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 The Arabic language presents considerable dialectal diversity, which can pose 

challenges for speech technologies, particularly automatic speech recognition 

(ASR). Traditional models trained primarily on modern standard Arabic 

(MSA) do not account for regional accents, leading to poor performance on 

underrepresented dialects. However, this paper addresses this gap by 

introducing a hybrid CNN-BiLSTM model designed for automatic Arabic 

dialect classification. The dataset was divided into five categories gathered 

from various YouTube videos: Levantine (Jordan, Lebanon, Syria, Palestine), 

Gulf (Saudi Arabia, Yemen, Qatar, UAE), Nile Valley (Egypt, Sudan), 

Mesopotamian (Iraq, Kuwait), and North African (Algeria, Libya, Mauritania, 

Morocco). Therefore, a systematic augmentation was applied to address this 

imbalance, including pitch shifting, time stretching, and amplitude scaling, 

leading to 4,000 balanced utterances standardized to 16 kHz and 8 seconds. 

Convolutional neural network (CNN) layers captured localized spectral 

features, while bidirectional long short-term memory (BiLSTM) units 

modeled long-range temporal dependencies. Evaluation metrics, including 

classification report, confusion matrix, and learning curves, showed effective 

performance, with an overall accuracy of 88%. 
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1. INTRODUCTION 

Arabic, spoken by 420 million people worldwide [1], has a variety of dialects across regions, with 

some dialects often substantially different from others [2]. Arabic accents classification is complex because 

the language encompasses many dialects throughout the Arab world. While modern standard Arabic (MSA) 

serves as the formal written and spoken standard used in media and education, native speakers mainly 

communicate in vernaculars that vary significantly in pronunciation, vocabulary, and syntax.  

These are dialectal variations, normally rooted in geography, history, and culture, resulting in a 

range of accents that can prevent mutual understanding, even among native speakers. For instance, 

pronunciation differences between Gulf dialects and Maghrebi Arabic can significantly affect clarity and 

meaning. This linguistic diversity poses a challenge for speech-based technologies, especially automatic 

speech recognition (ASR), which struggles to perform well across such varied language groups [3].  

Standard ASR models, primarily developed for native speech [4] and trained on MSA or  

limited-accent varieties, often struggle to accurately interpret or detect speech from less-common dialects. 

Accent classification aims to tackle this issue by automatically identifying the speaker’s accent, enabling 

ASR and other speech systems to adapt in real time.  

https://creativecommons.org/licenses/by-sa/4.0/
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Apart from achieving higher recognition accuracy, this process is needed to create inclusive, 

culturally conscious AI systems that better serve Arabic-speaking populations. Specifically, our model uses 

label smoothing, a fixed 24×32 spectrogram input, and adaptive learning rate scheduling, design choices that 

address the acoustic variability of Arabic dialects. Unlike single-stream convolutional neural networks 

(CNNs) or BiGRU models, CNN-BiLSTM jointly captures local spectral patterns and long-range temporal 

dependencies, thereby achieving superior dialect differentiation. In this paper, we introduce a hybrid  

CNN-BiLSTM method for classifying light Arabic accents. The database is split into five categories: 

Levantine (Jordan, Lebanon, Syria, Palestine), Gulf (Saudi Arabia, Yemen, Qatar, UAE), Nile Valley  

(Sudan, Egypt), Mesopotamian (Iraq and Kuwait), and North African (Algeria, Libya, Mauritania, Morocco). 

The results obtained will be analyzed in the provided sections. 

 

 

2. RELATED WORK 

In recent years, many researchers have conducted studies on Arabic dialect identification.  

In this section, we will review some of these studies to gain insight into the methods and models previously 

used in this area. Aliwy et al. [5] conducted a study that applied preprocessing, clustering, and ensemble 

classifiers to the NADI dataset, reaching an F-measure of as high as 52.38%. Notably, clustering played a 

key role in significantly enhancing the accuracy of Arabic dialect classification. 

Elmahdy et al. [6] present a novel cross-lingual adaptation approach (MLLR/MAP) that leverages 

MSA speech resources to enhance ASR for dialectal Arabic. The MSA dataset comprises 33 hours, ECA has 

0.5 hours, and LCA includes 26 hours. Results indicate a 41.8% relative reduction in WER on ECA with 

modified phonemic models. The model achieved 91.34% accuracy, surpassing baselines such as RNN 

(76.41%) and CNN (81.43%). Table 1 provides an overview of recent studies on the classification of written 

Arabic dialects. Alsadhan [7] applied AraBERT and FastText/DBSCAN to social media data, attaining 

88.9% dialect classification accuracy and effective emotion detection. 

 

 

Table 1. Recent studies of written Arabic dialect classification 
Ref. Method Datasets Findings 

Yafooz [8] 
RNNs (LSTM/GRU), Transformers 

(AraBERT, and MARBERTv2), 
and LLMs (Gemini, Qwen) 

QADI (440K Arabic tweets, 18 

dialects) 

The achieved accuracy is 

- 65% with MARBERTv2, and 

52% with RNNs 

Elsafty et al. [9] 
ArDiaBERT/ArDiaGPT with rare-

dialect balancing 

ArDia (903k texts, 6 dialects, 
long-form TikTok/Wikipedia 

dominance) 

The method obtained 86.55% 

Macro-F1 

Saleh et al. [10] hybrid stacked transformer models Shami and IADD 
The achieved accuracy is 

- Shami: 89.73% and ADD: 

93.062% 

Abdullah et al. [11] 
Voice Conversion (VC)-Enhanced 

Training 

MGB-3 ADI-5 (53.6 hrs, 14.6k 
samples) for training and 

MADIS-5 (curated 12-hr cross-

domain set) for evaluation 

The approach yielded 

consistent improvements of 
+34.1% 

Alharbi [12] 
A novel Multimodal Framework, 

called MF-Saudi 
Saudi Dialect Audio-Text 

The accuracy achieved is 

96.5% 

Alsuwaylimi [13] 
Hybrid CAMeLBERT/ALBERT + 

BiLSTM; ML/DL/transformer 

38,394 annotated social media 

comments (4 dialects) 

The achieved accuracy is 
- CAMeLBERT: 87.67% and 

ALBERT: 86.51% 

 

 

Tibi and Messaoud [14] created a system that detects Arabic dialects by applying multi-scale 

product analysis (MPA) to extract features for a hamilton neural network (HNN). It was trained on eight 

LDC and eight ADI dialects, achieving an accuracy of 91.34%, which is better than the RNN (76.41%) and 

CNN (81.43%) models. 

Research proposed by Ali [15] developed an end-to-end CNN-RNN-based model with a 1,400-hour 

multi-dialect corpus (MGB-2, Tashkeela, and so on). It had a word error rate (WER) of 14%, which is higher 

than that of previous systems. 

A study by Al-Ayyoub et al. [16] used wavelet features and a Bayesian Network classifier to 

differentiate between Jordanian and Egyptian Arabic dialects. It was trained on a small dataset  

(a custom dataset of 35 samples) and, using these features, achieved 97% accuracy. Table 2 presents recent 

studies on the classification of Arabic spoken dialects. Al-Anzi and Thankaleela [17] used CNNs and MFCC 

on 4,071 Arabic audio clips across 5 dialects, achieving 94.28% test accuracy. 
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Table 2. Recent studies of Arabic spoken dialects classification 
Ref Method Datasets Findings 

Alsaheel et al. [18] BiGRU and BiLSTM 
SADA corpus of dialectal 

Arabic 
- 97% training accuracy and 90% 

test accuracy 
Al-Shwayyat and 

Gerek [19] 
Hybrid MFCC + CNN and 

Wavelet + RNN 
Common Voice Arabic 12.0 

Achieved accuracy: 

- 91.2% for MFCC + CNN vs. 

- 66.5% for Wavelet + RNN 

Talafha et al. [20] 
Pre-trained models (Whisper, 

w2v-BERT, Conformer) 

Speech corpus (Casablanca) 

covering 8 Arabic dialects for 

ID/ASR; multi-source 
collection for diacritization 

The best achieved accuracy is 

79.8% 

Barakat et al. [21] 
A deep learning classification 

model 

More than 66,000 audio files 

from the YouTube ADI-17 
MIT dataset. 

The accuracy achieved is 86% on 

test data, and 95% when considering 
the top 3 predicted dialects 

Nahar et al. [22] 

Machine learning models (K-

Nearest Neighbor (KNN), 

Random Forest (RF), Multi-

Layer Perceptron (MLP), and 

Artificial Neural Networks 

(ANN)) 

The dataset was collected 

from YouTube videos and 

audio segments labeled by 

human experts 

- MFCC Features 

KNN: 62%, RF: 60% 
MLP: 33%, ANN: 42% 

- TFCC Features 

KNN: 76%, RF: 64% 
MLP: 34%, ANN: 41% 

 

Hamidi et al. [23] HMM-GMM with MFCC 
24 speakers (Moroccan / 

Algerian) 
- Best accuracy: 78.8% with mixed 

dictionary 

Al-Azani and El-

Alfy [24] 

Combination of audio and 
textual features for Arabic 

dialect identification 

524 opinion utterances 
extracted from 63 YouTube 

videos 

- Speaker-independent: text 
outperforms audio with F1 score 

of 63.61% 

- Speaker-dependent: both text and 
audio performed similarly, with an 

F1 score of 85.52% 

Malmasi and 

Zampier [25] 
Ensemble classifiers 

Egyptian, Gulf, Levantine, 

North African, and MSA 

- The achieved accuracy is about 

68% 

 

 

3. METHODS AND MATERIALS 

3.1.  Datasets 

This study collected a dataset from various YouTube videos, categorizing it into five Arabic dialect 

groups: Levantine (Jordan, Lebanon, Syria, Palestine), Gulf (Saudi Arabia, Yemen, Qatar, UAE), Nile Valley 

(Egypt, Sudan), Mesopotamian (Iraq, Kuwait), and North African (Algeria, Libya, Mauritania, Morocco), as 

shown in Figure 1. YouTube was selected because it offers natural, spontaneous speech samples, and these 

groups align with widely accepted regional dialect classifications. 

Each category contains labeled audio samples in .wav format and allows supervised  

dialect classification. The structure of the dataset facilitates regional generalization and aids in effective 

model training and evaluation. Additionally, the dataset is divided into training and testing sets (80/20)  

for model development. 

 

3.2.  Preprocessing data augmentation 

In this paper, a systematic preprocessing and augmentation method for Arabic speech data was 

developed to balance and enrich the Arabic speech corpus across five dialect groups: Levantine, Gulf,  

Nile Valley, Mesopotamian, and North African. All sound files were downsampled to 16 kHz and  

time-normalized to 8 seconds (128,000 samples) to provide temporal consistency during model training. 

The trimmings were performed at 20 dB, and padding or deletions were employed to maintain 

uniform length. In order to address dataset imbalance and generalization, each dialectal group was balanced to 

800 utterances. When the available recordings were insufficient relative to the target, augmentation was used. 

An augmentation step involved pitch shifting (increasing or decreasing the pitch by 1–2 semitones), 

speed variation (slowing down or speeding up the audio by up to 10%), and amplitude scaling  

(reducing or amplifying the volume by up to 20%), which was applied randomly to generate diverse yet 

realistic speech samples. For example, a file pool of 520 utterances for Levantine required an additional 280 

synthetically generated samples, which is 35% of the group’s data, to achieve the target. This augmentation 

not only balanced group sizes but also expanded acoustic variability, effectively simulating speaker and 

recording diversity. The result was 4,000 processed files using a uniform procedure, that provides a strong 

basis for accent classification with hybrid CNN-BiLSTM-based models. The resulting spectrograms are 

shown in Figure 2 (Spectrograms of Augmented Audio Signals). 
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Figure 1. Distribution of the final Arabic speech dataset among five dialect groups: Levantine, Gulf,  

Nile Valley, Mesopotamian, and North African 

 

 

 
 

Figure 2. Spectrograms of augmented audio signals 

 

 

3.3.  Model architecture 

The proposed architecture includes convolutional and recurrent layers to detect local and sequential 

patterns in the input embeddings. The input of each instance, which is in the form of a sequence of 24-time 

steps with 32-dimensional features, becomes subject to processing by a one-dimensional convolutional block 

in the form of a building block. This convolutional block contains a convolution layer, a normalization layer, 

an activation function, and a pooling layer, which together perform local pattern discovery and reduce data 

length while improving computational efficiency. 
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The resulting feature maps are input into a bidirectional long short-term memory (BiLSTM) 

network that captures long-range dependencies in both directions. By combining the forward and backward 

hidden states, the model creates a 512-dimensional representation of the sequence. This representation is then 

fed into a fully connected feedforward network with ReLU activation, dropout regularization, and an  

output-dimension mapping to its final space. 

To reduce overfitting in predictions and improve generalization, the model uses a label smoothing 

cross-entropy loss. The training process uses adaptive learning-rate scheduling and early stopping to ensure 

robust convergence. 

All in all, CNN-BiLSTM integrates local feature extraction with a sequential modeling approach, 

making it comparable to methods that rely on structured representations and sequence-based classification. 

The model was trained using Adam (lr=1×10⁻³), batch size 32, up to 50 epochs with early stopping 

(patience=5), 128 CNN channels, 256 BiLSTM hidden units, and 0.1 label smoothing. The overall 

architecture is illustrated in Figure 3. 

 

 

 
 

Figure 3. Research model architecture 

 

 

4. RESULTS AND DISCUSSION 

As shown in Figure 4, the confusion matrix shows only a few misclassifications, mostly among 

linguistically similar dialects, indicating the model’s ability to detect subtle linguistic differences.  

Moreover, it also shows that Levantine and Nile Valley dialects are frequently confused with the Gulf dialect, 

with 13 and 11 misclassified samples, respectively, probably due to phonetic similarities across neighboring 

regions. Since the model relies on spectrograms rather than textual data, these errors mainly stem from 

acoustic similarity. Incorporating phoneme-level features or lexical cues in future iterations could help reduce 

these dialect misclassifications. 

The classification report Table 3 confirms the model’s robustness, exhibiting an overall accuracy of 

88%. Both macro- and weighted-averaged metrics for precision, recall, and F1 Score are identical at 0.88. 

The Mesopotamian dialect achieves the highest F1-score of 0.92, reflecting excellent precision (0.93) and 

recall (0.91). Furthermore, the Gulf and North Africa dialects performed strongly, with F1-scores of 0.85 and 

0.88, respectively. 
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Figure 4. Confusion matrix of the dialect classification results 

 

 

Table 3. Classification report showing precision, recall, and F1-scores by dialect 
Classes Precision Recall F1-score Support 

Gulf 0.81 0.90 0.85 159 
Levantine 0.91 0.82 0.86 166 

Mesopotam-ian 0.93 0.91 0.92 164 

Nile_Valley 0.91 0.85 0.88 173 

North_Africa 0.84 0.93 0.88 138 

 

 

Though Levantine recorded a slightly lower recall (0.82), it maintained high precision (0.91), 

indicating that predictions for this class were conservative yet reliable. The Nile Valley dialect showed 

consistent results with an F1-score of 0.88, further confirming balanced performance across classes. 

The learning curves in Figure 5 show smooth convergence, with accuracy steadily improving and 

loss declining throughout training. The close alignment between training and validation trajectories indicates 

the absence of overfitting, thereby validating the stability, reliability, and generalizability of the proposed 

model. 

 

 

 
 

Figure 5. Training and validation loss and accuracy graphs 
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Initially, the systematic augmentation method tackled the problem of uneven class distribution and 

introduced acoustic diversity by simulating the physical differences between speakers. This enabled the model 

to generalize more effectively across dialects rather than overfitting to the most frequent classes. Moreover,  

the hybrid CNN-BiLSTM model was found to be advantageous since it combined the extraction of local 

spectral features with the capacity to capture long-range dependencies between consecutive observations,  

a feature which is important for distinguishing subtle vocal differences in closely related dialects. 

The main reason for the misclassifications in the confusion matrix is the presence of similar terms, 

which shows that the task itself is difficult, rather than pointing to any shortcomings in the methodology. 

Moreover, the stability of the learning curves confirms the robustness of the optimization process and shows 

that there is no overfitting. When compared with previous studies that used shallow classifiers or  

single-stream neural networks, the present experiment achieves a better balance between accuracy and 

generalization. This suggests that CNN-BiLSTM models have promise as a valuable way for future 

development in accent-sensitive Arabic speech technologies. Table 4 demonstrates a comparative summary 

of our method in comparison to existing approaches that also used similar YouTube-based datasets. 
 

 

Table 4. Performance comparison with existing methods 
Study Model Dataset Accuracy (%) 

Alshabanah and 

Annavaram [1] 
A deep learning classification 

model 
Over 66,000 audio files from the YouTube 

ADI-17 MIT dataset 
Achieved 86% accuracy 

in test data 

Keleg et al. [2] 

Machine learning models (K-

Nearest Neighbor (KNN), 

Random Forest (RF), Multi-
Layer Perceptron (MLP), and 

Artificial Neural Networks 

(ANN)) 

The dataset was gathered from YouTube videos 
and audio segments labeled by human experts 

- MFCC features 

KNN: 62%, RF: 60% 
MLP: 33%, ANN: 42% 

 

- TFCC Features 
KNN: 76%, RF: 64% 

MLP: 34%, ANN: 41% 

The proposed 

method 

Hybrid convolutional neural 
network-bidirectional long 

short-term memory (CNN-

BiLSTM) model 

The dataset was collected from various 
YouTube videos and divided into five category 

groups, such as Levantine, Gulf, Nile Valley, 

Mesopotamian, and North African 

Achieved 88% accuracy 

in test data 

 

 

5. CONCLUSION 

The paper shows that the CNN-BiLSTM framework deals with the long-standing problem of 

classifying Arabic dialects, achieving an overall accuracy of 88% and showing consistent performance within 

five dialect groups. What makes the model special is its hybrid architecture, this architecture combining 

convolutional layers that pick out local spectral features with BiLSTM units capable of capturing temporal 

dependencies. It is because of this design that the model is able to effectively tell the difference between 

closely related dialects. Moreover, the structured data augmentation strategy combated the problem of class 

imbalance by introducing acoustic variability, thus improving robustness in real-world situations. 

Even though the dataset has been balanced using augmentation, the YouTube recordings include 

uncontrolled noise and variations between channels, which impede the model's ability to generalize to clear 

speech. The distinction between dialect groups such as Iraqi and Kuwaiti or between Algerian and Moroccan 

still remains unresolved, making it difficult to apply the model to minor dialect differences.  

Moreover, the train-test split was carried out at the sample level, which might result in excessively optimistic 

estimates of accuracy. Future work might study transformer-based audio models such as Whisper and 

Wav2Vec, as well as x-vector embeddings, in order to increase speaker robustness. Moreover,  

the development of multimodal ASR systems that integrate both acoustic and textual cues could also 

contribute to better dialect coverage. 
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