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Abstract: This work is focused on single word Arabic automatic speech recognition (AASR). Two techniques are used during the 
feature extraction phase; Log frequency spectral coefficients (MFSC) and Gammatone-frequency cepstral coefficients (GFCC) 
with their first and second-order derivatives. The convolutional neural network (CNN) is mainly used to execute feature learning 
and classification process. CNN achieved performance enhancement in automatic speech recognition (ASR). Local connectivity, 
weight sharing, and pooling are the crucial properties of CNNs that have the potential to improve ASR. We tested the CNN model 
using an Arabic speech corpus of isolated words. The used corpus is synthetically augmented by applying different transformations 
such as changing the pitch, the speed, the dynamic range, adding noise, and forward and backward shift in time. It was found that 
the maximum accuracy obtained when using GFCC with CNN is 99.77 %. The outcome results of this work are compared to 
previous reports and indicate that CNN achieved better performance in AASR. 

Keywords:  Arabic automatic speech recognition (AASR), Log frequency spectral coefficients (MFSC), gammatone-frequency 
cepstral coefficients (GFCC), convolutional neural network (CNN), isolated words. 

1 INTRODUCTION 

ASR is a basic component of a virtual assistant. It works by processing a human voice and training a system to recognize 
vocabulary in that voice. ASR has many applications ranging from speech-based controls to online gaming to deliver 
commands to IoT devices. In the last five decades, ASR became an active research area. ASR is important for human-
human and human-machine communication [1]. Single-word speech recognition can be used in voice interfaces for 
applications with keyword detection, which can be useful on mobile and embedded devices.  
Some of the most common approaches of ASR systems are hidden Markov models (HMMs) [2], Gaussian mixture model 
HMMs (GMM-HMMs). Alternatively, it is known that the CNN model is a deep learning algorithm that can perform 
complex tasks with images, videos, texts, and sounds that are inspired by the human visual system [3]. CNN's achieved 
great success in image recognition [4], and recently they are widely adopted in ASR systems [5]–[9].  Most leading 
technology companies like Google, Facebook, Microsoft, IBM, Yahoo!, Twitter and Adobe, have initiated research and 
development projects [10]–[13] which employs CNN for image recognition products and services. Different works 
concerning the convolutional neural network (CNN) were found. Haque et al. [14] proposed three convolutional layer 
architecture in which the extracted features from the audio samples are MFCCs. The TIDIGITS corpus was used to 
assess the proposed models. They proved that a three-layer CNN gives the best classification accuracy of 97.46%. An 
end-to-end (E2E) speech recognition model, Jasper, was also reported [15], where the authors used 1D convolutional and 
introduced a new layer-wise optimizer called NovoGrad. The beam-search decoder with an external neural language 
model achieves 2.95 % WER while the greedy decoder achieves 3.86 % on LibriSpeech test-clean. 
Besides, another language was previously applied for the CNN model. Nagajyothi et al. [16] presented an ASR using the 
airport inquiry system for the Telugu language. The raw speech signal was used as input to CNN. The results confirmed 
that the proposed system achieved better performance than the conventional Neural Network Techniques. An isolated 
digits recognition for the Pashto language was developed [17], using deep CNN. The data was collected from 25 male 
and 25 female Pashto native speakers. Each speaker utters digits from zero (Sefar) to nine (Naha), a total of 10 digits 
uttered by 50 speakers. The MFCCs features were extracted from data. The researchers constructed a CNN architecture 
with four hidden layers. The accuracy of recognition for all digits was 84.17 %. 
Rajagede et al. [18] presented a CNN system for speech recognition of Arabic letters. The used dataset is composed of 
ten Arabic letters by which every pair of letters has similarities in sound. The MFSCs are used as input to CNN. They 
proved that CNN with a convolutional layer and one fully-connected layer gives an accuracy of up to 80.75%, which is 
better than the Multilayer Perceptron (MLP) with an accuracy of up to 72.0%. A framework for AASR was presented by 
[19] that uses Long Short-Term Memory (LSTM) and Multi-Layer Perceptron (MLP) classifiers. They used two feature
extraction methods, (1) static and dynamic MFCCs features, and (2) the Filter Banks (FB) coefficients. They tested their
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work on a spoken Arabic digit and a TV command data set. They compared their experiment with some previously 
published approaches and also using different encoders. 
Boussaid and Hassine [20] performed a speaker-dependent ASR model for isolated Arabic words. They used a database 
of 11 standard Arabic isolated words by 10 male and 10 female speakers. Three types of datasets were used for the 
experiments. First corpus: it consists of 10 male and 10 female speakers. Each speaker uttered each word 5 times. Second 
corpus: the database was divided into four subcorpora of five speakers each. Third corpus: the database was also divided 
into two subcorpora. Each corpus contains the speech signal of ten speakers. Three methods were used for feature 
extraction MFCC, PLP, and relative perceptual linear prediction and their first-order temporal derivatives. PCA was 
applied to the extracted features to reduce the dimension of the feature matrix using two different methods. The extracted 
features are fed into a feed-forward backpropagation neural network (FFBPNN) using two learning algorithms; the scaled 
conjugate gradient "Trainscg" and the Levenberg–Marquardt "Trainlm". The hybrid techniques for feature extraction 
from the above-mentioned techniques were used and examined on the two learning algorithms. 
A challenging issue is introduced to recognize three Arabic letters sa (س),  sya (ش), and tsa (ث), which have identical 
pronunciation [21]. These letters were pronounced by Indonesian speakers but had different makhraj in Arabic. He 
extracted 13 MFCC feature vector from the used dataset of size 738 (248 samples of sa (س), 254 samples of sya (ش), and 
236 samples of tsa (ث)). He used the backpropagation ANN model as a classifier with a sigmoid activation function. He 
obtained an accuracy of 92.42 %. The model of LSTM to recognize digits in the Arabic language was designed [22]. The 
MFCC approach was used to extract the distinctive features from the input signals. A dataset of different dialects of 
Arabic digits was used in this case. The dataset of 1040 samples is used, where 840 trained the network and 200 were 
used for testing. After testing this model, the results show that the LSTM model achieved an accuracy of 69% for spoken 
Arabic digits. The highest precision for such a model is 80% for recognizing the zero digit. 
Alalshekmubarak and Smith [23] introduced a noise-robust system using Echo State Networks and Extreme Kernel 
machines, which we call ESNEKM. He examined different feature extraction methods: MFCCs, PLP, and RASTA-PLP. 
They compared his models with the HMM. Such a model was examined with different types and noise levels. The best 
accuracy was obtained when RASTA-PLP combined with ESNEKM. 

2 BACKGROUND 

A. Automatic Speech Recognition

The traditional ASR system has four main elements: signal processing and feature extraction, language model (LM), 
acoustic model (AM), and hypothesis search [1]. Speech recognition can be achieved at a variety of levels of speech 
(Phone/ Phoneme/ grapheme, syllable, word, phrase, etc.). It was found that combining the four components of the ASR 
system into end-to-end (E2E). E2E ASR system is a  dominating topic in the recent research scope [24]–[27] E2E system 
is meant that the four elements could be learned simultaneously that dispose of any intermediate components. Traditional 
ASR systems require separate training of the four components because of the complexity. On the other side, E2E ASR is 
a single integrated approach with a much simpler training pipeline to reduce the decoding time and training time [28]. 

B. The Use of CNN in ASR

The CNN model has four main processes, that is, convolution, non-Linearity (ReLU), pooling, and classification (fully 
connected layer). The convolutional and pooling layers in CNNs are directly inspired by the classic concepts of simple 
cells and complex cells in visual neuroscience  [29]. The convolutional layer uses filters (kernels) that perform 
convolution operations as it is scanning the input image to create a feature map that indicates the presence of detected 
features in the input. For an input image I, the output feature map is estimated as follows [30]: 

𝑿𝑿(𝒌𝒌) = 𝒇𝒇(��𝑾𝑾𝒊𝒊,𝒋𝒋
(𝒌𝒌)𝑰𝑰𝒍𝒍+𝒊𝒊,𝒎𝒎+𝒋𝒋

(𝒌𝒌−𝟏𝟏) + 𝒃𝒃(𝒌𝒌)
𝒏𝒏

𝒊𝒊=𝟎𝟎

𝒏𝒏

𝒊𝒊=𝟎𝟎

)  (1) 

where X(k) is the output of the featured map, 𝑰𝑰𝒍𝒍+𝒊𝒊,𝒎𝒎+𝒋𝒋
(𝒌𝒌−𝟏𝟏)  is the upper layer of the featured map, 𝑾𝑾𝒊𝒊,𝒋𝒋

(𝒌𝒌) is the weight matrix,
and 𝒃𝒃(𝒌𝒌) is the bias.  f, k, and (l, m) are the activation function, the current layer, and the two dimensions of the featured 
graph of the previous layer, respectively. 
The activation function for CNNs is commonly ReLUs. The output dimensions and the input dimensions are the same 
after passing through the ReLU activation layers. The ReLU layer adds non-linearity in the network and provides non-
saturation of gradients for positive inputs [31].  
The pooling process involves a two-dimensional filter sliding over the feature map that decreases the dimensions of each 
feature map but keeps the most powerful features (rotation and position invariants) are unchanged. Thus, it provides 
effective training for the model and decreases the computing power. Also, pooling help to make the representation 
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invariant to small translations of the input. In other words, the values of the outputs from the pooling layer did not change 
[32]. Furthermore, pooling has many approaches; the most commonly used are max-pooling [33], [34], and average 
pooling [35]. In each pooling region, the max-pooling extracts the max activations while the average pooling considered 
all activations averaged [36]. It was found that the fully connected layers of CNN are similar to those layers in classical 
neural networks [37]. A fully connected layer is usually used in the last layers with a softmax function to perform the 
classification tasks [38]. The output is converted in the last layer into a decimal probability distribution over all the 
classes. The output of this layer will be composed as follow [30]: 

𝑭𝑭𝒊𝒊
(𝒌𝒌) = 𝑿𝑿𝒊𝒊

(𝒌𝒌−𝟏𝟏)𝑾𝑾𝒌𝒌 + 𝒃𝒃𝒌𝒌  (𝟐𝟐) 

where both 𝑿𝑿𝒊𝒊
(𝒌𝒌−𝟏𝟏) and 𝑭𝑭𝒊𝒊

(𝒌𝒌)refer to the (k-1)-th layer featured map, and fully-connected layer featured map, respectively.
𝒃𝒃𝒌𝒌 is the offset term. The output layer is depicted by a one-hot vector, which has the dimension of the number of classes. 
The probability of class for the output vector x can be written as [30]:  

𝑷𝑷(𝒚𝒚�) = 𝐦𝐦𝐦𝐦𝐦𝐦�𝑷𝑷(𝒚𝒚𝒊𝒊)�     𝟎𝟎 < 𝒊𝒊 < 𝒌𝒌  (𝟑𝟑) 

 where k is the number of classes, P(yi) is the probability predicted as yi class and 𝑃𝑃(𝑦𝑦�)𝑖𝑖𝑖𝑖 the probability for prediction 𝑦𝑦�. 
The correct prediction result is obtained when 𝑦𝑦� = yi.  
CNNs have four attractive preferences: weight sharing, pooling, local connections, as well as the use of several layers 
[39]. Therefore, CNNs have achieved a remarkable performance in ASR. Weights sharing refers to using the same 
weights within a kernel (filter) for a certain receptive field (a small section of the image) and move it (the same filter) 
through the whole image. In a conventional neural network, each weight element is used once in which it is multiplied by 
one element of the input when computing the output. In a CNN, each component of the kernel is used at every position of 
the input. The weights sharing used by the convolution operation means that we use one set of weights for every location 
[32]. The idea behind sharing the same weights for different locations of the image is to detect the same pattern in 
different locations of the image [39].  This reduces the memory requirements for the model without affecting the runtime 
of forwarding propagation. Thus convolution is more efficient and suitable than dense matrix multiplication in terms of 
memory requirements [32]. For these reasons, CNNs are convenient for images, video, and audio processing.  
Figure 1 depicts the architecture of CNN for speech recognition [36]. By turning the speech signals frequencies into 
images in some manner and then directed to eyes to differentiate. It might be able to understand a larger range of 
frequencies, and therefore we can use CNNs. Speech can be represented as an image presented as frequency vs. time in 
the spectrogram. Spectrogram can be considered as an image, and we can apply CNN on it. 

Figure 1:  CNN architecture for speech recognition [36]  

Speech signals have certain variations caused by the disparity in vocal tract length amongst different speakers. This 
makes the same speech patterns that result from the same speech units to appear in slightly different frequencies 
according to the speaker's vocal tract shape. By applying convolution and pooling along the frequency axis, the resulting 
neural network enjoys more stability against these variations, leading to better performance. Moreover, the convolutional 
layer neurons receive input from local frequency regions. This results in better stability against band-limited noise. 

C. Research Motivation

The Arabic language is one of the most fifth languages in the world because there are about 295 million native Arabic 
speakers  [40].  Besides, it is the official language of the Arab world that consists of 22 countries.  It is morphologically 
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rich and highly ambiguous. The are many colloquial dialects for the Arabic language that differ from region to region 
used in daily communications. These different dialects are different from Modern Standard Arabic (MSA), used in 
newspapers and formal communication. Hence, we chose the Arabic language for this research. The motivation for using 
CNN is due to its achievement in the area of ASR. The use of CNNs is good at handling individual variations in the 
speech signal and improving the speaker invariance of the acoustic model [5].  This work aimed to examine the use of 
CNN for automatic Arabic speech recognition using various feature extraction techniques to improve the performance of 
isolated word AASR. 

3 EXPERIMENT 

Feature extraction phase and CNN model were implemented in python 3.7 using a laptop with NVIDIA GeForce GTX 
1050 GPU in window 10 64 operating system. Librosa version 0.6.3 library [41] and spafe library [42] were used for 
feature extraction and Keras [43] version 2.3.1 with Tensorflow [44] version 2.1.0  backend for CNN implementation. 
The proposed model architecture is illustrated in Fig. 2. First, the speech signal is read and normalized. Then relevant 
features are extracted. The extracted features are passed as inputs to the CNN, which reduces the input vector dimension 
then predicts the word class. 

Figure 2: Block diagram of the proposed model 

A. Corpus

We evaluate our model on the Arabic speech corpus for isolated words, which was conducted at the Department of 
Management Information Systems, King Faisal University. It contains 9,992 utterances of 20 words spoken by 50 native 
male Arabic speakers, as shown in Table 1. The corpus was recorded with a 44100 Hz sampling rate and 16-bit 
resolution [43].  A method of enlarging the dataset is data augmentation [32]. Using data augmentation, meaning 
artificially, creates extra speech signals. We create an additional dataset that contains 9,992 utterances by changing pitch, 
speed, dynamic range, adding noise, and forward and backward shift in time. The new dataset (original & augmented) 
contains 29,972 utterances is divided into two parts: a training set (training and validation) with 80% of the samples 
(23,977 tokens) and the test set with the remaining 20% samples (5,995 tokens). 
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MFSC (log-mel energy 
spectrum) 

Input signal 

Sequence of 
filter energies 

Framing  Windowing STFT 

Mel Filter 
Banks 

Log 

TABLE 1 
 THE USED CORPUS WORDS, THE NUMBER OF UTTERANCES FOR EACH WORD, ITS ENGLISH 

APPROXIMATION, AND ITS TRANSLATION [45]. 

B. Feature Extraction

One of the problems of ASR is the high variance of the speech signal due to many parameters: speaking rates, different 
speakers, contents, and acoustic settings.  So, it is better to extract the deterministic features from the speech to reduce 
variability [46]. In this work, we used Log frequency spectral coefficients (MFSC) and gammatone-frequency cepstral 
coefficients (GFCC) feature extraction techniques.  

1) Log Frequency Spectral Coefficients (MFSC)

The advantage of MFSCs is that they reduce the dimensionality of the STFT spectra and provide a compact set of 
features of speech [5]. The MFSC is represented by log-mel energy spectrum as an input image for the CNN. The N 
MFSC coefficients can be determined by using the formula [45]: 

𝑴𝑴𝑭𝑭𝑴𝑴𝑴𝑴(𝒏𝒏) = 𝐥𝐥𝐥𝐥𝐥𝐥 �� 𝑯𝑯𝒏𝒏(𝑲𝑲) ∗ |𝑭𝑭(𝑲𝑲)|𝟐𝟐
𝑲𝑲

𝒌𝒌=𝟎𝟎
� ,𝒏𝒏 = 𝟏𝟏… .𝑵𝑵   (𝟒𝟒) 

where the |𝑭𝑭(𝑲𝑲)|𝟐𝟐 describes the energy spectrum in the points of kth energy, n is the number of the filter banks, k is the 
point of the FFTs, and  𝑯𝑯𝒏𝒏(𝑲𝑲)  is the mel filter bank. Figure 3 represents the steps involved in MFSC feature extraction. 

Figure 3:  MFSC feature extraction process 

Arabic Translation English Approximation IPA No. of Utterance 
 Zero Safer sˤfr 493 َصفَّرَ 
 One Wahed waːhid 500 واِحد
 Two Ethnan PTna:n 500 اثنَان 
 Three Thlatha θalaːθh 500 ثَالثة 
 Four Arbah ʔrbaʕh 500 أربعَة 
 Five Khamsah xmsat 500 َخمسة 
 Six Setah sitat 500 ِستّة
 Seven Sabah sabʕah 500 َسبعة
 Eight Thamanah θmaːnjh 500 ثََمانِیَة 
 Nine Tesah tisʕah 500 تِسعة

 Activation Al-tansheet aːtan∫ytˤ 500 التنشیط 
 Transfer Al-tahweel a:taħwyl 499 التحویل
 Balance Al-raseed aːrasyd 500 الرصید
 Payment Al-tasdeed aːtasdyd 500 التسدید

 Yes Naam nʕm 500 نَِعمَ 
 No Laa laː 500 ال

 Funding Al-tamueel aːtamwyl 500 التمویل
 Data Al-bayanat aːlbayanaːt 500 البیانات
 Account Al-hesab aːlħisaːb 500 الحساب
 End Enha ʔinhaːʔ 500 انھاء
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 For the CNN model, it is useful and important to recognize the features of the speech waveform and its log-mel energy 
spectra, as displayed in Fig. 4. 

Figure 4: (a) speech waveform (b) log-mel energy spectrogram of speech waveform (c) augmented speech 
waveform (d) log-mel spectrogram of the augmented speech waveform 

2) Gammatone-frequency Cepstral Coefficients (GFCC)
The gammatone filter is motivated to mimic the structure of the peripheral auditory processing stage. The impulse 
response of a gammatone filter is given in eq. 5, which is similar to the magnitude characteristics of a human auditory 
filter [47].  

𝒈𝒈(𝒕𝒕) = 𝒂𝒂𝒕𝒕𝒏𝒏−𝟏𝟏𝒆𝒆−𝟐𝟐𝟐𝟐𝒃𝒃𝒕𝒕 𝐜𝐜𝐥𝐥𝐜𝐜(𝟐𝟐𝟐𝟐𝒇𝒇𝒕𝒕 + 𝝋𝝋)  (𝟓𝟓) 

where f is the central frequency, φ is the phase of the carrier, a is the amplitude, n is the filter's order, b is the filter's 
bandwidth, and t is time. The GFCC computation, shown in Fig 5, starts using a bank of gammatone filters (GT) to 
decompose the input speech signal into the time-frequency domain, followed by a down-sampling operation of the filter-
bank responses along the time dimension. Then a cubic root operation is used to compress the magnitudes of the down-
sampled filter-bank responses. Finally, decorrelation is performed using the discrete cosine transform. The signal and its 
GFCC coefficients are shown in Fig. 6. 

 

Figure 5 GFCC feature extraction process 
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Figure 6: (a) speech waveform (b) GFCCs 

C. CNN Implementation

Our CNN model consists of an input, an output layer, and fourteen hidden layers. Hidden layers include five 
convolutional layers, five pooling layers, one batch normalization, one dropout layer, one dense layer, and a flattened 
layer. The convolutional layers and pooling layers are filter stages that are used to learn features, and it is followed by a 
fully connected layer and a softmax layer for the classification stage. ReLU activation function was used for all 
convolutional and pooling layers except for the fully-connected layer. For the fully connected layer, we used the softmax 
activation function to output probability. The CNN parameters and details of the layers are shown in Table 2. We trained 
our network with Adam as an optimizer and categorical cross-entropy loss function with a batch size of 40 for 200 
epochs. 

TABLE 2  
PARAMETERS USED FOR ALL LAYERS IN THE CNN MODEL (CNN ARCHITECTURE) 

4 RESULTS AND DISCUSSION 

First, all speech signals are normalized, and therefore, each vector dimension has a zero mean and unit variance. Speech 
signals are padded with silence to fit the length of the longest speech signal then generated the features from speech. The 
features coefficients vector was fed as an input to CNN. Features are extracted using the following settings 16000 sample 
rate, the length of FFT and hop size of 512, and 160 samples, respectively, and Hamming window function. The number 
of cepstral coefficients for GFCC was set to 13. For each frame 13 GTCC was extracted with their first and second-order 
derivatives. A vector of size (39,187) is obtained. For MFSC, 128-bands log-mel-spectrograms are computed, generating 
a vector of size (128,187). 
The first CNN layer performs a convolutional over the input feature vector with 32 ReLU kernels of 3x3 receptive fields 
and stride of 1 in both dimensions. The obtained feature maps are then downsampled with a 2 x 2 max-pooling layer and 
followed by a batch normalization layer, which reduces the covariant shift by normalizing the input of each intermediate 
activation layer. Then the other five convolutional and max-pooling layers are used, followed by a flatten layer, dense 
layer with 128 nodes, and dropout layer with a probability of retention p = 0.25. Finally, the classification involves 20 
classes. The last is a softmax layer composed of 20 fully-connected neurons. Table 3 shows the results for a series of 
recognition experiments to determine the effect of different feature extraction techniques. As observed from the results 
that the two feature extraction techniques give good results with CNN, but as shown GFCC gives the highest accuracy.  
For the test set data, the classes are compared to each other using the confusion matrix in Fig 9. The number of correct 
and incorrect predictions are collected with count values. Besides, Table 4 presented the precision, recall, and F1-score, 
which showed the quality of predictions of the proposed model. F1 is given as: 

Layer No. of filters Filter size No. of Nodes Dropout Activation 
Conv2D x 5 32 (3, 3) 

Max_pooling x 5 (2, 2) 
Activation x 5   relu 

Batch_normalization x 1 
Flatten x 1 
Dense x 1 128 

Dropout x 1 0.25 
Output 20     softmax 
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𝑭𝑭𝟏𝟏 = 𝟐𝟐𝟐𝟐
𝑷𝑷𝑷𝑷𝒆𝒆𝑷𝑷𝒊𝒊𝑷𝑷𝒊𝒊𝑷𝑷𝒏𝒏 𝟐𝟐 𝑷𝑷𝒆𝒆𝑷𝑷𝒂𝒂𝒍𝒍𝒍𝒍
𝑷𝑷𝑷𝑷𝒆𝒆𝑷𝑷𝒊𝒊𝑷𝑷𝒊𝒊𝑷𝑷𝒏𝒏 + 𝑹𝑹𝒆𝒆𝑷𝑷𝒂𝒂𝒍𝒍𝒍𝒍

 (𝟔𝟔) 

Precision is defined as: 

𝑷𝑷𝑷𝑷𝒆𝒆𝑷𝑷𝒊𝒊𝑷𝑷𝒊𝒊𝑷𝑷𝒏𝒏 =
𝑻𝑻𝑷𝑷𝑻𝑻𝒆𝒆 𝑷𝑷𝑷𝑷𝑷𝑷𝒊𝒊𝒕𝒕𝒊𝒊𝑷𝑷𝒆𝒆

𝑻𝑻𝑷𝑷𝑻𝑻𝒆𝒆 𝑷𝑷𝑷𝑷𝑷𝑷𝒊𝒊𝒕𝒕𝒊𝒊𝑷𝑷𝒆𝒆 + 𝑭𝑭𝒂𝒂𝒍𝒍𝑷𝑷𝒆𝒆 𝑷𝑷𝑷𝑷𝑷𝑷𝒊𝒊𝒕𝒕𝒊𝒊𝑷𝑷𝒆𝒆
 (𝟕𝟕) 

And recall is defined as: 

𝑹𝑹𝒆𝒆𝑷𝑷𝒂𝒂𝒍𝒍𝒍𝒍 =
𝑻𝑻𝑷𝑷𝑻𝑻𝒆𝒆 𝑷𝑷𝑷𝑷𝑷𝑷𝒊𝒊𝒕𝒕𝒊𝒊𝑷𝑷𝒆𝒆

𝑻𝑻𝑷𝑷𝑻𝑻𝒆𝒆 𝑷𝑷𝑷𝑷𝑷𝑷𝒊𝒊𝒕𝒕𝒊𝒊𝑷𝑷𝒆𝒆 + 𝑭𝑭𝒂𝒂𝒍𝒍𝑷𝑷𝒆𝒆 𝑵𝑵𝒆𝒆𝒈𝒈𝒂𝒂𝒕𝒕𝒊𝒊𝑷𝑷𝒆𝒆
 (𝟖𝟖) 

It would be better to compare the results of the model that we used with those of previous reports [18], [22], [23] (see 
Table 5).  

TABLE 3 
 DATA FOR TRAINING AND TESTING ACCURACY. 

Features Training 
accuracy 

Training 
loss 

Validation 
accuracy 

Validation 
loss 

Test 
accuracy 

Test 
loss 

MFSE 99.91 0.0653 99.95 0.0552 99.22 0.076 
GFCC 99.94 0.0509 99.78 0.0547 99.77 0.0540 

Figure 9: Confusion matrix of the proposed model using GFCC features 
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TABLE 4 
 CLASSIFICATION REPORT SHOWING CLASS-WISE PRECISION, RECALL, AND F1-SCORE OF THE 

PROPOSED MODEL USING GFCC FEATURES. 

TABLE 5 
 COMPARISON BETWEEN THE RECOGNITION ACCURACY OBTAINED BY OUR MODEL AND THE 

RESULTS OBTAINED RESULTS IN [18], [22], [23] 

5 CONCLUSION 

In this work, we implemented a robust speaker-independent automatic Arabic speech recognition model based on a 
convolutional neural network to recognize Arabic words. CNNs have considerable advantages in acoustic modeling. The 
problem of small dataset size was solved by using data augmentation. We compared several feature extraction 
techniques. The suggested model was evaluated on Arabic speech corpus for isolated words. It was shown that GFCC 
performed the best recognition accuracy compared to other feature extraction techniques. The proposed model showed 
efficient results and improved performance compared to the results obtained in previous works.  
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 صوات العربي أللتصمیم نظام للتعرف علي ا ستخدام الشبكة العصبیة التالفیفیة إ
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ملخص
ا تم  أل ركز ھذا العمل على التعرف علي  باستخدام كلمات منفصلة.  تقنیات مختلفة أثناءإصوات العربي   MFSC  ستخراج خصائص الصوت مثلإ ستخدام 

 ،GFCC   شبكة العصبیة التالفیفیةتُستخدم    .بمشتقاتھا من الدرجة األولى والثانیة أداًء جید في    CNN ألداء تعلم المیزات والتصنیف. حققت (CNN) ال
الكالم على  التلقائي  المحلياإلعد  ی (ASR).  التعرف  لشبكات  تصال  الرئیسیة  الخصائص  من  والتجمیع  الوزن  على    CNN ومشاركة  القدرة  لدیھا  التي 

تم     ASR .تحسین قاعدة البیانات لبعض مقاطع اللغة العربیة. CNN نموذجار  اختبلقد  تطبیق بعض    علي  قاعدة البیانات المستخدمة من خالل  تم تعزیر 
مثل   الضوضاءالتحویالت  وإضافة  الدینامیكي  والنطاق  والسرعة  الصوت  المقاطع  تغییر درجة  عند    .علي  علیھا  الحصول  تم  دقة  أقصى  أن  ستخدام إ وجد 

GFCC   معCNN  شبكة  لوحظ أنالسابقة و  بحاثنتائج األتم مقارنة نتائج ھذا العمل ب ٪. 99.77ھيCNN    حققت أداًء أفضل فيASR . 

الكلمات المفتاحیة  

شبكة العصبیة التالفیفی ، MFSC  ،GFCC ، التعرف التلقائي علي الكالم العربي  منفصلة   كلمات، ةال
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