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1. Introduction 

The rapid advancement of information technology has influenced various aspects of human 
life, including education, healthcare, politics, economics, and religion. For Muslims, this 
technological development opens new opportunities to access Islamic knowledge through digital 
tools. One key area of learning is the correct recitation of the Qur'an, which requires mastery of 
tajwid, the rules that govern pronunciation and articulation. Although most Muslims can read the 
Qur'an, a significant portion still lacks proper knowledge of tajwid. According to a 2023 survey by 
the Directorate General of Islamic Community Guidance, only about 44.57% of Indonesian 
Muslims are able to apply tajwid rules accurately when reading the Qur'an [1]. 

A fundamental rule often taught at the beginning of tajwid learning is hukum nun sukun and 
tanwin, which occurs frequently in the Qur’an. Its high frequency makes it a crucial element in 
understanding tajwid comprehensively. As Lailatul Husna (2023) and Rudi Dian Arifin (2023) 
explain, nun sukun and tanwin appear in many word structures throughout the Qur’an, thus 
requiring special attention in tajwid instruction [2][3]. Unfortunately, tajwid learning is still mostly 
manual, relying on limited face-to-face instruction, and therefore not always sufficient—especially 
for beginners. 

Given these challenges, there is an increasing need for technology-based solutions that can help 
individuals learn tajwid more independently. One such approach involves the use of Artificial 
Intelligence (AI). According to Kaplan et al. (2019), AI enables computers to perform tasks that 
mimic or surpass human intelligence [4]. A subfield of AI, Computer Vision, is widely used in 
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 This research aims to develop a tajwid classification system focusing on the detection 
of nun sukun and tanwin rules in Quranic recitation using the Convolutional Neural 
Network (CNN) and Mel-Frequency Cepstral Coefficient (MFCC) methods. The 
dataset used includes 1,344 audio samples collected from both direct recordings and 
YouTube observations. Audio preprocessing involved silence removal and noise 
filtering, followed by feature extraction using MFCC with 40 coefficients. These 
features were then classified into six categories: Idghom Bighunnah, Idghom 
Bilaghunnah, Idzhar Halqi, Ikhfa Haqiqi, Iqlab, and No Class. The CNN architecture 
implemented includes three convolutional layers with Batch Normalization and Leaky 
ReLU activation, optimized with a softmax classifier. Three different dataset split 
scenarios (80:10:10, 70:15:15, and 60:20:20) were evaluated to determine the best 
performance. The highest accuracy of 89% was achieved using the 80:10:10 data split, 
with macro-average F1-score reaching 0.87. Results show that CNN combined with 
MFCC provides reliable classification of tajwid rules, particularly in identifying 
distinctive acoustic patterns. The study confirms that data partitioning significantly 
influences model performance and highlights the importance of optimal preprocessing 
and architecture selection in deep learning-based speech recognition tasks. 
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recognizing patterns in image and audio data, including tasks like object detection, image 
classification, and speech recognition. 

In this study, Convolutional Neural Networks (CNNs) are applied to recognize acoustic 
patterns in Qur'anic recitation. Although CNNs are traditionally known for image classification, 
they are increasingly used for audio data through visual representations such as spectrograms, mel-
spectrograms, and cepstral coefficients. Combined with Mel-Frequency Cepstral Coefficients 
(MFCCs) a method that captures human auditory characteristics—CNNs can be trained to detect 
variations in tajwid pronunciation. MFCCs extract acoustic features that reflect differences in 
articulation, tone, and duration, which are essential in identifying tajwid patterns [5]. 

Previous studies have implemented CNN and MFCC for tasks such as emotion classification in 
Qur'anic recitation and general voice recognition. These studies demonstrate that MFCCs serve as 
strong input features for CNN models in audio-based classification, even in limited datasets [6]. 
This supports the development of tajwid classification systems based on these methods. 

What differentiates this research is its focus on evaluating the impact of different dataset split 
ratios on the classification performance of the CNN-MFCC system. Deep learning models are 
highly influenced by how data is distributed between training, validation, and test sets. Therefore, 
this paper specifically investigates three different ratios: 80:10:10, 70:15:15, and 60:20:20, to 
determine which partition provides the most optimal accuracy for detecting hukum nun sukun and 
tanwin. The results aim to support future improvements in automated tajwid learning systems by 
ensuring the data configuration is well-optimized for model training and evaluation.  

2. The Proposed Method 

2.1. Flowchart Research Method 
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Fig 1. Flowchart research method 

This research is structured into several key stages, starting with the collection of Qur’anic 
recitation audio data categorized into six classes: Idghom Bighunnah, Idghom Bilaghunnah, Idzhar 
Halqi, Ikhfa Haqiqi, Iqlab, and a comparison class labeled No Class. The audio data then undergo a 
pre-processing phase that includes trimming or padding to 2 seconds, removal of silence, and 
background noise reduction. These steps ensure a cleaner and more uniform input for feature 
extraction. 

JEEMECS (Journal of Electrical Engineering, Mechatronic and Computer Science ISSN 2614-4859 
Vol. 8, No. 2, August 2025, pp. 91-97  

http://jurnal.unmer.ac.id/index.php/jeemecs
mailto:jeemecs@unmer.ac.id


93 | P a g e  
 
                                                                 http://jurnal.unmer.ac.id/index.php/jeemecs                 jeemecs@unmer.ac.id 

The processed audio is then converted into Mel-Frequency Cepstral Coefficients (MFCC), 
forming two-dimensional representations suitable for deep learning. These MFCC features are 
passed to a Convolutional Neural Network (CNN) model designed to classify the tajwid patterns 
based on the learned spectral features [7]. The model uses a softmax activation in the output layer to 
generate multi-class predictions. The final stage involves system evaluation using unseen data to 
determine model accuracy and classification performance. 

3. Method 

3.1. Mel-Frequency Cepstral Coefficient 

In this study, the Mel-Frequency Cepstral Coefficients (MFCC) method was employed to 
extract relevant acoustic features from Qur’anic recitation audio. The process begins by segmenting 
the audio into overlapping frames (framing), followed by the application of a Hamming window to 
minimize spectral leakage. Each frame is then transformed into the frequency domain using the Fast 
Fourier Transform (FFT), and its power spectrum is calculated. This power spectrum is passed 
through a set of Mel-scale filter banks to mimic human auditory perception, emphasizing 
frequencies that are more perceptually relevant [8]. 

The output from the filter banks is converted into MFCCs using the Discrete Cosine Transform 
(DCT), which reduces data dimensionality while preserving the most salient frequency components 
[9]. A fixed number of coefficients (n_mfcc) are selected, and padding is applied if needed to 
standardize input dimensions for batch processing. The resulting MFCC representations are stored 
as .npz files and serve as input features for the CNN classifier. This approach enables the model to 
capture essential characteristics of tajwid pronunciation in a structured and compact format suitable 
for deep learning. 

3.2. Split Dataset Scenario 

In this study, the dataset comprises a total of 1,344 audio samples of Qur’anic recitation, which 
were collected through direct recordings and supplementary observations from publicly available 
YouTube channels. After merging both sources, the data underwent pre-processing to produce a 
standardized, noise-free dataset ready for feature extraction and classification. Each sample was 
then converted into MFCC representations for input to the CNN model [10]. 

To evaluate the effect of dataset distribution on model performance, three data-splitting 
scenarios were tested using a randomized shuffle method: 80: 10: 10, 70: 15: 15, and 60: 20: 20, 
representing training, validation, and test sets respectively. All other training parameters were held 
constant to ensure consistency: 40 MFCC coefficients, a maximum input length of 400 frames 
(approx. 2 seconds), a batch size of 8, 100 pre-training epochs, and 50 fine-tuning epochs. The goal 
of this experiment was to determine the most effective data ratio for maximizing classification 
accuracy. According to recent studies, optimal data splitting plays a crucial role in improving a 
model’s generalization capability [11]. 

3.3. Convolutional Neural Network 

The CNN architecture in this study consists of three convolutional layers followed by fully 
connected layers, incorporating techniques such as Leaky ReLU and Batch Normalization to 
address challenges like vanishing gradients and overfitting. Leaky ReLU is used to prevent dead 
neurons often encountered with traditional ReLU activations [12] [13], while Batch Normalization 
is employed to accelerate training convergence and stabilize the internal covariate shift across mini-
batches [14]. 

 
Fig 2. Convolutional neural network architecture 
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In Layer 1, the input MFCC features are processed through a Conv2D layer with 32 filters of 
size 4×4 and 'same' padding, followed by Leaky ReLU activation and Batch Normalization. 
Dimensionality is then reduced using MaxPooling2D with a pool size of 2×2. In Layer 2, 48 filters 
of size 4×10 are applied via Conv2D to extract more specific spectral patterns, followed by the same 
activation and normalization scheme, and reduced via AveragePooling2D. Layer 3 uses 64 filters of 
size 4×10, continuing the feature extraction process for complex patterns, and downscales via 
MaxPooling2D [15]. 

The output is passed through a GlobalAveragePooling layer to flatten the feature maps into a 
single dimension [16], followed by another Batch Normalization layer. It is then processed by a 
Dense layer with 64 neurons using Leaky ReLU activation and a dropout rate of 40% to prevent 
overfitting. Finally, the output layer consists of num_classes neurons activated by Softmax, allowing 
multi-class classification [12]. 

4. Results and Discussion 

This section presents the evaluation of model performance based on three dataset splitting 
scenarios to assess how different training-validation-testing ratios affect CNN-based classification 
of tajwid audio. The dataset consisted of 1,344 MFCC-extracted audio samples representing six 
tajwid classes: Idghom Bighunnah, Idghom Bilaghunnah, Idzhar Halqi, Ikhfa Haqiqi, Iqlab, and a 
neutral class (No Class). The scenarios evaluated were: Scenario A (80:10:10) with 144 samples, 
Scenario B (70:15:15) with 208 samples, and Scenario C (60:20:20) with 280 samples. 

 
Fig 3. Classification report on scenario A 

Among the three, Scenario A (80: 10: 10) demonstrated the best overall classification result, 
achieving an accuracy of 89%, as presented in the classification report on Fig 3. Notably, No Class 
and Iqlab achieved F1-scores of 0.99 and 0.97, respectively, highlighting the model’s strength in 
recognizing these acoustically distinct classes. Furthermore, the model maintained stable 
performance across other categories, such as Ikhfa Haqiqi (F1-score: 0.90) and Idghom Bilaghunnah 
(F1-score: 0.88). The macro and weighted averages for precision, recall, and F1-score all hovered 
around 0.87–0.89, indicating high reliability in class prediction consistency. 

 
Fig 4. Classification report on scenario B 

In Scenario B (70: 15: 15), as shown in Fig 4, the model achieved slightly lower accuracy at 
87%. The performance drop was most noticeable in Idghom Bighunnah, which registered a recall of 
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0.62, suggesting a lower sensitivity to this class despite a relatively high precision. Nevertheless, the 
model maintained solid performance in recognizing Iqlab and No Class, both achieving F1-scores 
above 0.90, and showed robust average metrics with macro and weighted averages at 0.84– 0.87. 
This indicates moderate generalization, although further refinement may be required for more 
ambiguous phonetic patterns. 

 
Fig 5. Classification report on scenario C 

For Scenario C (60:20:20), depicted in Fig 5, the model recorded the lowest accuracy of 80%. 
While No Class and Iqlab again showed reliable classification results with F1-scores of 0.97 and 
0.89, performance declined in categories like Ikhfa Haqiqi (F1: 0.69) and Idghom Bighunnah (F1: 
0.73). This suggests that a greater dataset size although potentially more diverse introduced higher 
complexity that the model struggled to generalize from effectively. The weighted average F1-score 
of 0.80 reflects this dip in stability and precision across the board. 

Table 1. Comparison result 

No. Dataset Split 
Accuracy 

(%) 

Macro AVG F1-

Score 

Weighted AVG F1-

Score 
Loss 

Total 

Samples 

1. 80 : 10 : 10 89 0,87 0,89 0,5061 144 

2. 70 : 15 : 15 87 0,84 0,87 0,5103 208 

3. 60 : 20 : 20 80 0,80 0,80 0,5168 280 

As shown in Table 1, the best performance was achieved using the 80: 10: 10 data split, where 
the model reached an accuracy of 89% with a macro average F1-score of 0.87 and the lowest loss 
value of 0.5061. This scenario also had the smallest number of total samples, indicating that a 
balanced yet moderate training set may enhance the model’s ability to learn distinguishing features 
more effectively. In contrast, the 60: 20: 20 scenario, despite using more data, resulted in the lowest 
accuracy and slightly degraded performance, suggesting a potential challenge in model 
generalization as the dataset becomes more complex. 

In summary, the results confirm that Scenario A (80: 10: 10) provides the most optimal 
configuration for model training and evaluation, balancing training size with test set reliability. This 
experiment underlines that increasing dataset size does not always yield better performance and that 
thoughtful splitting strategy is crucial for achieving high and consistent classification accuracy in 
deep learning-based tajwid detection systems. 

5. Conclusion 

This study has demonstrated that the combination of Mel-Frequency Cepstral Coefficients 
(MFCC) and Convolutional Neural Network (CNN) is effective in classifying tajweed rules, 
particularly nun sukun and tanwin, from Qur’anic recitations. By evaluating three dataset split 
scenarios (80: 10: 10, 70: 15: 15, 𝑎𝑛𝑑 60: 20: 20), it was found that the 80: 10: 10 ratio yielded the 
highest performance with an accuracy of 89%, a macro F1-score of 0.87, and a low loss value of 
0.5061. The model consistently performed well on classes with distinct phonetic features, such as 
No Class and Iqlab. 

These results confirm that a well-balanced and moderate dataset split can significantly impact 
the CNN model’s classification capability. Therefore, the 80: 10: 10 configuration is considered the 
optimal setup for training tajweed classification models using MFCC and CNN. Future work can 
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explore more advanced architectures or larger and more diverse datasets to further improve model 
generalization and robustness in real-world applications. 
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