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Abstract

Speech recognition systems play an important role in human-machine interactions.
Many systems exist for Arabic speech with modern standard Arabic (MSA), how-
ever, there are limited systems for dialectal Arabic speech. Arabic language has a
set of sound letters called diacritics, these diacritics play an essential role in the
meaning of words and their articulations. The change in some diacritics leads to
a change in the context of the sentence. However, the existence of these letters in
the corpus transcription affects the accuracy of speech recognition. In addition, the
Arabic language comprises many properties, some of which are ideal for building
automatic speech recognition systems such as syntax and phonology, while other
properties are unsuitable for developing speech systems. Importantly, most data
are in non-diacritized form, vary in dialect, and contain morphological complexity.
Moreover, the Arabic dialects lack a standard structure. Arabic automatic speech
recognition (ASR) methods with diacritics have the ability to be integrated with
other systems better than Arabic ASR methods without diacritics. There are two
approaches for automatic speech recognition including: i) traditional ASR based on
traditional methods; ii) end-to-end ASR based on deep learning methods. In this
thesis, we employed a high performance multi Arabic speech recognition system us-
ing conventional ASR and end-to-end ASR approaches. We present different Arabic
ASR systems for diacritized MSA, non-diacritized modern standard Arabic (MSA),
dialectal Arabic. This thesis comprises conventional Arabic ASR and end-to-end
Arabic ASR approaches as follows:

Conventional Arabic ASR: in this approach, our overall system is a combina-
tion of seven acoustic models based on Gaussian mixture model (GMM), subspace
GMM (SGMM), and deep neural network (DNN) for diacritized Arabic. Acous-
tic features are created using Mel-Frequency cepstral coefficients (MFCC) which
is adapted based on linear discriminative analysis (LDA) method. This acoustic
features is used to train and evaluate all models. After GMM model training, it
is adapted using two adaptation techniques namely maximum mutual information
(MMI) and minimum phone error (MPE) to build new models based on main acous-
tic and GMM features. Then, SGMM is trained based on main acoustic and GMM
features. We used one adaptation technique namely boosted MMI (bMMI) to adapt
SGMM model in order to produce a new model. Finally, we employ DNN mod-
els based on main acoustic and GMM features. After DNN model training, it is

adapted using one MPE technique to build a new model.



End-to-end Arabic ASR: in this approach, the application of state-of-the-art
end-to-end deep learning approaches are investigated to build robust Arabic ASR
systems for diacritized MSA, non-diacritized MSA, and dialectal Arabic. This ap-
proach includes two systems namely: i) end-to-end Arabic ASR based encoder-
decoder which is state-of-the-art for only diacritized MSA; ii) end-to-end Arabic
ASR based on CNN-LSTM with attention-based model, which is state-of-the-art for
Arabic and dialectal Arabic ASR. Acoustic features are built based on the MFCC
and the log Mel-Scale Filter Bank energies. In end-to-end Arabic ASR based on
encoder-decoder, we propose bidirectional long short term memory (BLSTM) and
joint connectionist temporal classification (CTC) with attention-based models for
an encoder-decoder model. BLSTM is used as an encoder for network training, joint
CTC with attention-based models are used as adaptation processes to enhance per-
formance, and BLSTM and joint CTC with attention-based models as decoder for
the recognition process. In addition, we build an n-gram Language model (LM)
based recurrent neural network (RNN). The decoder is integrated with language
model to perform the recognition process. While in the second type of end-to-end
ASR, we propose a hybrid model based on convolutional neural network (CNN)
and long short term memory (LSTM) models for network training and LSTM with
attention-based model are used as decoder for the decoding process. In addition,
a word-based language model (LM) is employed as an external LM to achieve bet-
ter performance and accuracy based on RNN and LSTM. The decoder depends on
the trained external LM to improve and enhance the end-to-end ASR performance.
The external LM is utilized to enhance the performance of the end-to-end ASR. We
employ four acoustic models for diacritized MSA, non-diacritized MSA, augmented
non-diacritized MSA, and dialectal Arabic. These acoustic models are built and
evaluated separately. Furthermore, there is no prior research that employed data
augmentation for CNN-LSTM and attention-based models in Arabic ASR systems.
Thus, Data augmentation is applied on the original corpus for increasing training
data by applying noise adaptation, pitch-shifting, and speed transformation. This
system is considered a multi Arabic ASR system.

To train and evaluate all models, we use the standard Arabic single speaker corpus
(SASSC) as MSA data and the third multi-genre broadcast (MGB-3) as dialectal
Arabic data. We report word error rate (WER) for all systems. Conventional Ara-
bic ASR is evaluated based on diacritized SASSC and achieved 33.72% as the best
WER. End-to-end Arabic ASR based on encoder-decoder is also evaluated based



vi

on diacritized SASSC with 31.10% as WER. The Joint CTC-attention ASR frame-
work reduced WER by 2.62% over conventional Arabic ASR. CNN-LSTM with an
attention framework is achieved 28.48%, 14.96%, 10.41%, and 62.02% WER based
on diacritized SASSC, non-diacritized SASSC, augmented non-diacritized SASSC,
and dialectal MGB-3, respectively. The CNN-LSTM with an attention framework
could achieve a WER better than conventional ASR and the Joint CTC-attention
ASR by 5.24% and 2.62%, respectively. In addition, WER for non-diacritized data
is significantly improved when compared to diacritized data. The achieved average
reduction in WER is 13.52%. Results also show that applying data augmentation
improved word error rate (WER) when compared with the same approach without

data augmentation. The achieved average reduction in WER is 4.55%.
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