian Learning Context 
 

Sign language has been applied in different ways to support Quranic learning for Deaf learners. 
The representation of Quranic content is not uniform across these approaches. Some systems use 
lexical signs, where a complete Quranic word or expression is represented by a corresponding sign. 
For example, AbdElghfar et al. [24] used Arabic Sign Language (ArSL) representations for selected 
Quranic words and expressions. In this type of approach, the recognition target is the complete 
signed item rather than the individual Arabic letters that form the word. 

Other approaches represent Quranic content through individual Arabic-letter signs. In these 
approaches, the letters contained in the written Quranic text are represented separately using their 
corresponding handshapes. This creates a different recognition problem because the system must 
identify individual letter signs rather than complete lexical signs. Figure 1 illustrates the difference 
between lexical representation and the fingerspelling-based representation considered in the 
present study. 
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Fig. 1. Quranic representation using (a) lexical signs in ArSL [24] and (b) fingerspelling in Quran Rasm in 

MySL 

 
In the Malaysian context considered in this study, Quran Rasm in MySL is used as a letter-based 

representation of Quranic text through fingerspelling. Quranic words are represented by producing 
their written Arabic letters according to their order in the text. The sign set contains basic Arabic-
letter signs and additional letter forms used in Quranic text. Figure 2 presents the Quran Rasm 
handshapes used in the Malaysian context together with the corresponding ArSL handshapes 
considered in this study. A number of the static Quran Rasm handshapes show close visual 
correspondence with classes available in the ArSL alphabet dataset. These corresponding static 
classes form the recognition scope of the present work. Signs that require movement are excluded 
because the current study focuses specifically on static handshape recognition. 
 

 

Fig. 2. Visual comparison between Quran Rasm handshapes used in the Malaysian context and 

ArSL alphabet handshapes. Green boxes indicate static handshapes included in the present 
study, while red boxes indicate signs outside the scope of the current static recognition system 
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A dedicated public dataset specifically developed for Quran Rasm in MySL is currently unavailable 
[3]. The visual correspondence shown in Figure 2 therefore provides a practical basis for selecting 
classes from an existing ArSL dataset for model development. The use of the ArSL dataset is based 
on similarity of the target handshapes and does not imply that ArSL and Quran Rasm in MySL are 
linguistically identical. Classes that do not correspond to the target MySL sign set are excluded during 
dataset preparation. The detailed class-selection procedure is described in the Methodology.  
 
1.2 Challenges in Quranic Learning for Deaf Learners 
 

Despite the availability of sign-based approaches for Quranic learning, Deaf learners in Malaysia 
continue to face several educational challenges. Quranic teaching commonly depends on direct 
guidance and visual demonstration from teachers. Differences in students communication abilities 
and learning needs also require teachers to adapt their teaching approaches according to the 
individual learner [4], [5], [25]. 

Previous studies have also reported limitations in suitable learning resources and in the 
availability of teachers with knowledge of both Quranic education and sign language [3], [25], [26], 
[27]. These conditions can limit the amount of individualized support available to learners, 
particularly during repeated practice that depends on direct observation and feedback from the 
teacher. 

Digital learning materials can provide additional support by presenting instructional content and 
visual demonstrations. However, resources that only demonstrate the expected sign do not 
determine what the learner produces in response. A learner may therefore be able to observe the 
correct sign without receiving automatic feedback on whether the sign that they produce 
corresponds to the requested handshape. 

Sign Language Recognition provides a means of addressing this specific limitation by identifying 
the sign produced by the learner and allowing the recognized response to be used within an 
interactive activity [2]. In the present study, this capability is applied specifically to the static Quran 
Rasm handshapes used in the Malaysian learning context. The recognition output is integrated into 
a quiz and assessment application in which a target item is presented to the learner, the produced 
handshape is recognized, and the response is compared with the requested target. This allows the 
application to provide recognition-based feedback during practice rather than functioning only as a 
source of instructional content. 

 
1.3 Existing Quranic and Arabic Fingerspelling Recognition Systems 
 

Previous studies have explored Arabic alphabet recognition and Quran-related sign recognition 
using different sensing and classification approaches. These studies demonstrate that Arabic 
handshapes can be recognized using camera-based image classification, hand landmarks, and 
wearable sensors. However, their recognition scope, interaction design, and intended application 
differ from the Quran Rasm learning context considered in the present study. Table 1 summarizes 
the most directly relevant systems. 
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Table 1 
Comparison of related Arabic fingerspelling and Quran-related sign recognition systems 

Study Scope Recognition Approach Main Focus and distinction 

Tharwat et 
al. (2021) 
[12] 

Arabic alphabet with 
Quran-related application 

Camera-based KNN 

Static alphabet recognition 
applied to a limited set of Quran-
related letters. The study is 
primarily recognition-oriented 
model offline rather than within 
a real-time or practical 
application setting.   

AbdElghfar 
et al. (2023) 
[28] 

ArSL alphabet 
CNN using static RGB 
images 

Evaluates static Arabic alphabet 
recognition using an image 
dataset. It provides a technically 
comparable alphabet-
recognition task but is not 
designed specifically for Quran 
Rasm in MySL or for an 
integrated learner-assessment 
workflow. 

Amor et al. 
(2023) [28] 

ArSL alphabet 
EMG sensors with CNN-
LSTM 

Recognizes Arabic alphabet signs 
using wearable sensing. The 
approach differs from the 
camera-only interaction required 
for the present learning 
application. 

Elshareif et 
al. 
(2024)[21] 

Static Arabic Hijaiyah hand 
codes for Quran recitation 

Flex sensors and 
accelerometer with rule-
based classification 

Provides Quran-related hand-
code recognition with a mobile 
application, but requires a 
wearable smart glove and covers 
a limited static sign set 
 

El-Sayed et 
al. (2026) 
[29] 

ArSL letters, numbers, 
words, and sentences 

MediaPipe, Transformer, 
and GRU 

Provides a more complex 
landmark-based temporal 
recognition framework for 
general ArSL. It is not specific to 
Quran Rasm learning and 
addresses a broader recognition 
task rather than the learner-
assessment workflow targeted 
here. 
 

AbdElghfar 
et al. 
(2026)[24] 

Selected Quranic 
expressions from Surah Al-
Ikhlas (Lexical Signs) 

MediaPipe with 
conventional ML, ResNet50, 
and hybrid classification 

Develops an automated Quranic 
education framework using 
static poses and images. The 
reported scope is limited to 
selected Quranic expressions 
(lexical signs, not alphabet 
signs), with on-device real-time 
implementation identified as a 
future direction. 
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Present 
study 

29 static Quran Rasm 
handshapes in MySL 

MediaPipe landmarks with 
a lightweight FFNN 

Integrates real-time camera-
based recognition with 
randomized target questions, 
correctness feedback, scoring, 
optional hints, result saving, and 
deployment with Deaf learners 
in the intended Malaysian school 
environment. 

 
The comparison shows that previous work has already established the feasibility of Arabic 

alphabet recognition, Quran-related sign recognition, wearable Quranic hand-code systems, and 
more complex real-time ArSL recognition models. Therefore, the contribution of the present study 
does not rely on claiming that hand landmark extraction, feedforward classification, geometric 
preprocessing, or real-time sign recognition are individually new. Instead, the research gap addressed 
in this study concerns the application and deployment of these established recognition techniques 
for the specific Quran Rasm system used in the Malaysian learning context. Among the directly 
comparable studies considered here, limited attention has been given to integrating recognition of 
the target static Quran Rasm handshapes with a complete learner-facing workflow that presents 
target signs, evaluates the produced response, provides immediate correctness feedback and 
scoring, and records assessment results for teacher review. The present study addresses this 
application-level and deployment-oriented gap through a lightweight real-time Quran Rasm 
recognition and assessment application designed for the Malaysian learning context. 
 
2. Methodology  
2.1 Overall System Architecture and Application Workflow 
 

The developed application integrates real-time static handshape recognition with an interactive 
learning and assessment workflow. The recognition component follows a multithreaded architecture 
to support continuous camera processing while maintaining a responsive graphical user interface. 
The system consists of three main processing components, namely the graphical user interface, hand 
landmark extraction with temporal stability filtering, and the classification module. The recognition 
output is subsequently used by the application to provide feedback during sign practice and to 
evaluate learner responses during quiz activities. The overall system architecture is illustrated in 
Figure 3. 
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Fig. 3. System architecture of the proposed real-time sign language recognition application, 

showing the separation between the GUI main thread and worker threads for feature 

extraction, stability filtering, and classification 

 
The graphical user interface is executed on the main thread and is responsible for receiving 

camera input and displaying real-time feedback to the user. Hand landmark extraction and motion-
based temporal stability filtering are performed in a separate worker thread. Incoming video frames 
are processed using MediaPipe Hands to obtain 21 hand landmarks. The detected landmark 
coordinates are stored in a fixed-length buffer containing ! consecutive frames. Once the buffer is 
filled, the temporal stability of the hand configuration is evaluated before classification is performed. 
The stability condition is based on the amount of landmark movement across the buffered frames. 
For each pair of consecutive frames, the Euclidean displacement of each of the 21 landmarks is 
calculated and averaged across the landmarks. These frame-to-frame motion values are then 
averaged across the complete buffer to obtain the overall motion score: 

 

" = 1
! − 1&' 121&)*!,# − *!$%,#)&

&%

#'%
+

(

!'&
, 

(1) 

where *!,#  represents the raw MediaPipe landmark coordinate vector of landmark - in frame ., ! is 
the number of frames contained in the buffer, and " represents the average motion across the 
buffered sequence. Since the stability calculation is performed before classifier preprocessing, the 
motion score is calculated directly from the landmark coordinates returned by MediaPipe. A hand 
configuration is considered sufficiently stable when: 
 

" ≤ 0), (2) 
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where 0) is the predefined motion threshold. When the stability condition is satisfied, the most 
recent landmark frame in the buffer is selected and passed through the geometric preprocessing 
procedure before being forwarded to the FFNN classifier. If the motion score exceeds the threshold, 
classification is not performed for the current buffer. This prevents predictions from being generated 
while the learner is still positioning or moving the hand. 

In the implemented application, the buffer length was set to ! = 30 frames and the motion 
threshold to 0) = 0.01. These values were selected empirically during preliminary application 
development to reduce predictions during hand movement while maintaining responsive 
recognition. Both parameters remain configurable within the application to allow adjustment for 
different interaction conditions. However, ! = 30 and 0) = 0.01 were kept fixed throughout all 
evaluations reported in this study. 

The classification module is executed in another worker thread and receives the pre-processed 
landmark representation only after the temporal stability condition has been satisfied. The FFNN 
then predicts one of the 29 static Quran Rasm handshape classes. The predicted class is returned to 
the application interface, where it can either be displayed as the recognized output or compared with 
the requested target during a quiz activity. Separating the graphical interface, hand landmark 
processing, and classification helps prevent computational operations from blocking the user 
interface while allowing continuous processing during live recognition. 

 
2.2 Dataset and Target Class Selection 
 

Currently, there is no dedicated public dataset available specifically for Quran Rasm in MySL [3]. 
Therefore, the ArSL dataset introduced by Al-Barham et al. [9] was used as the source dataset for 
developing the static handshape recognizer. The dataset consists of RGB images of individual Arabic 
alphabet signs. Several of the handshapes represented in this dataset visually correspond to the static 
Quran Rasm handshapes used in the Malaysian learning context, allowing the corresponding classes 
to be selected for the present recognition task. 

The source dataset contains several Arabic alphabet classes that correspond to the static Quran 
Rasm handshapes used in the present application. It also includes the Al and Laa classes. These 
classes were not used in the target recognition set because Quran Rasm in MySL represents the 
corresponding letters using separate individual signs rather than the combined sign forms provided 
in the source ArSL dataset, as illustrated in Figure 4. 

 

 
Fig. 4. Difference in the representation of Al and Laa between the ArSL source dataset and 

Quran Rasm in MySL. In the source dataset, each is represented by a single combined sign 

form, whereas Quran Rasm in MySL represents the corresponding letters using separate 
individual signs. 
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The retained recognition set consisted of 29 static classes: Alif (ا), Ba (ب), Ta (ت), Tha (ث), Jeem 
 Za ,(ط) Ta ,(ض) Dad ,(ص) Sad ,(ش) Shin ,(س) Sin ,(ز) Zay ,(ر) Ra ,(ذ) Dhal ,(د) Dal ,(خ) Kha ,(ح) Hah ,(ج)
 Ya ,(و) Waw ,(ه) Haa ,(ن) Noon ,(م) Meem ,(ل) Lam ,(ك) Kaf ,(ق) Qaf ,(ف) Fa ,(غ) Ghain ,(ع) Ain ,(ظ)
 Furthermore, the present study is limited to isolated static handshape .(ة) and Ta Marbuta ,(ي)
recognition because the source dataset contains only static alphabet images. As a result, Quran Rasm 
signs that require movement are not included in the current recognition model. The source images 
corresponding to the retained classes are subsequently filtered and converted into hand landmark 
representations during dataset preprocessing. 
 
2.3 Machine Learning Pipeline Overview 
 

The developed application uses a lightweight landmark-based pipeline for real-time static 
handshape recognition. Image or video frames captured from the camera are first processed using 
MediaPipe Hands to extract the hand landmark coordinates. The extracted landmarks are then 
evaluated using the motion-based temporal stability criterion described in Section 2.1. Only hand 
configurations that satisfy the stability condition are accepted for classification. 

Once the stability condition is satisfied, the most recent landmark frame in the buffer is processed 
using the selected geometric preprocessing procedure. The resulting landmark representation is then 
passed to the classifier to obtain the predicted static Quran Rasm class. The predicted class is 
returned to the application interface, where it is displayed as the recognized output or compared 
with the requested target during a quiz activity. Figure 5 illustrates the overall recognition pipeline 
implemented in the application. 

 

 
 
Fig. 5. Recognition pipeline for real-time static Quran Rasm handshape recognition. 
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2.4 Feature Extraction Model 
 

The development of sign language recognition systems depends not only on dataset size but also 
on the diversity and independence of the data used for training and evaluation. When the same 
signers appear in both the training and testing sets, reported performance may be overly optimistic 
because the model can learn signer-specific characteristics rather than the underlying sign 
representation [30]. This issue is particularly relevant for RGB-based approaches, where visual 
information such as skin appearance, clothing, illumination, and background can influence the 
extracted features. Previous sign language recognition systems have therefore explored different 
strategies to reduce dependence on raw visual appearance, including to rely on gloves to simplify 
hand detection and recognition [31], [32], [33]. 

In the present study, handshape information is represented using the MediaPipe Hand Landmark 
model. MediaPipe Hands is designed for real-time hand tracking and estimates 21 landmarks 
distributed across the wrist, palm, and finger joints [34]. Converting the RGB hand image into a 
landmark representation allows the subsequent classifier to operate on the geometric configuration 
of the detected hand rather than directly on raw pixel appearance. This reduces the classifier's direct 
dependence on visual characteristics of the input image, although the reliability of the representation 
remains dependent on the accuracy of the landmark detector. Figure 6 illustrates the 21 hand 
landmarks used in the recognition pipeline. 

 

 
Fig. 6. Extracted skeletal landmarks with 21 nodes corresponding to the finger joints. 

 
For each detected hand, MediaPipe provides three coordinates, 4, 5, and 6, for every landmark. 

The 4 and 5 coordinates describe the landmark position in the image plane, while the 6 value 
represents an estimated relative depth from the monocular RGB input rather than a direct physical 
depth measurement. Since the present study focuses on static handshape recognition, only the 4and 
5coordinates are retained. The resulting feature representation contains 42 values for each detected 
hand, corresponding to 21 landmarks with two coordinates per landmark. 

 
2.5 Preprocessing Dataset 

 
The dataset consists of RGB images and includes several Arabic alphabet classes, including the 

combined Al and Laa sign forms. As described in Section 2.2, these classes were excluded because 
they do not correspond to the separate letter representations used in Quran Rasm in MySL. Their 
removal reduced the dataset from 7,773 to 7,299 images. Since the proposed classifier operates on 
skeletal hand landmark features rather than raw RGB images, the remaining images were processed 
using the MediaPipe Hand Landmark model as a feature extractor. Valid hand landmarks were 
detected and retained for 5,462 images, corresponding to approximately 74.9% of the retained 
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source images. Various methods have been proposed for processing and normalizing hand landmark 
data [35], [36].  In this study, three preprocessing configurations were investigated to study their 
impact on model performance. All configurations use the same classifier architecture and differ only 
in the applied preprocessing strategy.  

In the first configuration, wrist-based normalization is applied by aligning all hand landmarks 
relative to the wrist joint (node index 0), as defined in (3): 

 
7′! = 7! − 7* (3) 

where 9!denotes the x–y coordinates of the .-th hand landmark and 9*represents the wrist 
landmark. This step removes global translation and centers the hand representation. 
 

In the second configuration, wrist normalization is combined with horizontal mirroring. As the 
MediaPipe model may detect either left or right hands, the same gesture can produce mirrored 
landmark patterns. To ensure consistency, all detected left-hand landmarks are horizontally flipped 
to match a canonical right-hand representation. This reduces variation in the input data and improves 
model learning. 

In the third configuration, wrist normalization and mirroring are further extended with scale 
normalization to account for variations in hand size and distance from the camera. Two reference 
vectors are computed to estimate palm size: 

 
 
:% = 7+ − 7* (4) 

:& = 7%, − 7- (5) 

where :%and :&approximate palm length and palm width, respectively. As these measurements may 
vary due to changes in hand posture, their average is used to obtain a more stable scale factor: 
 
 

:. = :% +	:&
2  (6) 

 
The final scaled landmark representation is then computed as: 
 

7′! =
7!
:′ (7) 

To evaluate the effectiveness of these preprocessing configurations, stratified k-fold cross-
validation is employed with = = 5, preserving the class distribution across all folds. All configurations 
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are trained and evaluated under identical conditions, enabling a fair comparison of their impact on 
classification performance.  
 
2.6 Classifier Model 

 
A Feed-Forward Neural Network (FFNN) was used to classify the preprocessed hand landmark 

features. The classifier receives a compact landmark vector rather than raw RGB images. Since the 
spatial information of the hand has already been represented through the extracted landmark 
coordinates, the classifier operates directly on this structured geometric representation without 
requiring additional image feature extraction through convolutional layers. 

Each input sample contains 42 features corresponding to the 4and 5coordinates of 21 hand 
landmarks. The network consists of two fully connected hidden layers, each containing 68 units. The 
first hidden layer is followed by a Rectified Linear Unit (ReLU) activation function and a dropout layer 
with a probability of 0.3. The second hidden layer is followed by another ReLU activation. The final 
linear layer maps the learned feature representation to 29 output classes corresponding to the static 
Quran Rasm handshapes included in the recognition set.  

The same FFNN architecture was used across all preprocessing configurations so that the 
influence of the preprocessing strategy could be evaluated without introducing changes in the 
classifier structure. The compact architecture was also selected to support low-cost inference during 
real-time application use. In this study, the classifier therefore serves as a lightweight recognition 
component within the complete learning application rather than as a new neural network 
architecture. 

 
2.7 Interactive Quiz and Assessment Module 

 
The recognition system was integrated into an interactive quiz and assessment module designed 

for Quran Rasm handshape practice. Before the session begins, the teacher can specify the number 
of quiz questions to be presented. For each question, the application randomly selects a target sign 
from the available static recognition classes and displays it to the learner. Figure 7 shows the quiz 
interface of the developed application. 

 

 
Fig. 7. Quiz interface of the developed Quran Rasm learning application 
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The learner then performs the requested handshape in front of the camera. The recognized 

output from the classifier is compared with the target sign selected by the application. When the 
recognized class matches the target, the response is recorded as correct and the learner's score is 
updated. The interface also provides a hint function that allows the learner to view the expected 
answer during practice. At the end of the session, the application displays the learner's final quiz 
result and allows learner information to be entered before saving the assessment outcome. The 
recorded information includes the learner’s name, class, and final score. Figure 8 shows the result 
dialog used for this purpose. 

 
Fig. 8. Result dialog showing learner information and final quiz score 

 
In the present implementation, the quiz result is stored in text format for later teacher review. 

By incorporating recognition into this quiz and assessment workflow, the application uses the 
predicted sign as part of an interactive feedback process rather than presenting it only as an isolated 
classification output. 
 
2.8 System Evaluation/Experimental Setup 
 

Two technical evaluation stages were conducted in this study. The first evaluated the 
classification performance of the FFNN under the different preprocessing configurations, while the 
second assessed the computational performance of the deployed system under CPU-only execution. 
The same classifier architecture and training settings were used for all preprocessing configurations, 
with only the preprocessing strategy being changed. 

For each preprocessing configuration, the FFNN was trained using a batch size of 64 for 200 
epochs. The Adam optimizer was employed with a learning rate of 0.001, and cross-entropy loss was 
used during training. Classification performance was evaluated using stratified 5-fold cross-
validation, with class distributions preserved across the folds. Multiple random seed initializations 
were also used to account for variation in model training. The final performance was reported as the 
mean and standard deviation across the folds and seeds. Macro-averaged and micro-averaged F1-
scores were used to compare the preprocessing configurations. Macro F1 provides equal 
consideration to each class, while micro F1 reflects overall classification performance across all 
samples. 
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Because signer identity information was not available in the source dataset, the cross-validation 
procedure was stratified according to class labels rather than signer identity. Consequently, the 
reported classification results should not be interpreted as a signer-independent evaluation. 

For the real-time performance evaluation, the deployed system was tested under CPU-only 
execution. Model inference time was measured from the input feature vector to the output of the 
FFNN classifier. End-to-end latency was measured during live execution from frame acquisition 
through hand landmark extraction, preprocessing, model inference, and display of the predicted 
label on the graphical user interface. The evaluation was conducted over 200 completed sign-
recognition trials, where each trial corresponded to one completed sign prediction. The experiments 
were conducted on a desktop workstation equipped with an Intel Core i5-12400 CPU and 32 GB of 
RAM using a Logitech Brio 100 webcam with a nominal frame rate of 30 FPS. Although an NVIDIA RTX 
3070 GPU was available on the workstation, GPU acceleration was not used during testing. 

In addition to the technical evaluation, the completed application was used with Deaf learners in 
the intended school environment. The session was conducted in the school hall, where the learners 
interacted with the application under the target usage setting. This activity was intended to 
demonstrate the operation of the developed application in practice and was not conducted as a 
formal usability or educational-effectiveness study. No standardized measures of learner experience, 
teacher acceptance, accessibility, or pedagogical outcomes were collected 
    
3. Results and Discussion 
3.1 Effect of Preprocessing Strategies on Model Performance 

 
The effect of the three preprocessing configurations was evaluated using the same FFNN 

architecture and training settings. Performance was assessed using stratified 5-fold cross-validation 
with multiple random seed initializations, and the results are reported as the mean and standard 
deviation across all folds and seeds. Table 2 summarizes the macro-averaged and micro-averaged F1-
scores obtained for each preprocessing configuration. 
 

Table 2 
Classification Performance Across Preprocessing Configurations 

Preprocessing Configura`on Macro F1 (mean ± std) Micro F1 (mean ± std) 

Wrist normalization 0.9490 ± 0.0094 0.9523 ± 0.0086 
Wrist + mirroring 0.9582 ± 0.0067 0.9614 ± 0.0061 
Wrist + mirroring + scaling 0.9608 ± 0.0057 0.9639 ± 0.0052 

 
Using wrist normalization alone, the classifier achieved a macro F1-score of 0.9490 ± 0.0094 and 

a micro F1-score of 0.9523 ± 0.0086. Adding horizontal mirroring improved the scores to 0.9582 ± 
0.0067 and 0.9614 ± 0.0061, respectively. The highest performance was obtained when scale 
normalization was also included, with a macro F1-score of 0.9608 ± 0.0057 and a micro F1-score of 
0.9639 ± 0.0052.  

The results show a progressive improvement as additional geometric normalization steps were 
introduced. Wrist normalization provides a baseline by removing global hand translation and 
centering the landmarks relative to the wrist. Mirroring produced a larger improvement by 
converting equivalent left- and right-hand representations into a consistent orientation, thereby 
reducing variation in the input representation. This approach is appropriate for the present 
application, which considers single-hand static fingerspelling and does not require preservation of 
left-right hand distinction. The addition of scale normalization produced a smaller further 
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improvement, increasing the macro F1-score from 0.9582 to 0.9608 and the micro F1-score from 
0.9614 to 0.9639. The standard deviation was also reduced for both metrics. This indicates that 
reducing variation associated with hand size and apparent hand scale provided a more consistent 
landmark representation, although the improvement over mirroring alone was modest.  

Overall, the comparison indicates that the preprocessing configuration affected classification 
performance while the underlying classifier architecture remained unchanged. Among the evaluated 
configurations, wrist normalization combined with mirroring and scaling produced the highest overall 
performance and was therefore selected for the deployed application. 

 
3.2 Confusion Matrix Analysis 

 
To further examine the classification performance of the best-performing preprocessing 

configuration, the confusion matrix obtained using wrist normalization, mirroring, and scaling is 
presented in Figure 9. Most predictions are concentrated along the main diagonal, indicating that the 
majority of static handshape classes were correctly distinguished by the classifier. 

 

 
Fig. 9. Confusion matrix of the proposed model using the best-performing preprocessing 

configuration (wrist normalization with mirroring and scaling) 

 
The remaining errors were examined to identify possible causes of misclassification. One 

recurring example involved the visually similar Jeem and Hah handshapes. Figure 10(A) shows two 
samples representing the intended Jeem sign. In one case, the estimated landmarks did not capture 
the thumb configuration accurately, resulting in a landmark pattern that more closely resembled 
Hah. Figure 10(B) shows reference samples for Jeem and Hah, where the difference between the two 
classes is largely associated with the thumb configuration. 
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Fig. 10. Example of misclassification between Jeem and Hah. (A) Incorrect landmark 

estimation for Jeem where thumb bending is not captured, leading to misclassification as 

Hah. (B) Reference samples of Jeem and Hah showing differences in thumb configuration) 

 
This example indicates that classification performance is affected by the quality of the hand 

landmark representation. When important structural details are not captured accurately, particularly 
for classes that differ through relatively small finger or thumb configurations, the resulting feature 
vectors may become difficult to distinguish. The error therefore highlights a limitation of using 
detected landmark coordinates as the sole input representation, since classification depends on the 
accuracy with which the landmark extractor preserves discriminative handshape information. 
 
3.3 Real-Time System Performance 

 

To evaluate the computational performance of the deployed recognition system, model inference 
time and system processing latency were measured during live execution under CPU-only conditions. 
Figure 11 shows the application during real-time sign recognition. 

 
Fig. 11. Screenshot of the proposed SLR application during real-time sign recognition 

 
The system was evaluated over 200 completed sign-recognition trials. The isolated FFNN 

inference time, measured from feature-vector input to model output, was 0.49 ± 0.81 ms. The mean 
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end-to-end latency, measured from frame acquisition through hand landmark extraction, 
preprocessing, model inference, and display of the predicted label on the graphical user interface, 
was 0.95 ± 0.21 ms. The classifier contains 9,617 trainable parameters and has a model size of 
approximately 42 KB, excluding the MediaPipe hand landmark model used for feature extraction. 
Table 3 summarizes the model complexity and real-time performance measurements. 

 
Table 3 
Model Complexity and Real-Time Performance Metrics 

Metric Value 

Total Parameters 9,617 
Model Size (KB) 42 
Model Inference Time (ms) 0.49 ± 0.81 
End-to-end latency (ms) 0.95 ± 0.21 

 
The compact FFNN architecture and 42-dimensional landmark representation resulted in low 

isolated inference time during CPU-only execution. The measured end-to-end latency of 0.95 ± 0.21 
ms was also well below the 33.33 ms frame interval associated with a 30 FPS input stream [38], 
indicating that the recognition pipeline could complete processing within the interval between 
consecutive frames. 
 
3.4 Target-Environment Use 

 
The completed application was deployed at the school as part of its intended use. At the request 

of the school principal, Deaf learners were gathered in the school hall and were given the opportunity 
to use the application individually. A total of 17 learners interacted with the system, with each learner 
completing five quiz attempts. 

During the activity, the application presented target signs, processed the learner's hand input, 
displayed the recognized sign, provided correctness feedback, and updated the quiz score. The 
learners also entered and saved their information and quiz results using the application's built-in 
result-saving function. Figure 12 shows the application being used during the school session. 

 

 
 

Fig. 12. Use of the developed application with Deaf learners in the school hall 
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The session demonstrated practical operation of the completed application in the intended 
school environment. The recognition, quiz, feedback, scoring, and result-saving functions were used 
during actual learner interaction. The present study focuses on the technical development and 
deployment of the application, while structured evaluation of learner experience and educational 
outcomes is outside the scope of the current work. 
 
3.5 Limitations 

 
The results of this study should be interpreted within the scope of the implemented system and 

evaluation conditions. The classifier was developed using a public ArSL dataset because no dedicated 
public dataset is currently available specifically for Quran Rasm in MySL. Signer identity information 
was not available in the source dataset, and the reported stratified cross-validation results therefore 
do not represent a signer-independent evaluation. Model development was based on 5,462 retained 
landmark samples from the available public source dataset. Future evaluation using a dedicated 
Quran Rasm in MySL dataset with broader participant coverage would allow the recognition system 
to be examined across a wider range of users. 

The technical experiments were conducted using a consistent camera and workstation 
configuration in a well-lit indoor environment with a relatively plain background. The application was 
subsequently used by Deaf learners in the school hall, providing additional evidence of operation in 
the intended environment. The school deployment involved learners from a single school and 
focused on practical use rather than comparison across different learner backgrounds or levels of 
signing experience. Variations in lighting, camera angle, background complexity, camera device, and 
computing hardware were not systematically compared. Recognition performance also depends on 
the quality of the hand landmarks extracted by MediaPipe. The error analysis showed that inaccurate 
estimation of small thumb or finger configurations can affect visually similar signs, particularly when 
the hand is partially occluded or discriminative finger configurations are not captured accurately. 

The current application focuses on 29 static Quran Rasm handshapes, while signs that require 
movement are outside the scope of the present classifier because the available source dataset 
contains only static alphabet images [9] and no dedicated public dataset is currently available for 
Quran Rasm in MySL [3] . The selected handshapes reflect the Quran Rasm signing system used in 
the target Malaysian setting, while future work may examine their use across additional schools and 
practitioner settings. The school session demonstrated direct use of the application by Deaf learners 
in its intended environment. The present work focused on system development, technical 
performance, and practical deployment, while structured investigation of learner experience, 
teacher perspectives, and learning outcomes remains a direction for future user-centered evaluation. 
 
4. Conclusions 
 

This study developed a lightweight real-time recognition application for static Quran Rasm 
handshapes in the Malaysian learning context. Rather than introducing a new recognition 
architecture, the work focused on integrating landmark-based handshape recognition, geometric 
preprocessing, temporal stability filtering, and a lightweight classifier into a complete interactive 
learning application. The resulting system supports real-time sign recognition together with quiz 
generation, correctness feedback, scoring, optional answer hints, and result saving for teacher 
review. 

The technical evaluation showed that the preprocessing strategy influenced classification 
performance, with the combination of wrist normalization, mirroring, and scaling producing the 
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strongest overall results. The compact FFNN supported low-cost CPU-based inference, while the 
error analysis showed that recognition performance remains dependent on the quality of the 
extracted hand landmarks, particularly for visually similar signs that differ through small finger or 
thumb configurations. 

Beyond classifier evaluation, the completed application was deployed in the intended school 
environment and used directly by 17 Deaf learners during a school-hall session. This demonstrated 
that the recognition, quizzes, feedback, scoring, and result-saving functions could be used as an 
integrated application during actual learner interaction. The contribution of the present work 
therefore lies not only in the recognition performance of the classifier, but also in the implementation 
and practical deployment of a lightweight Quran Rasm learning application for the Malaysian context. 

The present system focuses on 29 static Quran Rasm handshapes used in the Malaysian learning 
context. The selected handshapes were based on the Quran Rasm signing system adopted in the 
target setting. Quran Rasm signs that require movement are outside the scope of the current 
classifier because the available source dataset contains static alphabet images and no dedicated 
public dataset is currently available for Quran Rasm in MySL. Extending the system to dynamic signs 
would therefore require the collection of dedicated temporal signing data. Future work can also 
extend the evaluation to additional signers, varied lighting and background conditions, different 
camera angles, alternative camera and computing devices, and other school settings. Structured 
investigation of learner experience, teacher perspectives, and learning outcomes remains a direction 
for future user-centered evaluation. 
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