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ABSTRACT 

Speech recognition is an interdisciplinary subfield of natural language processing (NLP) that 

facilitates the recognition and translation of spoken language into text by machine. Speech 

recognition plays an important role in digital transformation. It is widely used in different areas 

such as education, industry, and healthcare and has recently been used in many Internet of 

Things and Machine Learning applications. The process of speech recognition is one of the 

most difficult processes in computer science. Despite numerous searches in this domain, an 

optimal method for speech recognition has not yet been found. This is due to the fact that there 

are many attributes that characterize natural languages and every language has its particular 

highlights. The aim of this research is to provide a comprehensive understanding of the various 

techniques within the domain of Speech Recognition through a systematic literature review of 

the existing work. We will introduce the most significant and relevant techniques that may 

provide some directions in the future research. 

Key words: Automatic Speech Recognition (ASR), End-to-End Systems, Hybrid Systems, 

Low Resource Language. 
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INTRODUCTION 

Speech recognition is an interdisciplinary subfield of natural language processing (NLP) that 

enables the recognition and translation of spoken language into text by machine (Yu and Deng, 

2016). It is considered as an important bridge in fostering better human–human and human–

machine communication. The architecture of Automatic Speech Recognition (ASR) system 

(Yu and Deng, 2016) is composed by four main components: Signal processing and feature 

extraction, acoustic model (AM), language model (LM), and hypothesis search. The signal 

processing and feature extraction component takes as input the audio signal and converts it 

from time-domain to frequency-domain suitable for the acoustic models. The acoustic model 

takes as input the features generated from the feature extraction component, and generates an 

AM score for the variable-length feature sequence. The language model encodes prior 

information about the words that are likely to be spoken and takes the form of frequency 

distributions for types of words that indirectly encode syntax, semantics and pragmatics. On 

the other hand, the hypothesis search includes a combination of the AM, LM, and lexicon to 

decode the signal. The decoding process entails a search through alternative transcriptions of 

the signal in order to locate the most likely transcription. The major issue of the ASR system 

is to adjust to the variability of the speech signal (Juang, 1991). The issue arises due to 

linguistic, speaker and channel variability, which includes various attributes such as: phonetics, 

adverse environment conditions (clean, noisy); speaker attributes such as: age, gender, accents, 

speed of utterance, dialects; training process and voice recording device. An efficient ASR 

system must be able to identify all such types of factors to produce the text corresponding to 

input signal. In addition, the corpus, which requires special focus, plays an important role in 

the success of ASR systems. In this paper, a systematic literature review of the existing 

literature has been presented with the aim of understanding various techniques within the 

domain of Speech Recognition, which may provide some direction in the future research.  

 

METHODOLOGY 

This paper provides a systematic literature review procedure as described by Kitchenham et al. 

(2009) and Brereton et al. (2007) on approaches and techniques of Speech Recognition. This 

study introduces the most significant and relevant techniques about speech recognition that 

may provide some direction of how the architecture of this system should be designed. Because 

the investigated subject is very extensive, it is impossible to describe all relevant topics. Hence, 
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some related subjects will be briefly mentioned. Based on the search carried out through 

Google Scholar, IEEE Xplore, ACM, Springer and Elsevier database, we have selected the 

most relevant and cited articles that describe these technologies. Referring to the keywords, 

title and content of articles, we have divided them into three sections: Hybrid Speech 

Recognition Systems; End-to-End Speech Recognition Systems and Speech Recognition 

Systems for Low Resource Languages. Referring to the advantages and disadvantages of each 

technology, we give some recommendations for future research. 

 

SPEECH RECOGNITION SYSTEM 

 

A. HYBRID SPEECH RECOGNITION SYSTEMS 

A hybrid speech recognition system consists of the combination of Hidden Markov Models 

(HMMs), Gaussian Mixture Model (GMMs) with different types Neural Networks (NNs) 

including Deep Learning in order to take the advantages of each technique to improve speech 

recognition. The combination of deep neural networks DNNs and HMMs is one of the 

paradigms for ASR that takes advantage of DNN’s strong representation learning power and 

HMM’s sequential modeling ability (Yu and Deng,2015). This paradigm is called DNN-HMM 

hybrid system. In this paradigm, the dynamics of the speech signal is modeled with HMMs and 

the observation probabilities are estimated through DNNs. Each output neuron of the DNN is 

trained to estimate the posterior probability of continuous density HMMs’ state given the 

acoustic observations. Fig.1 shows the architecture of this framework. 

 

Figure 1. Architecture of the DNN-HMM hybrid system (Yu and Deng, 2015) 
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The HMM designs the sequential property of the speech signal, and the DNN designs the scaled 

observation likelihood of all the senones. This framework has two main advantages: training 

can be performed using the Viterbi algorithm, which finds the path that maximizes the 

possibility of observation between the values of HMM expressed in matrix form and decoding 

is generally too efficient. Shahin et al. (2014) performed a comparison of GMM-HMM and 

DNN-HMM based pronunciation verification techniques, where it turns out that the hybrid 

DNN-HMM outperforms the conventional GMM-HMM for all experiments on both normal 

and disordered speech. The DNN-HMM represents accuracy above 85% when used with 

disordered speech. Another comparison between hybrid GMM-HMM model and DNN-HMM 

for the GlobalPhone (GP) multilingual text and speech database is presented by Tachbelie et 

al. (2020). Based on experiment results, the hybrid DNN-HMM frameworks outperform the 

GMM-HMM based frameworks regardless of the size of the training speech used. Overall, the 

achieved relative improvement ranges from 7.14% to 59.43%. Kadyan and Kaur (2020) 

presented a hybrid SGMM-HMM framework for acoustic modeling, which is compared with 

baseline GMM-HMM techniques. Fig.2 shows the architecture of the SGMM-HMM 

framework. 

 

Figure 2. Workflow of SGMM-HMM-based Punjabi ASR system (Kadyan and Kaur, 2020) 

 

First, GFCC and MFCC feature vectors (Wu and Cao, 2005) are extracted; then, these features 

are used to train on context-dependent (triphone) and context-independent (monophone) state 

with the help of provided acoustic observations. Initially, monophone state is trained to train 

the triphone state that helps in training the GMM-HMM model. This information state is further 

employed by the SGMM- HMM approach. The proposed system is evaluated on medium 

vocabulary Punjabi language. The clean data is initially used for training and testing of the 
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proposed system with two hybrid classifiers SGMM-HMM and GMM-HMM. The system 

testing is performed with the help of two front-end approaches (MFCC and GFCC). Based on 

the obtained experiment results, the SGMM-HMM framework generates an improvement of 

3–4% over the GMM-HMM approach. Another framework in this domain is presented by Dahl 

(2011) called Context-Dependent Pre-Trained Deep Neural Networks (CD- DNN-HMM). This 

framework is considered an improvement of CD-GMM-HMM hybrid system (Li and Deng, 

2014). It is a robust and often helpful way to initialize deep neural networks generatively that 

can aid in optimization and reduce generalization errors. This framework is used for large-

vocabulary speech recognition (LVSR) and offers better results compared to CD-GMM-HMM 

in the aspect of recognition accuracy, but training CD-DNN-HMMs is quite expensive 

compared to training CD-GMM- HMMs. This is mainly because the CD-DNN-HMM 'training 

algorithms are not easy to parallelize across computers and need to be carried out on a single 

GPU machine. CD-DNN-HMMs can be trained using the embedded Viterbi algorithm. One of 

the problems with CD-DNN-HMM and DNN-HMM systems is that they work with a limited 

vocabulary in the presence of noises. Tsunoo et al. (2019) proposed a method of end-to-end 

(E2E) adaptation, which adjusts the acoustic model (AM) and weighted finite-state transducer 

(WFST) (Allauzen et al., 2007). This framework converts a pre-trained WFST to a trainable 

neural network and adapts the system to the target environments/vocabulary by E2E joint 

retraining with the pre-trained AM. The training is done by combining the Viterbi decoding 

with a neural network module, based on a WFST as a joint E2E system that is to be optimized. 

Each AM posterior is mapped to WFST states associated with the posterior by a sparse affine 

transformation. Although this framework simplifies training and decoding pipelines, a unified 

model is hard to adapt when mismatch exists between training and test data. To solve this issue, 

Chen et al. (2019) proposed a class-based language model (CLM) (Kneser and Ney, 1993) that 

populates the classes with context-dependent information in real-time as well as a token passing 

decoder with efficient token recombination for E2E systems (Hall et al., 2015). Wang et al. 

(2020), proposed a low-latency end-to-end speech recognition framework, which consists of a 

Scout Network and a recognition network. The Scout Network can be implemented using any 

type of neural networks and aims to perform word boundary detection. The recognition 

network predicts the next sub word by utilizing the information from all the frames before the 

predicted boundary. In large vocabulary continuous speech recognition (LVCSR), it is difficult 

to construct language models that can capture the longer context information of words and 

ensure generalization and adaptation ability. To solve this issue, Sun and Chol (2020), proposed 



SEEU Review Volume 15 Issue 2 

91 

 

an approach that combines longer context information of recurrent neural networks (RNN) with 

adaptation ability of subspace Gaussian mixture model (SGMM). This approach is based on 

Tandem system (Hermansky et al., 2000). The Tandem system augments the input to a GMM-

HMM system with features derived from the suitably transformed output of one or more neural 

networks. The Tandem features are typically trained to produce distributions over monophone 

targets to control the dimension of the augmented feature. SGMMs represent compactly 

featured space using few parameters and train sufficiently using small amounts of training data. 

To obtain the history feature vectors of a word with longer context information Recurrent 

Neural Networks (RNNs) are used. RNNs do not limit the size of the context. The context 

information can be reserved inside the network by RNN connections and the hidden states of 

RNNs depend on the entire input history. This approach exploits longer context information 

between words and allows task adaptation to a specific domain. Xu et al. (2019) proposed 

another DNN-HMM Hybrid System. This approach presents a semi-supervised training (SST) 

method based on features derived from a bottleneck hidden layer (Yu and Seltzer, 2011), which 

has a smaller size than that of other layers, instead of using the neural network outputs directly. 

The bottleneck layer creates a constriction in the network and forces the information pertinent 

to classification into a low-dimensional representation. This provides flexibility in choosing 

the training targets and the size of the augmented feature. Tanaka et al. (2019) presented a joint 

end-to-end and deep neural network hidden Markov model (DNN-HMM) hybrid automatic 

speech recognition (ASR) systems that share network components. In this approach, 

continuous vectors extracted by the part of DNN acoustic model are utilized as auxiliary 

features for the end-to-end ASR system, in order to improve the accuracy of ASR. Figure 3 

shows the ASR procedure of joint end-to-end and DNN-HMM hybrid ASR systems. The ASR 

score of joint systems is calculated by linear interpolation with log probabilities calculated from 

the DNN-HMM hybrid system and end-to-end ASR system. The encoder-decoder models 

utilize internal outputs of DNN acoustic models, with bottleneck features being some of them 

(Yu and Seltzer, 2011). 
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Figure 3. ASR procedure of joint end-to-end and DNN-HMM hybrid ASR systems (Tanaka et al., 

2019) 

 

The internal layer constructs a compressed continuous representation of the task-related 

information through the bottleneck. End-to-end system is trained with 40 mel-scale filter-bank 

features, delta and delta-delta features and the AdaDelta algorithm is used (Zeiler, 2012), to 

optimize the model parameters. As an acoustic model the convolutional neural network (CNN)-

LSTM is used (Tsoi, 2006) in the DNN-HMM hybrid ASR system. The LSTM output is fed 

from the softmax layer. While the DNN-HMM hybrid ASR system includes a WFST based 

decoder (Hori et al., 2007). In the joint DNN-HMM hybrid ASR systems, the hyper- parameters 

of end-to-end and DNN-HMM hybrid systems are the same as shown in fig 3. The internal 

outputs of LSTM in the acoustic model are used as the input features of the encoder-decoder 

network. Based on experiment results, it is concluded that the shared network helps the end-

to-end ASR system to predict characters more accurately. 

 

B. END-TO-END SPEECH RECOGNITION SYSTEMS  

A highly cited study in this domain has been conducted by Chiu et al. (2018). In this study, a 

speech-recognition with sequence-to-sequence framework is proposed. This framework is 

based on Listen, Attend, and Spell (LAS) model (Chan et al., 2016), which is a neural network 

that learns to transcribe speech utterances to characters. This model learns all the components 

of a speech recognizer jointly. Fig. 4 shows the components of this framework. 
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Figure 4. Components of the LAS end-to-end model (Chiu et al.,2018) 

 

The encoder takes the input features and maps them to a higher-level feature representation. 

The attender determines which encoder features should be attended to in order to predict the 

next output symbol. Moreover, the speller produces a probability distribution over the current 

sub-word unit. To improve performance, this framework uses the sub-word units as a word-

piece model, ranging from graphemes all the way up to entire words (Schuster and Nakajima, 

2012). The word pieces are “position-dependent”, and are segmented deterministically and 

independently of context using a greedy algorithm (Wu et al., 2016). To reduce noise the multi-

head attention (MHA) approach is used (Vaswani et al., 2017), which includes multiple heads, 

where each head can generate a different attention distribution. Despite the accuracy and 

performance that this framework has, overfitting remains one of the main challenges. Nguyen 

et al. (2020), proposed a solution that overcomes this problem. This solution consists of 

increasing the amount of available training data and the variety exhibited by training data with 

the help of data augmentation (Park et al., 2019). This approach is applied directly to the feature 

inputs of a neural network and consists of warping the features, masking blocks of frequency 

channels, and masking blocks of time steps. Authors have proposed two data augmentation 

methods. In the first model, before the LSTM layers in the encoder, a two-layer Convolutional 

Neural Network (CNN) with 32 channels is placed. While in the decoder, two layers of 

unidirectional LSTMs as language modeling for the sequence of sub-word units and the 

approach of Scaled Dot-Product (SDP) Attention are adopted (Vaswani et al., 2017), to 

generate context vectors from the hidden states of the two LSTM networks. Also, a simpler 

recurrent function in the decoder and an attention module are adopted (Weng et al., 2018). The 

adopted attention function learns an additional linear transformation for each input parameter 

and uses the multi-head mechanism together with Dropout and Layer-Norm for efficiently 

learning content-based attention (Vaswani et al., 2017). In the second model, LSTM is replaced 
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with deep self-attention layers in both the encoder and decoder (Pham et al., 2019); however, 

in order to target the sequences, the BPE sub-word unit is used (Xu et al., 2019). The Deep 

Self-Attention framework is composed by an encoder, which uses the source sequence as input 

and then generates a high-level representation, and a decoder, which generates the target 

sequence. The decoder models the data as a language model. Both the encoder and decoder 

contain self-attentional sub-layers coupled with feed-forward neural networks and require 

neural components that should be able to learn the relationship between the time steps in the 

input and output sequence. To adapt the encoder to long speech utterances, the consecutive 

frames are grouped into one step (Sperber et al., 2018). After this, the input features are 

combined with sinusoidal positional encoding (Vaswani et al., 2017). This framework 

compared to previously proposed RNNs and CNNs networks has the advantage of parallelizing 

the layers over both mini-batch and time dimensions of the input and provides depth 

configurations to be trainable, by increasing performance. Liu et al. (2020), proposed another 

sequence-to-sequence recognition system, which is based on word embedding regularization 

(WER) approach (Unanue et al..2019) and fused decoding (Toshniwal et al..2018). It allows 

the decoder to consider the semantic consistency during decoding by absorbing the information 

carried by the transformed decoder feature. The pre-trained word embedding can serve as an 

additional target for sequence-to-sequence ASR regularization whereas, fused decoding 

mechanism utilizes the word embedding during decoding. This framework can significantly 

reduce ASR recognition error and has a negligible cost. Recently, multitask and transfer 

learning have found a widespread use in this domain. Multitask learning (Caruana,1997) is a 

machine learning technique that aims at improving the generalization performance of a learning 

task by jointly learning multiple-related tasks whereas, transfer learning (Pan and Yang,2010) 

aims at developing a reasonably performed system for a new task by retaining and leveraging 

the knowledge learned from one or more similar tasks. Inaguma et al. (2019) proposed a 

framework that uses an external language model (LM) under the transfer learning. First, a 

language-independent ASR system is built over an attention-based sequence-to-sequence 

framework (Bahdanau et al.,2015), which can learn soft alignments between input and output 

sequences of variable lengths. In order to effectively incorporate linguistic context of the target 

language LM fusion transfer is performed, where an external LM is integrated into the decoder 

network (Bahdanau et al.,2015). Authors have proposed three type of LM fusion: Shallow 

fusion (Zeyer et al.,2018) which uses the external LM only in the inference stage; Cold fusion 

(Sriram et al.,2018) uses the pre-trained LM during training of the S2S model to provide 
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effective linguistic context and Deep fusion (Gulcehre et al.,2015) is used only for fine-tuning 

the gating part after parameters of both the pre-trained S2Smodel and RNNLM are frozen. This 

framework drastically reduces the performance gap from the hybrid systems. Denisov and 

Thang (2019), proposed a framework based on end-to-end automatic speech recognition (ASR) 

using Speaker Embedding and Transfer Learning. This framework is composed by two separate 

neural network models, the speaker embedding and the end-to-end ASR. The End-to-end ASR 

is based on a hybrid CTC/attention architecture (Watanabe et al.,2017), which takes as input 

the acoustic features of overlapped speech with speaker embedding vector of the target speaker 

and generates transcription of the target speaker’s speech. This is used to update the parameters 

of end-to-end ASR model during the training or provided as the final output during the 

decoding. Whereas, speaker embedding is a fix dimensionality vector that represents speaker’s 

features and is extracted from a reference recording of speaker’s speech (Jia et al.,2018). 

Transfer (Seki et al.,2018) and Multi-condition training (Heigold et al.,2013) approaches are 

proposed to improve overlapped speech recognition. Based on experiment, it is concluded that 

the application of transfer learning plays a crucial role in the increasing number of speakers, as 

well as, significantly improves the performance of the system. Kubo and Bacchiani (2020), 

proposed an end-to-end speech recognition framework that uses multitask learning to improve 

generalization of the model by leveraging information from multiple labels. The multi-task 

learning model consists in simultaneous signal-to-grapheme and signal-to-phoneme 

conversions by sharing the encoder parameters. Differently from conventional multi-task 

learning systems, where the phonemes and grapheme sequences are independent, the proposed 

approach consists by a joint model based on iterative refinement approach (Lee et al.,2018), 

where dependency modeling is achieved by a multi-pass strategy. The iterative refinement 

approach going beyond multi-task models by using noisy hypotheses as a latent variable. Fig. 

5 shows the block diagram of multi-sequence iterative refinement network. 

 

Figure 5. Block diagram of multi-sequence iterative refinement network (Kubo and Bacchiani,2020) 



SEEU Review Volume 15 Issue 2 

96 

 

The encoder-decoder architecture has three encoders for handling three kinds of inputs: the 

acoustic feature sequence Xn and the latent variables Z for phoneme, the grapheme sequences 

and the auto-regressive recurrent neural net (RNN) decoders (Lee et al.,2018). The training of 

iterative refinement models is performed with supervision over the latent variable, because of 

the latent variables that are designed to be hypotheses of a phoneme and grapheme sequence, 

for which label information is supervised. With this supervised label information, every 

refinement block is trained to minimize the cross-entropy between the correct label distribution 

and the model prediction. The decoding process is considered as a multi-pass decoding 

technique based on Deliberation Networks (Xia et al.,2017). This approach is beneficial for 

improving the performance of attention-based end-to-end speech recognition. 

 

C. ASR SYSTEMS FOR LOW RESOURCE LANGUAGE  

 Transfer learning is a very usable technique in low resource language recently, that generalizes 

models trained from a high to a low resource language (Wang and Zheng,2015). In speech 

recognition, an acoustic model trained for one high resource language can be used to recognize 

speech in a low resource language, with little or no re-training data.( Yu et al, 2019), proposed 

an end- to-end speech recognition framework based on transfer learning for the Low-Resource 

Tujia Language. This framework uses Chinese corpus as an extension of the Tujia language, 

to solve the problem of insufficient corpus in the Tujia language, constructing a cross-language 

corpus and an international phonetic alphabet (IPA) dictionary that is unified between the 

Chinese and Tujia languages. The scheme of proposed model is shown in fig.6. First, the Tujia 

language database, the extended Chinese corpus and the cross-language corpus are established 

through data preprocessing. Then, the extraction of the cross-language acoustic features, train 

shared hidden layer weights for the Tujia language and Chinese phonetic corpus are done by 

the convolutional neural network (CNN) (Ozeki and Okatani,2014), and bi-directional long 

short-term memory (BiLSTM) network connect in cascade with CTC networks (Zeghidour et8 

al.,2018)., This framework adopts a baseline model based on Improved Deep Speech, 8in order 

to solve the problem of the low resources of the Tujia language and establish a bette8r speech 

recognition model (IDS) (Bai et al.,2015). During the training phase the input of 8the model is 

the spectrum of the Tujia language and Chinese phonetics. After the multi- layer convolutional 

layer is extracted, it enters the multi-layer BiLSTM, which completes the cross- language 

acoustic feature extraction and the shared hidden layer weight learning. The transfer learning 
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is used to establish the model of the cross-language end-to-end Tujia language recognition 

system. This framework significantly reduces recognition error rate. 

 

Figure 6. Model scheme (Yu et al., 2019) 

 

Abad et al. (2020), proposed another framework based on transfer learning for low resource 

language. This framework uses a multi-lingual model in which several DNN layers are shared 

between languages. This architecture enables domain adaptation transforms learned for one 

well-resourced language to be applied to an entirely different low resource language. The 

training process is based on Multi-task learning referring as simultaneously learning multiple 

tasks from a single data set that contains annotations for different tasks. This approach exploits 

well-resource language data for improved acoustic modeling of the low-resource target domain 

improving the performance. Hsu et al. (2019), proposed the application of meta learning 

approach for low-resource automatic speech recognition (ASR). The aim of meta learning is to 

solve the problem of “fast adaptation on unseen data”, which is aligned with low-resource 

setting (Rusu et al., 2018). Model-agnostic meta-learning algorithm is used to optimize the 

process that meta learning training scheme follows, (MAML) (Finn et al.,2017), which learns 

initialization parameters from different languages. The initialization parameters found by 

MAML should adapt as many languages as possible. The architecture of this framework is 

based on CTC model (Graves et al., 2006). Meta ASR approach outperforms the state-of-the-

art multitask pre-training approach on all target languages with different combinations of pre-

training languages. One of the main problems in ASR systems is accuracy. Matsuura et al. 

(2020), proposed a framework that improves accuracy in low resource language. This 

framework converts the whole training speech data and makes it sound like the test speaker 

through CycleGANbased non-parallel voice conversion technology (Radford et al., 2015). 
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First, the source and the target acoustic features are prepared to train CycleGAN. Source 

features (S) are from original training data, whereas Target features (T) are from the target 

speaker who is in the test set and unseen in the training set. The CycleGAN is trained to 

minimize the loss to obtain a generator with which utterances in Source features are 

transformed to have characteristics of utterances in Target features. This approach is the most 

effective among these to mitigate the speaker sparsity problem on the low resource language, 

based on experiments results, comparing with conventional self-supervised adaptation and 

multilingual training,  This approach brings significant improvement in transcriptions. Zhang 

et al. (2020), proposed an ASR framework based on transfer learning, which reduces 

significantly error rate. This framework transfers learning from a clean-trained dataset (WSJ) 

to a noisy trained dataset (CHiME4) for connectionist temporal classification models (CTC). 

The architecture is based on convolutional neutral networks (CNN), where the top layers of the 

CTC models are viewed as clean classifiers and the bottom layers considered as features 

extraction are random initialized or initialized using the weights of model clean, and trained on 

CHiME-4 with no learning rate re-scaling as is shown in fig.7. 

 

Figure 7. Process of the transfer learning from WSJ to CHiME-4 (Zhang et al.,2020) 

 

This approach, based on experiment result, has significantly lower error rate compared to the 

conventional transfer learning method. Deep learning is recently, well known for its 

applicability in speech recognition. The advantage of deep learning for speech recognition 

stems from the flexibility and predicting power of deep neural network, and it makes a special 

contribution to low resource language. Chen and Yang (2020), proposed a framework for low 

resource language specifically Yi language that consists into two stages: training stage and 

recognition stage as is shown in fig.8. 
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Figure 8. The framework of Yi speech recognition (Chen et al.,2020) 

 

In the training stage, first the Yi language text is analyzed, to realize the language model 

modeling, and then the audio files are trained, based on the four acoustic models: Hidden 

Markov Gaussian Mixture models (HMM-GMM) (Rashmi et al.,2018), Deep Neural Network 

(DNN) (Karáfidt et al.,2018), Time-Delay Neural Network (TDNN) (Waibel et al.,1989) and 

end-to-end (Hori and Watanabe, 2016). While in the recognition stage, is obtained the Yi 

recognized text by combining the dictionary and acoustic feature vector for joint recognition 

and decoding. Based on experiment results MFCC-TDNN system in low resource Yi speech 

recognition has the best recognition word error rate of 16.65%, while MFCC-DNN has word 

error rate of 16.72%. Aye et al. (2020), presented another comparison of acoustic models such 

as: HMM-GMM, DNN, CNN and TDNN for low resource language. The TDNN technique 

represents better results, based on experiment results. Although the application of deep learning 

to ASR has resulted in dramatic reductions in word error rate (WER) for languages with 

abundant training data, ASR for low resource language has yet to benefit from deep learning 

to the same extent. To overcome this problem,Data Augmentation approach is used (Ragni et 

al.,2014), which aims to increase the quantity of data, available to train the system. Gokay and 

Yalcin (2019), proposed an ASR approach based on data augmentation and (TTL) for low 

resource language. As the data augmentation techniques are used, speed and volume 

perturbation (Ko et al., 2015) and their combination are applied to training data at the same 

time. While as the Speech synthesis are used two different approaches. The first approach, 

Google Translate Text to Speech (gTTS) is used as speech synthesizer and the second 

approach, an end-to-end Turkish TTS system is trained based on Deep Convolutional TTS 
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(DCTTS) architecture (Tachibana et al,2018). DCTTS system is composed by two networks as 

shown in the Fig.9. 

 

Figure 9. DCTTS architecture (Gokay and Yalcin, 2019) 

 

The first is called Text2Mel which synthesizes mel spectogram according to text input and the 

second is called as Spectogram Super Resolution Network (SSRN) which converts mel 

spectogram to Short Time Fourier Transform (STFT) spectrogram. The ASR system is based 

on Speech2 architecture (Amodei et al., 2016) trained by using CTC (Graves et al., 2006). The 

CTC model can be coupled with a language model generated by KenLM toolkit (Heafield et 

al., 2013). Based on experiment results, it is concluded that augmentation or synthesis 

techniques improve speech recognition for low resource languages. Thai et al. (2020), proposed 

a full convolutional framework for acoustic modeling in ASR with a variety of established 

acoustic modeling approaches for low resource language. Fig.10 shows the overall architecture 

of this framework. The main block of this architecture is the Wide-Block that consists of several 

parallel streams, each consisting of bottleneck convolution layers before and after a normal 

convolution layer. The bottleneck layers reduce the complexity of the model by reducing the 

number of parameters required by the middle convolution operation. The acoustic model 

consists of two convolutional layers between the input feature vector and the first WideBlock. 
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Figure 10. The overall architecture of convolutional framework (Thai et al., 2020) 

 

These embedding layers convert input audio features into a vector of desired depth and 

temporal content. The final layer outputs a vector with size corresponding to the number of 

tokens to be predicted. The network is trained by the CTC loss function (Miao et al., 2016). 

This approach is compared with a Deep Neural approach as well as HMM-GMM approach. 

The Deep speech approach consists of a five-layer recurrent neural network with LSTM cells. 

The DeepSpeech is trained by the CTC, HMM/GMM framework is trained according to Kaldi 

toolkit (Povey, 2011). Training process of proposed framework goes through three stages: In 

the first stage, is trained an acoustic model on based LibriSpeech English corpus. In the second 

stage, weight initialization is from the model obtained in the first stage. The model is then 

trained on heavily augmented training data. In the third stage, the weights of the model from 

the second stage are used to initialize a model, which is trained only in unaugmented data. 

Based on experiment results, the proposed framework yields word error rates up to 40% lower 

than both standard GMM-HMM approaches and established deep neural methods, with a 

substantial reduction in training time. 

 

DISCUSSION 

This paper presents a comprehensive understanding about speech recognition as a part of NPL. 

It is mainly focused on the analysis of the recent technologies about this area. The analysis is 

focused on each technology, highlighting the advantages and disadvantages of them. 
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A. HYBRID SPEECH RECOGNITION SYSTEMS  

The hybrid speech recognition systems consist of the combination of Hidden Markov Models 

(HMMs), Gaussian Mixture Model (GMMs) with different types Neural Networks (NNs) and 

recently are combined with end-to-end system, in order to take the advantages of each 

technique to improve speech recognition. Shahin et al. (2014) performed a comparison of 

GMM-HMM and DNN-HMM based pronunciation verification techniques, while Tachbelie et 

al. (2020) compared these techniques again with different size of the training speech. In both 

cases, the DNN-HMM represents higher accuracy than GMM-HMM with a lower word error 

rate (WER). Dahl et al. (2011) proposed a hybrid framework called Context-Dependent Pre-

Trained Deep Neural Networks (CD-DNN-HMM). This framework offers better results 

compared to CD-GMM-HMM in aspect of recognition accuracy, but training CD-DNN-

HMMs is quite expensive compared to training CD-GMM-HMMs, while, Li et al. (2012) 

proposed a mixed bandwidth training data in the CD-DNN-HMM framework, which improves 

accuracy by reducing WER. Despite the good results that these techniques have in terms of 

accuracy, they work with a limited vocabulary on the presence of environmental noises. 

Combining these techniques with the deep learning approach, it helps overcome these problems 

and improve even more the accuracy. Sun and Chol (2020) proposed an approach that combines 

longer context information of recurrent neural network (RNN) with adaptation ability of 

subspace Gaussian mixture model (SGMM). This framework resulted with satisfactory WER 

and higher accuracy. Combining DNN-HMM approaches with end-to-end systems as proposed 

by Tanaka et al. (2019) it is considered as a new direction for future research in this domain, 

promising high accuracy and stability for a variety of datasets. 

 

B. END-TO-END-SPEECH RECOGNITION SYSTEMS  

Despite that the hybrid speech recognition systems have achieved the state-of-the-art in various 

benchmarks, the end- to- end systems have a wide use in ASR. This is due to their simplicity, 

flexibility and low cost. Chiu et al. (2018), proposed an end- to- end framework based on 

Listen, Attend, and Spell (LAS) model. This framework offers good accuracy with low word 

error (WER), but overfitting remains yet one of the main challenges. To overcome this 

problem, Nguyen et al. (2020), proposed a solution that consists in increasing the amount of 

available training data and the variety exhibited by training data with the help of data 

augmentation. Recently, multitask learning and transfer learning have found widespread use in 
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end-to- end speech recognition systems by exceeding expectations. Inaguma et al. (2019), 

proposed a framework that uses an external language model (LM) under the transfer learning. 

This framework drastically reduces the performance gap from the hybrid systems. Lee et al. 

(2018), proposed an end-to-end speech recognition framework that uses multitask learning to 

improve generalization of the model by leveraging information from multiple labels. This 

framework significantly reduces word error rate (WER), by improving accuracy. Combining 

multitask and transfer-learning approaches with data augmentation is considered as a new 

direction for future research in this domain, promising high accuracy and stability for a variety 

of datasets. In addition, the combination of end-to-end systems with hybrid systems is another 

direction for future research in ASR domain. 

 

C. LOW RESOURCE LANGUAGE  

Despite of many studies that have been done about speech recognition for high resource 

language, in achieving satisfactory results, these techniques cannot be applied for low resource 

language, due to the limited resources that these languages have. Multitask and transfer 

learning is a good solution for low resource language. Yu et al. (2019), proposed an end-to-end 

method in which transfer learning is applied to establish the model of the cross-language end-

to-end language recognition system. They concluded that the recognition error rate of the 

model that transfer learning uses, is reduced with 2.11%. While, the architecture proposed by 

Abad et al. (2020), enables domain adaptation transforms learned for one high resourced 

language to be applied to an entirely different low resource language. This approach 

outperforms other similar methods achieving up to a 29% relative word error rate (WER) 

improvement. Zhang et al. (2020), proposed an end-to end method that uses transfer learning 

from a clean dataset (WSJ) to a noisy dataset (CHiME4). This method gives up to 15.5% 

relative character error rate (CER) reduction compared to models trained only on CHiME-4. 

Applications of multitask and transfer learning in end-to end systems is considered as one 

important direction in the future research within this domain. Application of Time Delay 

Neural Networks in ASR systems is also a good solution for low resource languages. Chen et 

al. (2020), compared four acoustic models: hidden Markov model (HMM), deep neural 

network (DNN), time-delay neural network (TDNN) and end-to end trained with Yi low 

resource language and Aung et al. (2020) compared GMM-HMM, DNN, CNN, TDNN 

acoustic modeling trained with Myanmar low resource language. In both cases, TDNN is the 
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best solution with lower word error rate (WER). This technology is another direction for future 

research. Recently, the usage of Data Augmentation approach improves ASR for low resource 

language, which aims to increase the quantity of data available to train the limited systems. 

Thai et al. (2019) presented three data augmentation techniques that are used to train various 

acoustic models. Combined with transfer learning, data augmentation reduces word error rate 

with 15%, compared to traditional frameworks. While Gokay and Yalcin (2019), used speed 

and volume perturbations data augmentation techniques to train data. Based on experiment 

results, it is concluded that augmentation or synthesis techniques improve speech recognition 

for low resource language. In this case, 14.8% relative WER improvement was obtained by 

using combination of augmented and synthetic data, while, Thai et al. (2020), presented a fully 

convolutional ASR for low resource languages. The model was trained on heavily augmented 

training data after a transfer learning from a high resource language. The combination of 

transfer learning from a high- resource language and data augmentation contributes to 

meaningful reductions in word error rate. By analyzing and comparing different technologies 

about speech recognition, based on the advantages and disadvantages of them, we conclude 

that a combination of TDNN approach with multitasking and transfer learning, as well as, data 

augmentation is the most efficient technology, and are considered as the future for low resource 

language. 

 

CONCLUSION 

In this paper, a systematic literature review of existing works has been presented, in order to 

provide a comprehensive understanding of speech recognition systems. The scope of this paper 

is targeted towards Hybrid speech recognition systems, End-to-End speech recognition systems 

and ASR Systems for Low Resource Language. Hybrid Speech Recognition Systems are 

widely used, due to the high accuracy they have. Referring to the analysis of many articles that 

we have done in this study about hybrid systems, we conclude that combining DNN-HMM 

approaches with end-to-end systems is considered as a new direction for future research in this 

domain, promising high accuracy and stability for a variety of datasets. Recently, speech 

recognition end-to-end systems are very promising. Compared to hybrid systems, these 

systems are simpler, more flexible, have lower costs and give satisfactory results. Referring to 

the papers we have analyzed in this study for end-to-end speech recognition systems, the 

combining multi task and transfer learning approaches with data augmentation is considered as 
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a new direction for future research in this domain, promising high accuracy and stability for a 

variety of datasets. In addition, the combination of end-to-end systems with hybrid systems is 

another direction for future research in ASR domain. Whereas, referring to the analysis of the 

papers for low resource languages, we conclude that a combination of Time Delay Neural 

Networks (TDNN) approach with multitasking and transfer learning as well as data 

augmentation is the more efficient technology, and it is considered as the future for low 

resource language. However, taking into account the fact of the special features that each 

language has, these technologies remain to be studied in the future by analyzing their 

performance in different languages. 
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