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 Human beings depend greatly on communication and continually seek ways to 

overcome language barriers. Automatic speech recognition (ASR) has 

emerged as a vital tool for enhancing human interaction. Early ASR research 

relied on probabilistic models, particularly the hidden Markov model (HMM) 

and Gaussian mixture model (GMM), with mel-frequency cepstral coefficients 

(MFCCs) for feature extraction, leading to the creation of Audrey at Bell 

Laboratories. Subsequently, artificial intelligence (AI) approaches, especially 

deep learning, have transformed ASR and produced systems such as Jasper, 

Whisper, Google Assistant, Microsoft Cortana, Apple Siri, and Amazon 

Alexa. This paper presents a systematic literature review that examines ASR’s 

evolution, the AI architectures employed, their features, strengths and 

weaknesses, and the performance gains achieved since AI was integrated into 

probabilistic modelling. A snowballing approach was used to identify relevant 

studies from Google Scholar and Scopus to address five research questions, 

iterating through backward and forward searches until no new information was 

found. Findings reveal that ASR dates back to the 1920s with the Radio Rex 

toy and has since advanced through architectures including deep learning, 

recurrent neural networks (RNN), support vector machines (SVM), and 

transformers, all contributing to improved performance measured by reduced 

word error rates (WER). 
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1. INTRODUCTION 

The development of automatic speech recognition (ASR) for human to machine communication 

started over 40 years ago [1]–[3]. Then, it explored the probabilistic approaches such as the hidden Markov 

model (HMM), Gaussian mixture model (GMM) coupled with mel-frequency cepstral coefficients (MFCCs) 

for feature extraction [1]. The state of the art ASR systems which are HMM based with state probability 
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distribution modelled using the GMM could not improve the performance of an ASR system [1], [4]. This 

can be enhanced via the artificial neural networks (ANN) and HMM hybrid system. The pre and post 

processing techniques involving feature extraction, language model, pronunciation model, and model 

adaptability involving speaker, channel and noise variations are the identified stages where performance 

improvement is needed [5]. 

The exploration of artificial intelligence (AI) for speech recognition started about five decades ago 

[2], [3] while the use of ANN involving deep neural networks (DNN) (a subset of machine learning) which are 

mostly unsupervised in nature for ASR development started in 2006 [1]. This was a shift in the development 

technique of ASR from the probabilistic approach. Machine learning (a subset of AI) is the ability of machines 

or computers to learn from input data without being explicitly programmed to do so. It has produced lots of 

technologies such as DNN for the development of speech recognition. There are recent advances in machine 

learning using DNN due to its ability to accommodate huge size of training data and its highly increased 

processing abilities of computer chips [1]. It comes in the form of recurrent neural network (RNN), 

convolutional neural network (CNN), and time delay neural network (TDNN) for the modelling of ASR, and 

sometimes coupled with the HMM. Research works have been carried out on different architectures of hybrid 

HMM and ANN to model ASR systems. These are the multi-band hybrid HMM+ANN, all-combinations 

multi-band HMM+ANN hybrid, all-combinations multi-stream HMM+ANN hybrid, the multi-stream tandem 

HMM+ANN hybrid, and the narrow-band tandem HMM+ANN hybrid, which are exploited over the 

probabilistic approach involving the conventional hybrid HMM and GMM [5] in order to improve the 

performance of ASR. Firms like OpenAI has produced the Whisper ASR that explored deep learning for 

modelling ASR [6], while NVIDIA produced the Jasper ASR that uses 54 convolutional layers for training [7]. 

Other deep learning techniques that have been used for ASR are the self-organizing map (SOM), radial basis 

function (RBF), multilayer perceptron (MLP), as well as support vector machine (SVM) [2]. 

The ASR system has found application in various fields including health, military, disabled people, 

and technologies [3]. For instance, in the health sector, it has been implemented for medical documentation, 

making treatment notes, and as a surgical assistant. In the military, it can be used to command an autopilot, 

set radio frequencies, control the parameters of weapons being released; while in technology, there are 

different ASR systems such as the Google Assistant, Microsoft Cortana, Apple Siri, and Amazon Alexa [8] 

that are being used by individual for personalized learning, interactive learning, adaptive learning, language 

learning; as well as aiding reading and engagement of disabled people with hearing and writing difficulties in 

discussion [3]. In addition, there are also other online ASR tool kits such as the HTK, Sphinx, Kaldi, CMU 

LM toolkit, and SRILM that are available to build a working ASR system [4]. 

The type of dataset and the availability of data is another factor that needs to be considered in ASR 

development [9]–[12]. There are lots of speech dataset like the Librespeech dataset, National Institute of 

Standards and Technology (NIST) speech dataset, Hub, Texas Instruments Massachusetts Institute of 

Technology (TIMIT), TED-LIUM, Common voice, The spoken Wikipedia, CSTR VCTK, Aishell-I, Persian 

consonant vowel combination (PCVC), and the Arabic Speech Corpus [13]–[16]. This indicates that lots of 

efforts have been put in place towards achieving the ultimate goal of an ASR system in performing as a 

human listener [2], [17]. The availability and size of data have a greater influence on the performance of an 

ASR system. It was shown in [4], that the performance of ASR system improved since 1976 via a reduction 

in the word error rate (WER) because of the availability of more data at present than the previous years. 

Different performance measures have been exploited to evaluate the performance of an ASR system 

[18]–[23]. The WER is used to evaluate the accuracy, and the real time factor (RTF) to evaluate the speed of 

the ASR. Other precision measures include: command success rate (CSR), frame error rate (FER), NIST 

detection cost function (DCF), recognition rate (RR), concept value error rate (CVER), concept error rate 

(CER), phone recognition error rates (PRER), and frame classification (FRER), word recognition rate 

(WRR), phone error rate (PER), dB SIR gain, label error rate (LER), phoneme classification performance 

(PCP), root mean square error (RMSE), sentence accuracy, query error rate (QER), unweighted classification 

accuracy and, gain in dB [1], [2]. 

The remaining parts of this article is structured as follows: section 2 contains the methodology 

applied for the study. The results obtained are presented in section 3. The discussion as tailored to each 

research question in the study is contained in section 4. Finally, section 5 presents the conclusion. 

 

 

2. METHOD  

In a quest to carry out a thorough systematic review on the evolutionary trend on the ASR with AI, 

there is the need to address the topic by developing research questions to guide and serve as the focus of this 

paper. These sets of questions were developed to have deeper insight on the topic. Lots of research works 

have been studied in this area, and different researchers have approached the ASR system in different ways to 

achieve similar results in terms of generating the text equivalents of the speech signals. Hence 5 research 
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questions were developed and are tailored towards the evolution of AI with ASR, the different types of AI 

that have been explored, their benefits and demerits, and performance enhancement obtained by  

researchers-these are in a quest to make findings in regard to ASR evolution with AI. 

After developing these set of questions, the selection of papers was carried using the snowballing 

approach. Journal articles and review papers were sourced and selected from the databases of Scopus and 

Google Scholar. These set of papers formed the initial start set papers. The snowballing approach has the 

backward snowballing approach and forward snowballing approach which were explored for the selection of 

papers from the initial start sets. The backward approach involves selection of papers cited in the work while 

papers were selected from the citations of each paper on their Scopus database using the forward approach. 

The snowballing approach is illustrated in Figure 1. Papers were analyzed and selected or rejected using their 

titles, authors of the papers, the abstract, and years. 

The selected papers were reviewed to answer the research questions as described in the research 

questions section. The snowballing approach was run through 3 iterations from the 13 start set papers 

selected from the initial 18 papers until no candidate paper was fit for selection. The steps taken to search for 

and select papers from Google Scholar and Scopus databases were in alignment with the snowballing 

approach laid down in [24].  
 

 

 
 

Figure 1. Snowballing approach [24] 
 

 

2.1.  Research questions 

2.1.1. When did the development of ASR with AI start? 

The development of speech recognition demands that aspiring and interested researchers have 

understanding and insights into when speech recognition started particularly with the exploration of AI. 

Before the integration of AI for the ASR, different statistical approaches have been utilized to model speech 

recognition. This question tends to dig deeper into date of various AI approaches for the development of 

ASR. The question provides various answers to when each of AI approaches were integrated for ASR 

modelling. For instance, it answers when DL started to gain popularity for the development of AI, the days of 

popularity in the utilization of RNN, and various robust feature extraction methods. 
 

2.1.2. What types of AI techniques have been explored by various researchers to develop an ASR system? 

Different types of AI have been utilized to model speech recognition. This question gives insight for 

the interested reader into the various types of AI that find application in ASR modelling. Different deep 

learning architectures such as the CNN, RNN, SVMs, SOM, TDNN, long short-term memory (LSTM) have 

been used to model ASR. Coupled with this is the utilization of different feature extraction techniques such 

as the wavelet transform, linear predictive coding (LPC), and relative spectral filtering (RASTA) to model 

ASR that can withstand the varying environmental condition, speaker variation, and intonation. Via this 

question, researchers and readers are able to have deep understanding of the different types of AI being 

utilized to the modelling of ASR. 



Int J Artif Intell  ISSN: 2252-8938  

 

 Evolutionary trends in automatic speech recognition with …  (Gabriel Oluwatobi Sobola) 

23 

2.1.3. What are the benefits and disadvantages of exploring each of those algorithms mentioned in 2? 

Different AI algorithms have been explored for the modelling of ASR. Each of these algorithms 

comes with it is own benefits and disadvantages. This question addresses their benefits such as performance 

enhancement in terms of reduction in WER compared to the statistical approaches, ability to obtain optimized 

results; and limitations of AI usage such as their inflexibility to handle timing variability, inability to model 

ASR that can model noise variability. The question also explains that the choice of different AI approach 

comes with their benefits which might be a limitation in other AI approaches. 
 

2.1.4. Does the exploration of AI for building an ASR system have performance improvement over the 

traditional probabilistic approaches? 

The traditional probabilistic approaches involving the HMM, GMM, along with other algorithms 

like the forward algorithms, forward and reverse algorithm, Viterbi algorithm come with their benefits. 

However, since the exploration of AI, enhance performance have been achieved. AI approach involves 

training with large corpus of speech data and robust speech recognition model have been developed. The 

question provides answers to if the purpose of utilizing AI in performance enhancement in terms of WER and 

WRR have been achieved. 
 

2.1.5. Has the introduction of AI in the development and modelling of ASR been able to achieve the 

ultimate goal of ASR of performing as a human listener? 

Researchers have developed various speech recognition system to recognize human speech so that the 

output text will look like a human transcriber’s output. Various ASRs have been developed to achieve this, 

however, the question that calls for concern is to know if the ultimate goal of ASR to interact like human being 

has been achieved. Whisper for instance, was able to function above human transcriber in terms of the output 

generated text, but the result is not the ideal ASR result that fulfils the ultimate goal of an ASR system. 
 

2.2.  Start set 

There were 5, 5, 6, 1, and 1 paper selected, which addressed research questions 1, 2, 3, 4, and 5 

respectively. For research questions 1, 2, 4, and 5; papers were sourced from the Google Scholar database 

while those of research question 3 were obtained from the Scopus database. A total of 18 papers were 

selected. The papers are illustrated using the letter “Q”+a number+letter “P”+a number where “Q”+a number 

represents the question number being addressed, while “P”+a number represents paper number in relation to 

the research question number being addressed. The selection criteria for selecting papers from the Google 

Scholar for questions 1, 2, 4, and 5 were the relation of the paper via thorough reading of the abstract, the 

title of the paper, the number of citations, and year of publication mostly within 10 years. The number of 

citations of Q1P1, Q1P2, Q1P3, Q1P4, Q1P5, Q2P1, Q2P2, Q2P3, Q2P4, Q2P5, Q4P1, and Q5P1 are 924, 

154, 42, 8, 210, 102, 78, 116, 500, 211, 49, and 111 respectively on Google Scholar as at the date of 

documentation (September 12, 2023). We did not search for papers published some 20-30 years ago for some 

research questions like Q1, and Q5 because some earlier review papers used in this current study already 

have answers to some of the questions needed. On the other hand, Q3 papers were sourced from Scopus in 

order to have a mixture of different databases for paper selections in this work. 

The thorough searching commenced by entering the search words with the plus operator as: 

Automatic+speech+recognition. Then, some set of keywords as shown in Table 1 were specified to filter the 

searched results. The results of this, reduced the number of listed papers to 21,083. The subject area and 

document type were also specified as provided in Table 2 to filter the results to 18,167 documents. Next is the 

refined search with the search word automatic speech recognition+artificial intelligence which reduced the 

number to 7,020, while the language factor which involves limiting the search papers to English language gave 

6,948 papers. This was followed by using the refined search with the key word “benefit” which gave a very 

anticipated reduced value of 359 papers and later 204 when the range was set between 2010 and 2020 so as to 

have that small number of 204 for selecting papers from and to have papers that have the latest and updated 

technology as well as latest research findings in ASR. The first paper, Q3P1 with 8 citations in Scopus and 15 

citations in Google Scholar was selected after reading the abstract to ensure it contained the needed information. 

Other papers such as the Q3P2, Q3P3, and Q3P4 were also selected as detailed in Table 3. From the selection 

state of Q3P3, using keywords such as deep learning, feature extraction, DNN, neural network, RNN, CNN, 

SVM, Bayesian networks, ANN, temporal classification, multilayer neural networks, transfer learning, LSTM, 

and pattern recognition brought the number of papers down to 188 documents, among which Q3P5 was selected. 

Finally, from the selection state of Q3P5, the use of the refined keyword machine learning led to the 

selection of Q3P6. A detailed analysis of the reduction process leading to the eventual selection of papers Q3P1, 

Q3P2, Q3P3, and Q3P4 are given in Tables 1 to 3 where the number of papers left at each stage of the filtering 

are indicated with an arrow pointing right. The selection processes of Q3 papers are illustrated in Figure 2.  
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Table 1. Search keywords for Q3 in Scopus (≥21,083 documents) 
Acoustic model Performance  

Acoustic modelling Reverberation 
Artificial intelligence Robust speech recognition  

ASR automatic speech recognition Speech enhancement  

Audio signal processing  Speaker recognition 
Automatic recognition Speech recognition  

Automatic speech recognition  Speech recognition software  

Automatic speech recognition (ASR)  Speech recognition systems  
Automatic speech recognition system  Speech recognizer  

Continuous speech recognition  Speech signals  

Language model  WER 
Machine learning   

 

 

Table 2. Filtering of Q3 papers by subject area and document type in Scopus (≥18,167 documents) 
Subject area Document type 

Computer science Conference paper 

Engineering Article 

 Review 
 Conference review 

 

 

Table 3. Searching with refined keywords for Q3P1, Q3P2, Q3P3, and Q3P4 after the steps used to obtain 

Tables 1, 2, and 3 in Scopus 
Refined keywords ≥year range Reduction in search results Reduction in search results Reduction in search results 

Benefit ≥2010-2020 359 ≥204 NILL NILL 
Advantage ≥2010-2020 NILL 367 ≥185 367 

Number of papers selected Q3P1, Q3P2 Q3P3 Q3P4 
 

 

 
 

Figure 2. Flowchart of selection of papers for question 3 
 
 

The 18 papers initially selected are listed in Table 4. After inclusion/exclusion criteria such as the 

relevance of the papers to the particular question being addressed and, the relevance of the contents to the 

question, hence, the papers eventually selected were Q1P1, Q1P2, Q1P4, Q1P5, Q2P1, Q2P2, Q2P3, Q2P4, 

Q2P5, Q4P1, Q5P1, Q3P3, and Q3P6. From the original 18 papers selected, papers Q1P3, Q3P1, Q3P2, 

Q3P4, and Q3P5 were eventually discarded. These sets of papers were rejected due to their inability to 

properly answer the questions being addressed, or they contained repetitions of what had been gotten from 

the previous journals. For instance, paper Q1P3 was a review paper that contained the majority of the 

information that we’ve acquired from the previous papers, which eventually led to its rejection. Paper Q3P2 
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was also rejected because its abstract deviated from the questions of the research work being carried out. 

Hence a total of 13 papers were selected out of the original 18 papers sourced from Google Scholars and 

Scopus as the start set of papers for the first iteration stage. The selected papers are listed in Table 5.  

The whole selection processes of the 13 start set papers are illustrated in Algorithm 1. 
 

Algorithm 1. Selection process for 13 initial papers selected from 18 initial papers selected 

1. BEGIN 

2. Initialize the original array as empty list 

3. Scan/read through the abstract / title of paper 1 

4. Iterate through papers 1 to 18: 

5. If first paper contains relevant information: 

6. Append it to the array 

7. Else reject the paper 

8. If second paper contains relevant information: 

9. Append it to the array 

10. Else Reject the paper 

11. Repeat steps 4 to 5 for paper 3 through 18 

12. Print the array containing all the selected papers 

13. END 
 

 

Table 4. The 18 initial set of papers selected from Scopus and Google Scholar 
Ref. no. Paper identity code Ref. no. Paper identity code 

[1] Q1P1 [25] Q2P5 
[2] Q1P2 [26] Q3P1 

[27] Q1P3 [28] Q3P2 

[3] Q1P4 [29] Q3P3 
[4] Q1P5 [16] Q3P4 

[30] Q2P1 [31] Q3P5 

[32] Q2P2 [33] Q3P6 
[17] Q2P3 [5] Q4P1 

[34] Q2P4 [35] Q5P1 

 

 

Table 5. The 13 selected star set papers for the first iteration 
Ref. no. Paper identity code Ref. no. Paper identity code 

[1] Q1P1 [34] Q2P4 

[2] Q1P2 [25] Q2P5 
[3] Q1P4 [29] Q3P3 

[4] Q1P5 [33] Q3P6 

[30] Q2P1 [5] Q4P1 
[32] Q2P2 [35] Q5P1 

[17] Q2P3   

 

 

2.3.  Iteration 

2.3.1. Iteration 1 

The 13 set of papers (start set) selected from the 18 initially set of papers sourced from the Google 

Scholar and Scopus were run through the forward and backward snowballing approaches until no paper was 

found to be included in the list of selected papers. The starting set of papers consisted of 13 papers (Table 5) 

selected from the 18 initially set of papers (Table 4) sourced from Google Scholar and Scopus. The selection 

of these 13 papers was based on some exclusion and inclusion criteria based on the relevance of information 

in relation to the research questions being addressed. These papers were selected taking into consideration the 

years of publications, authors, and publishers with a key focus on their relevance. Algorithm 1 shows the 

selection process of these 13 starts set papers. 
 

2.3.2. Backward snowballing 

From the first paper, Q1P1, candidates were selected for inclusion using backward snowballing,  

4 papers were selected which were added to the start set. From paper Q1P2 backward snowballing approach 

produces 6 papers which were added to the start set papers. From paper Q1P4, 2 papers were selected via this 

approach. Q1P5 produces 6 papers. Q2P1 produces 2 papers, Q2P2 produces 1 paper. Q2P3 produces  

3 papers. Paper Q2P4 produces 3 papers. Paper Q2P5 produces 3 papers. Q4P1 produces 6 papers, Q5P1 

produces 7 papers, Q3P3 generates 3 papers, while the last paper (Q3P6) produces 2 papers. Then a total of 

48 papers were selected from the backward snowballing approach. 
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2.3.3. Forward snowballing 

For the set of 13 start set papers selected, through the forward snowballing approach, the analysis of 

the papers selected using the inclusion/exclusion criteria are detailed thus: paper Q1P1 produces 11 papers after 

using some criteria such as the abstracts of the papers, the titles, and the number of citations of the papers. They 

are listed as Q1P1F1 through Q1P1F12. Paper Q1P2 produces 9 papers. Some conditions for paper selection 

were: if the papers had been included as part of the papers in the other selections, it was rejected, the abstract of 

the paper, and the relevance of the papers to the question being considered. No paper was selected from Q1P4. 

It had just 10 citations and 7 of the papers do not show relationship to the questions being addressed. The 

remaining 3 are not included due to inability to access the materials. For paper Q1P5 about 10 papers were seen 

as potential papers in relation to the questions being addressed none of which contained something unique from 

the information initially gathered from the previous papers. Besides, some of the contents had been used in 

other papers. Hence, no paper was selected. Paper Q2P1 with 106 citations had 1 paper for inclusion but it was 

rejected because it has been earlier selected, hence no paper was selected. Other papers are either repeated 

papers or not sharing or addressing the questions in this review. For papers Q2P1 all through Q5P1, no paper 

was selected for each of them. The reason being that majorly all the research topics share similarities with 

already studied papers for this work, or the irrelevance of topic or abstract to the questions being addressed. 

Therefore, a total of 20 papers were selected via the forward snowballing approach, which shows 

that a total of 68 papers has been selected for inclusion in this work due to relevance in addressing these 

questions in this review. Hence, it can be concluded that from the first iteration, candidate papers were 

selected via the backward and forward snowballing approach and included in the start set selected list of 

papers making a total of 13 (star set papers)+48 papers selected via backward snowballing+20 papers 

selected via forward snowballing. The 68 selected papers are as shown in Table 6. 
 

 

Table 6. Iteration 1 selected list of papers (68) 
Ref. no. Paper identity 

code 

Ref. no. Paper identity 

code 

Ref. no. Paper identity 

code 

Ref. no. Paper identity 

code 

[36] Q1P1B1 [37] QIP5B6 [38] Q4P1B5 [10] Q1P1F5 

[39] Q1P1B4 [40] Q2P1B1 [41] Q4P1B6 [42] Q1P1F6 
[43] Q1P1B5 [22] Q2P1B2 [44] Q5P1B1 [14] Q1P1F7 

[45] Q1P1B6 [46] Q2P2B2 [47] Q5P1B2 [48] Q1P1F8 

[49] Q1P2B1 [50] Q2P3B3 [51] Q5P1B3 [15] Q1P1F9 
[52] Q1P2B3 [53] Q2P3B4 [54] Q5P1B4 [8] Q1P1F10 

[55] Q1P2B4 [56] Q2P3B5 [57] Q5P1B5 [58] Q1P1F11 

[18] Q1P2B5 [59] Q2P4B1 [60] Q5P1B6 [61] Q1P1F12 
[62] Q1P2B6 [63] Q2P4B2 [64] Q5P1B7 [9] Q1P2F1 

[65] Q1P2B7 [66] Q2P4B3 [67] Q3P3B1 [21] Q1P2F2 

[68] Q1P4B1 [19] Q2P5B1 [69] Q3P3B2 [70]  Q1P2F3 
[13] Q1P4B3 [71] Q2P5B2 [72] Q3P3B3 [73] Q1P2F4 

[74] QIP5B1 [75] Q2P5B3 [76] Q3P6B1 [23] Q1P2F5 

[77] QIP5B2 [78] Q4P1B1 [79] Q3P6B2 [80] Q1P2F6 
[81] QIP5B3 [82] Q4P1B2 [11] Q1P1F2 [83] Q1P2F7 

[84] QIP5B4 [85] Q4P1B3 [20] Q1P1F3 [86] Q1P2F8 

[87] QIP5B5 [88] Q4P1B4 [12] Q1P1F4 [89] Q1P2F9 

 

 

2.3.4. Summary of iteration 1 

From the 13-start set of papers used for this research work, a total of 48 papers have been selected 

via the backward snowballing approach, where papers Q1P1, Q1P2, Q1P4, Q1P5, Q2P1, Q2P2, Q2P3, Q2P4, 

Q2P5, Q4P1, Q5P1, Q3P3, and Q3P6 had 232, 179, 10, 43, 9, 24, 26, 51, 75, 86, 75, 51, and 135 references 

analyzed respectively which gives a total of at most 996 references for the 48 papers included in the start set 

of papers based on the inclusion/exclusion criteria. Using the forward snowballing approach, a total of  

20 papers were selected for inclusion in the start set papers. Papers Q1P1, Q1P2, Q1P4, Q1P5, Q2P1, Q2P2, 

Q2P3, Q2P4, Q2P5, Q4P1, Q5P1, Q3P3, and Q3P6, with 982, 179, 10, 215, 106, 83, 125, 516, 213, 49, 118, 

667, and 118 citations respectively showed that a total of at most 3,381 references were analyzed using 

exclusion/inclusion criteria for the forward snowballing approach. Hence, a total of at most 4,377 papers 

were analyzed and a total of 68 papers had been included in the start set of papers in the iteration 1.  

In the iteration 2, the 68 papers were also analyzed to see which papers could be extracted from each via the 

backward and forward snowballing approach.  
 

2.3.5. Iteration 2 

It should be noted that at the start of the iteration 2 and subsequent ones, the papers explored were 

limited to 2022 and 2023. This is due to the fact that the majority of the solutions to the research questions in 
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this research work have been obtained; then there is the need to reduce the search papers particularly for 

papers that had large number of citations or references. Here each of the 68 papers were analyzed to make 

selections of papers in both approaches using the inclusion and exclusion criteria.  
 

2.3.6. Backward snowballing 

Through backward snowballing the first set of 48 papers had no paper for inclusion considering the 

years (2022, and 2023) being considered at the moment. Hence, papers Q1P1B1 through Q3P6B2 with  

0 reference produces no paper. Q1P1F2, with 2 references, has no paper for inclusion due to the titles of the 

papers. Q1P1F3, with 11 references for just the year 2023, produces no paper. Meanwhile, papers Q1P1F4, 

Q1P1F5, Q1P1F6, Q1P1F7, Q1P1F8, Q1P1F9, Q1P1F10, Q1P1F11, Q1P1F12, Q1P2F1, and Q1P2F2 with 0, 

12, 0,1, 0, 21, 0, 0, 0, 0, and 0 references respectively produce no paper for inclusion. In addition, papers 

Q1P2F3, Q1P2F4, Q1P2F5, Q1P2F6, Q1P2F8, and Q1P2F9 with 1, 1,367, 1, 0, and 0 references respectively 

produces no paper while paper Q1P2F7 with 2 references has only 1 paper for inclusion, but it was rejected 

because it has already been used, hence it produces no paper. Therefore, no paper was selected via this approach. 
 

2.3.7. Forward snowballing 

Through the forward snowballing approach, Q1P1B1 with 19 citations produces no paper. Papers 

Q1P1B4, Q1P1B5, Q1P1B6, and Q1P2B1 have 366, 19, 27 and 1 citations respectively produce no paper and 

have no candidate(s) for inclusion. Q1P2B3, was identified with 1 reference which was rejected due to the 

title; hence no paper was selected for inclusion. Q1P2B4, with 33 citations, produces no paper. Q1P2B5, has  

1 citation which has already been included in the selected list of papers for this work. Hence no paper was 

selected from it. Q1P2B6 with 2 citations and Q1P2B7, with 10 citations, have no paper to be included based 

on the criteria. Also, Q1P4B1 with 22 citations within the year considered, produces no paper. Q1P4B3, with  

3 papers on speech, had none to be selected for inclusion. QIP5B1 has 4 citations and QIP5B2 had  

1140 citations but none was selected due to the fact that the majority of those papers had links or similarities to 

other included papers. Similarly, QIP5B3, QIP5B4, and QIP5B5 have 8, 8, and 18 citations respectively but 

had no candidate for inclusion while QIP5B6 with 6 citations, produces no paper as well. Q2P1B1, with  

255 citations produce 1 paper indicated as PG1. Q2P1B2, with 2 citations, produces no paper. Q2P2B2, with 4 

citations, produces no paper. No paper was produced by Q2P3B3 (14 citations), Q2P3B4 (1020 citations), 

Q2P3B5 (45 citations), Q2P4B1 (2 citations), Q2P4B2 (5 citations), Q2P4B3 (0 citations), Q2P5B1  

(109 citations), Q2P5B2 (0 citation), Q2P5B3 (149 citations), Q4P1B1 (0 citation), Q4P1B2 (0 citation), 

Q4P1B3 (3 citations), Q4P1B4 (0 citation), Q4P1B5 (40 citations), Q4P1B6 (3 citations), Q5P1B1 (1 citation), 

Q5P1B2 (2 citations), Q5P1B3 (37 citations), Q5P1B4 (0 citation), Q5P1B5 (56 citations), while Q5P1B6  

(48 citations) has one paper for inclusion but was rejected because it has already been used, hence, it produces 

no paper. In addition, Q5P1B7, with 11 citations, produces no paper as well as Q3P3B1 (539 citations), 

Q3P3B2 (55 citations), Q3P3B3 (33 citations), Q3P6B1 (20 citations), Q3P6B2 (0 citation), Q1P1F2  

(35 citations), Q1P1F3 (21 citations), Q1P1F4 ( 6 citations), Q1P1F5 (1 citation), Q1P1F6 (13 citations) 

Q1P1F7 (2 citations), Q1P1F8 (6 citations), Q1P1F9 (4 citations), Q1P1F10 (6 citations), Q1P1F11  

(1 citation), Q1P1F12 (0 citation), Q1P2F1 (17 citations), Q1P2F2 (2 citations), Q1P2F3 (3 citations), Q1P2F4 

(4 citations), Q1P2F5 (2 citations), Q1P2F6 (0 citation), Q1P2F7 (0 citation), Q1P2F8 (0 citation), and 

Q1P2F9 (0 citation). The only paper (PGI) to be included with the start set is contained in Table 7. 
 

 

Table 7. Iteration 2 selected paper (1) 
Ref. no. Paper identity code 

[90] PG1 
 

 

2.3.8. Summary of iteration 2 

Apart from the 13-start set of papers used for this research work, only 1 paper has been selected via the 

backward snowballing and forward snowballing approaches during the iteration 2, and this is the paper to be 

included in the already selected 68 papers. A total of 420 papers were analyzed via the backward snowballing 

approach and a total of 4,267 papers were analyzed via the forward snowballing approach. Thus, a total of 4,687 

papers were analyzed in the second iteration. The total number of papers selected so far is 69. In the next 

iteration, the single paper was experimented with both the backward and forward snowballing approaches. 
 

2.3.9. Iteration 3 

In this iteration 3, the single paper PG1which was selected via the inclusion/exclusion criteria from 

the previous iteration was also analyzed using the forward and the backward snowballing approaches. The 

processes of this present stage went thus: 
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‒ Backward snowballing: for paper PG1 no paper was identified within the time frame of 2022 to 2023, 

hence, no paper was selected.  

‒ Forward snowballing: paper PG1 had no citation, hence no paper was selected via this approach.  

The summary of iteration 3 is that no paper was analyzed via the backward and forward snowballing 

approach in this iteration, hence, no selection was made, and no paper was analyzed in iteration 3. However, 

for the purpose of efficiency, a single paper (2013) was analyzed via the backward snowballing approach, 

however it was not selected because the contents were on feature extraction techniques which have already 

been studied in the previous literatures. Thus, a total of 69 papers has been selected via the forward and 

backward snowballing approaches after the third iteration and adding this to the start set list of papers (13) 

gives a total of 82 papers selected in this work as provided in Table 8. The authors of the selected papers 

utilized in this current study were not contacted to prevent delay of this study considering the fact that the 

reason for contacting, is to source for additional materials (in relation to this study) from them. There can also 

be an element of bias hence the reason for not contacting any of the authors.  

 

 

Table 8. Total selected list of papers including the 13 start set papers (82) 
Ref. no. Paper identity 

code 

Ref. no. Paper identity 

code 

Ref. no. Paper identity 

code 

Ref. no. Paper identity 

code 

[1] Q1P1 [62] Q1P2B6 [75] Q2P5B3 [20] Q1P1F3 

[2] Q1P2 [65] Q1P2B7 [78] Q4P1B1 [12] Q1P1F4 
[3] Q1P4 [68] Q1P4B1 [82] Q4P1B2 [10] Q1P1F5 

[4] Q1P5 [13] Q1P4B3 [85] Q4P1B3 [42] Q1P1F6 
[30] Q2P1 [74] QIP5B1 [88] Q4P1B4 [14] Q1P1F7 

[32] Q2P2 [77] QIP5B2 [38] Q4P1B5 [48] Q1P1F8 

[17] Q2P3 [81] QIP5B3 [41] Q4P1B6 [15] Q1P1F9 
[34] Q2P4 [84] QIP5B4 [41] Q5P1B1 [8] Q1P1F10 

[25] Q2P5 [87] QIP5B5 [47] Q5P1B2 [58] Q1P1F11 

[29] Q3P3 [37] QIP5B6 [51] Q5P1B3 [61] Q1P1F12 
[33] Q3P6 [40] Q2P1B1 [54] Q5P1B4 [9] Q1P2F1 

[5] Q4P1 [22] Q2P1B2 [57] Q5P1B5 [21] Q1P2F2 

[35] Q5P1 [46] Q2P2B2 [60] Q5P1B6 [70] Q1P2F3 
[36] Q1P1B1 [50] Q2P3B3 [64] Q5P1B7 [73] Q1P2F4 

[39] Q1P1B4 [53] Q2P3B4 [67] Q3P3B1 [23] Q1P2F5 

[43] Q1P1B5 [56] Q2P3B5 [69] Q3P3B2 [80] Q1P2F6 
[45] Q1P1B6 [59] Q2P4B1 [72] Q3P3B3 [83] Q1P2F7 

[49] Q1P2B1 [63] Q2P4B2 [76] Q3P6B1 [86] Q1P2F8 

[52] Q1P2B3 [66] Q2P4B3 [79] Q3P6B2 [89] Q1P2F9 
[55] Q1P2B4 [19] Q2P5B1 [11] Q1P1F2 [90] PG1 

[18] Q1P2B5 [71] Q2P5B2     

 

 

2.4.  Efficiency of systematic literature review using snowballing 

In terms of the number of papers utilized for this research, the efficiency of utilization can be 

computed as:  

i) Start set: 18 papers (or candidates) for initially selected and 13 start set papers were included, i.e. 

𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 =
13

18
= 72%. 

ii) Iteration 1: 4,377 candidates from snowballing from the start set, and 68 papers were included, i.e. 

𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 =
68

4377
= 1.6%. 

iii) Iteration 2: 4,687 candidates for inclusion were generated in the backward and forward snowballing,  

1 paper was included, i.e. 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 =
1

4687
= 0.02%. 

iv) Iteration 3: 1 candidate was examined, and no paper was included, and hence the efficiency becomes: 0% 

The overall efficiency becomes: 𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 = [
(13 + 68  + 1 + 0)

18 + 4377 + 4687 + 1 
] × 100 = 0.90 % . 

According to Wohlin [24], an overall efficiency of 3.7% was obtained. In the work, the number of 

papers analyzed were not as voluminous compared to what is available in this research work. Besides, if the 

year range within which papers were selected for the iteration 2 had been extended beyond the two years of 

2022 to 2023, the efficiency would have increased beyond the 0.90% obtained. In addition to this, it was 

obvious that there was a surge in the number of papers selected from the start set, in the iteration 1, however, 

the number selected follows a descending trend as the number of iterations increases, and consequently the 

energy expended in searching and selecting papers drops, which implies an increased and optimized way of 

selecting papers for reviewing. 
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3. RESULTS AND DISCUSSION  

3.1.  Data extraction 

After a thorough review of each of the 96 papers selected for this current study. Relevant 

information and findings regarding ASR in relation to each of the research questions were extracted. These 

are presented in Tables 9 to 13 in the appendix. 
 

3.2.  Results of extracted data from selected papers 

The results of and findings from extracted data from selected papers regarding the research question:  

i) Q1: when did the development of ASR with AI start? is presented in Table 9 in the appendix. 

ii) Q2: what types of AI have been explored by various researchers to develop ASR? is presented in  

Table 10 in the appendix. 

iii) Q3: what are the benefits and disadvantages of exploring each of those algorithms mentioned in 2? is 

presented in Table 11 in the appendix. 

iv) Q4: does the exploration of AI for building an ASR system have performance improvement over the 

traditional probabilistic approaches? is presented in Table 12 in the appendix. 

v) Q5: has the introduction of AI in the development and modelling of ASR been able to achieve its 

ultimate goal to perform as a human listener? is presented in Table 13 in the appendix. 

Haven’t done a thorough review on the research questions 1-5 as enumerated, the results of various 

studies surveyed were listed in Tables 9 to 13. It can be seen from the tables that various approaches and 

methodologies involving AI, particularly machine learning and deep learning, have been explored by various 

researchers to achieve the conversion of speech to text. The tables further illustrates other existing methods 

like the probabilistic approach [17], [25], [35], template based approach [91]. More research works are 

ongoing [6], [7] to develop a more robust speech recognition that can withstand various variabilities like the 

environment, noise, speaker and most importantly to achieve the ultimate goal of speech recognition. It can 

also be seen that for extracting features from speech signals, majority of the researchers explored the MFCCs 

[1], [32], but when variability is considered, then other methods of feature extraction such as the wavelet 

transform, RASTA, and zero crossing peak amplitude (ZCPA) are explored [17], [32]. 

According to Malik et al. [2], it was noted that hybrid MFCC, perceptual linear predictive (PLP), 

and LPC can be explored most importantly for noisy environments. In [1], it was shown that the WER 

reduced by 30% when AI is explored over the probabilistic approaches even though some studies still prefer 

to use the conventional HMM in extracting features and subsequent training using machine learning [1], [17], 

[35]. Other research studies explored deep networks like CNN, RNN for feature extraction and classification 

of their models [3]. In [2], it was shown that SVM can be a better algorithm to be used for speech 

recognition, since it has an accuracy of 77.6%, which is 4% better than the HMM [92]. 
 

3.3.  Discussion: tailored to each research question 

The focus of this research is to address the research questions in relation to the evolutionary trend in 

ASR systems. Based on the results and findings detailed in the Tables 9 to 13, the findings of each question 

are hereby addressed as follows: 
 

3.3.1. Question 1  

When did the development of ASR with AI start? ASR has been an area of research that started as 

early as the 1950s. In fact most researchers [2], [34], [93] in the field of speech recognition listed this period 

as the birth of speech recognition. In [3], [17], [25], it was stated that speech recognition started at Bell 

Laboratory and it was coined Audrey speech recognition [3], [91]. In [91], speech recognition started as early 

as the 1920s and, in 1920, the first machine to recognize speech, Radio Rex toy was manufactured. However, 

the incorporation of various AI with ASR varies in years depending on the algorithm used. 

According to Anusuya and Katti [91], neural networks were first introduced in the 1950s, but they 

did not prove useful initially because they had many practical problems. Then the exploration of neural 

networks started in the 1980s [25]. With MLP, which is a type of deep learning, coming into existence in the 

1990s [17], researchers began to explore hybrid HMM+ANN [2] and then the use of DNN in 2010 [4], and 

an end to end DNN in 2017 [3]. At present, researchers are exploring deep learning architectures like the 

hybrid LSTM+RNN [2] and transformers [94]. 
 

3.3.2. Question 2 

What types of AI have been explored by various researchers to develop ASR? Different types of AI 

techniques have been explored so far to model speech recognition systems. Starting with machine learning 

architecture like the SVM, k-nearest neighbors (KNN) [95]–[97], to the well-known deep learning 

architectures like neural networks [6], CNN, RNN, LSTM, SOM, RBF, TDNN [2], transformers [29], SVM-

one against one techniques, and SVM-one against all techniques [2]. There are also hybrid mixtures like the 
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DNN+MFCC and deep learning with backpropagation [1], ANN with SVM [33], CNN with bidirectional 

long short term memory (BLSTM) and HMM collectively called convolutional long short-term memory deep 

neural network (CLDNN), and CNN with MLP and HMM [35], HMM with ANN [4], [17], SOM with DWT, 

SVM with HMM [2], fuzzy neural networks (FNN) and artificial neural fuzzy inference system (ANFIS) [2]. 

In [97], machine learning models such as decision tree (DT), extra tree (ET), KNN, logistic regression, 

XGBoost classifier, random forest (RF), and SVM were used to model the bee sound recognition system. 
 

3.3.3. Question 3 

What are the benefits and disadvantages of exploring each of those algorithms mentioned in research 

question 2? There are many benefits and disadvantages of exploring AI. The benefits depend on the type of AI 

being explored. Researchers tend to explore the AI for classification of the speech features that have been 

obtained using the statistical approach so as to have an enhanced performance in terms of WER improvement. 

Others prefer to explore AI for both the feature extraction and classification in modelling ASR systems. For 

instance in [1], DNN with many hidden layers on HMM has performance improvement on the WER, but the 

disadvantage is that it is work is rarely successful when it comes to continuous speech signal due to its inability 

to model temporal dependencies. ANNs overtrain and face the local minima problem, and also ignore the time 

variability content of the speech signal [2]. However, integrating HMM with ANNs solves these local minima 

problem, and the system is able to adapt to variability in speech signal. MLP has the inability to handle 

dynamicity of the input speech signal because they only take input of fixed length. The algorithm can only deal 

with small vocabularies, which makes them not an efficient word recognizer but a good phoneme recognizer 

[2]. Deep MLP is good for speech emotion recognition, whereas SOM and DWT integration is good for vowel 

recognition. A hybrid RBF and wavelet transform is more robust and achieves better results than a system 

involving only RBF [2]. A transformer outperforms the DNN+HMM based system in large dataset, noisy 

dataset, low resource dataset, far-field dataset; and also outperforms the RNN-based end-to-end system, 

however, it is slow in decoding process, hence a faster decoding algorithm must be developed for transformer 

for its comparison with the DNN+HMM. RNN also outperforms HMM based systems [29]. Hybrid wavelet 

transform, continuous and discrete hidden Markov models (CDHMM), and FNN in comparison with CDHMM, 

was proven to be more successful in a noisy environment; by achieving 15.2% more accuracy [98]. SVM 

cannot take varying inputs as this is the case for speech recognition data, has high computational cost when 

classifying two classes whereas SVM with RBF kernel has less processing time in the training phase, and also 

achieves a higher accuracy in comparison to MLP [99]. Considering the one against one SVM, it requires less 

training data, lower computational cost [100]–[102], however, it develops a relatively high number of binary 

SVMs [2] but the SVM-one against all has been shown to perform better than the HMM [92]. Other benefits 

and disadvantages of different AI techniques in speech recognition [103] can be seen in Table 6. 
 

3.3.4. Question 4 

Does the exploration of AI for building an ASR system have performance improvement over the 

traditional probabilistic approaches? Considering the results highlighted in Table 7, it can be seen that the 

exploration of AI has performance improvement over the probabilistic approaches. Using MFCC [104] with 

DNN has the WER reduced by 30% in comparison to the state-of-the-art models based on Gaussian mixtures 

and there is also advancement in speech spectrogram features [1]. ANN with SVM can be employed 

independently or as a hybrid model with HMM to obtain optimal results of ASR [2]. CNN with MLP and 

HMM is robust to noise, thereby improving on one of the variabilities issues in ASR, it has performance 

improvement over both the probabilistic approach and the hybrid MFCCs/PLP+ANN+HMM [35], and DNN 

with HMM produces significant error reduction [4], [105]. 
 

3.3.5. Question 5 

Has the introduction of AI in the development and modelling of ASR been able to achieve it is 

ultimate goal to perform as a human listener of ASR? Based on findings, lots of research works are ongoing, 

particularly those involving deep learning architecture aimed at making speech recognition system [106] to be 

more robust through development of techniques or using various speech feature extraction techniques like the 

wavelet transform, and RASTA filtering [107], [108]. Other speech extraction feature techniques developed for 

robust ASR systems are ZCPA, average localized synchrony detection (ALSD), perceptual minimum variance 

distortion less response (PMVDR), power-normalized cepstral coefficients (PNCC), invariant integration 

features (IIF), amplitude modulation spectrogram (AMS), Gammatone frequency cepstral coefficients (GFCC), 

sparse auditory reproducing kernel (SPARK), and Gabor filter bank features [17], [34], [109]. Also, CNN with 

many hidden layers has gain in ASR [110], [111] performance due to the large number of hidden layers 

explored [35]. In addition to all these is the exploration of transformers based architecture or integration of 

transformer with DNN [112] which is aimed at achieving the ultimate goal of ASR [6], [7]. 
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4. CONCLUSION  

This current study investigated the evolutionary trend of AI in the modelling of ASR systems. 

Thorough literature reviews by extracting information from various studies have brought light to the research 

questions being addressed in this work, starting from time when ASR came into limelight to the beginning of 

the era of the exploration of AI, and to the research question considering whether the ultimate goal of speech 

recognition systems has been achieved. The findings of this review show that robust systems are currently 

being developed to solve the noise variability in speech signals. Researchers have explored various 

approaches including using hybrid systems involving the well-known statistical approach like HMM, GMM 

particularly for feature extraction, and deep learning architectures for classification or training. Other 

researchers consider modelling to be completely DL based while some prefer to use deep learning like ANN 

for feature extraction and HMM for classification in extracting the word sequence equivalent of speech 

features, and some use transformer-based architectures. Lots of ASR systems like the Whisper, Jasper, and 

other convolutional network architecture-based speech recognition systems have been developed by various 

researchers to enhance the performance of the speech recognition system. With more speech data made 

available for the training of the systems, and development of various robust speech feature extraction 

techniques, robust speech recognition systems would be developed thereby achieving the ultimate goal of 

speech recognition system. 

 

 

LIMITATIONS  

The limitations encountered in this work are the inability to access some papers due to charges, 
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accessed after payments. However, we are of the opinion that the 82 papers utilized for this study is 

considered adequate. 
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Table 9. Results and findings regarding research questions 1 
S/N Authors and year of 

publication 

Technology used at starts of various ASR technologies and AI Starting year of each of the 

technology 

1 Nassif et al. [1], 2019 ˗ Deep learning for speech applications. 6 years 

˗ Speech received more interest right from the introduction of 

AI. 

Past 5 decades 

2 Malik et al. [2], 2021 ˗ Development of ASR started [93]. 1950s 

˗ Development of system to distinguish between words by 

Russian scientist [107]. 

1970 

˗ Introduction of n-gram model. Late 1980s 

˗ Hybrid HMM and a feed-forward ANN. Early 2000s 

˗ LSTM, a type of RNN plus various deep learning techniques 
are being used [108] 

Currently in use 

3 Dubey and Shah [3], 

2022 

˗ Development of Audrey speech recognition system by Bell 

Laboratories Researchers. 

1952 

˗ Deep speech, a state-of-the-art speech recognition system 

developed using end-to-end deep learning. 

2017 

4 Huang et al. [4], 2014 DNN. 2010 
5 Saksamudre et al. [32], 

2015 

Research in various ways and means to make computer record, 

interpret and understand human speech. 

Since 1960 

6 Desai et al. [30], 2013 Development of ASR started. Past 60 years 
7 Karpagavalli and 

Chandra [17], 2016 

˗ Great amount of research has been done on speech recognition 

and its application. 

More than 3 decades. 

˗ Pattern-matching approach (HMM and DTW) became 
predominant. 

Past 6 decades. 

˗ Popularity of MLP with the SoftMax nonlinear function at the 

final layer. 

1990s 

˗ Acoustic modelling approach: neural networks trained by 

back-propagation error derivatives. 

1980s 

8 Gaikwad et al. [34], 
2010 

˗ Deciphering of speech started. 1980s 
˗ Computer scientists have been researching ways on human 

speech recognition by computers. 

1960s 

˗ First attempt in speech recognition at Bell Laboratories. 1950s 
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Table 9. Results and findings regarding research questions 1 (continued) 
S/N Authors and year of 

publication 

Technology used at starts of various ASR technologies and AI Starting year of each of the 

technology 

9 O’Shaughnessy [25], 

2008 

˗ Small-vocabulary recognition for digits spoken over the 

telephone at the Bell Laboratory. 

1952 

˗ Filter banks were combined with dynamic programming. 1960s 
˗ LPC. 1969 

˗ Dynamic time warping (DTW); HMM. 1970s; 1975 

˗ MFCC; language models. 1980; 1980s 
˗ Neural networks; wavelet transform. 1980s; 1990 

˗ Kernel-based classifiers. 1998 

˗ Dynamic Bayesian networks. 1999 
10 Anusuya and Katti 

[91], 2009 

˗ Machine recognition of speech came into existence. Early 1920s 

˗ The first machine to recognize speech, Radio Rex (toy) was 

manufactured. 

1920 

˗ Bell Labs demonstrated a speech synthesis machine (which 

simulates talking) at the World Fair in New York; Bell 

laboratories, built a system for isolated digit recognition for a 
single speaker. 

1939; 1952 

˗ The pioneering research of Reddy in the field of continuous 

speech recognition by dynamic tracking of phonemes. 

1960s 

˗ A shift from template-based approach to statistical modelling 

methods involving the HMM. 

1980s 

˗ Neural networks were first introduced, but they did not prove 
useful initially because they had many practical problems. 

1950s 

 

 

Table 10. Findings of research questions 2 
S/N Authors and year of 

publication 

Types of AI Features of the AI Applications 

1 Nassif et al. [1], 2019 1. DNN, DNN+HMM; 

2. DNN+MFCC; 

3. MLP; 

4. Deep learning with backpropagation; 
5. MFCCs, residual connection, PLP, bark frequency 

cepstrum coefficients (BFCC), batch normalization, 

linear discriminate analysis (LDA) transform, 

heteroscedastic linear discriminant analysis 

transform (HLDA) transform, maximum likelihood 

linear transform (MLLT), short time Fourier 

transform (STFT), and log power spectral (LPS), 
LPC; 

6. Hybrid DNN model involving unsupervised 

(generative model) and supervised (discriminative 

model); 

7. Recursive neural network (RNN) with hessian free 

optimization; and 

8. LSTM. 

1. Large number of 

hidden layers. 

1. Training of the 

network;  

3. Speech spectrogram 

features; 
5. Feature extraction 

from the speech 

signals; and 

8. Ability to generate 

sequence of text 

characters. 

2. Malik et al. [2], 2021 1. Spectral features (MFCC, PLP, and LPC, linear 
predictive cepstral coefficients (LPCC)), temporal 

features (DWT or discrete wavelet packet transform 

(DWPT) or RASTA-PLP); 

2. Hybrid models: 

˗ LPCC+RBF+HMM 

˗ CNN+BLSTM+batch normalization+ ReLU 

˗ FNN wavelet transforms 

˗ ANFIS and (SOM+vector quantization (VQ)) 
≥for clustering 

˗ SVM+HMM [100], [101] 

˗ SVM (one-against all techniques)+RBF Kernel 

3. Non hybrid models: 

˗ HMM+Wavelet Transform; fast Fourier 

transform (FFT)+MFCC+MLP, 

˗ MFCC+DWT+MLP; sparse MLP (SMLP) 
˗ SOM+DWT=Wavelet; SOM (WSOM),  

˗ MFCC+LPC+ SOM; RBF+LPCC 

˗ Wavelet transformation+RBF; 

˗ Temporal RBF; RNN or bidirectional RNN 

˗ LSTM; CNN 

˗ CNN+three different types of input, which  

˗ Included MFCC, power spectrum, and raw 

wave 
˗ Format; CDHMM; FNN; SVM [95] 

4. SVM (one-against one techniques)+MFCC 

1. Spectral features 
methods are suitable for 

clean data, while 

temporal feature methods 

are fit for noisy speech 

data. 

2. Can withstand noisy 

speech signals, the 

membership function 
proves to be very useful 

to map speech signals, as 

they have no clear 

boundaries. 

1. Feature extraction 
from speech signals. 

2. For feature 

extraction and 

classification. 

3. For feature 

extraction and 

classification. 
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Table 10. Findings of research questions 2 (continued) 
S/N Authors and year of 

publication 

Types of AI Features of the AI Applications 

3. Dubey and Shah [3], 

2022 

1. RNN training system utilizing multiple graphical 

processing units (GPUs) [Deep Speech]; 

2. HMM, N-Gram; 

3. RNN; 
4. CNN; and 

5. ANN 

2. The model’s 

parameters consist of 

state transition 

probabilities along with 
the means, variances, and 

mixture weights that 

define the output 

distribution of each state. 

5. Classification and 

recognition of static 

patterns is the main 

advantage of ANNs. 

4 Huang et al. [4], 

2014 

1. HMM+Gaussian density; 

2. HMM+DNN; and 

3. FFT, filter bank: for feature extraction. 

  

5 Saksamudre et al. 

[32], 2015 

1. Hamming rectangular, Blackman, Welch or 

Gaussian; 

2. MFCC [36], LPCC, PLP, wavelet, RASTA-PLP 

(relative spectral transform), principal component 

analysis (PCA), LDA, Independent component 

analysis (ICA), LPC, filter bank analysis, kernel-

based feature extraction method, cepstral mean 

subtraction (CMS); 
3. HMM; and 

4. Bi-gram, tri-gram, n-gram. 

 1. To perform window 

functions; 

2. For feature 

extraction in speech; 

3. For acoustic 

modelling; and 

4. For language 

modelling.  

6 Desai et al. [30], 

2013 

1. LPC, MFCC, AMFCC, PLP, PCA, cepstral 

analysis; and  

2. HMM 

 1. For feature 

extractions;  

2. Pattern recognition 

approach for 

classifying speech 

signal features. 
7 Karpagavalli and 

Chandra [17], 2016 

1. PCA, LDA, ICA, (LPC, cepstral analysis, mel-

frequency scale analysis, filter-bank analysis, 

MFCC, kernel-based feature extraction, dynamic 

feature extraction, wavelet-based features, spectral 

subtraction, and CMS; 

2. Noise robust speech recognition: ZCPA, ALSD, 

PMVDR, PNCC, IIF, AMS, GFCC, SPARK, and 
Gabor filter bank features are effectively applied 

[37]; 

3. Segmental models, super-segmental models 

(including hidden dynamic models), neural networks, 

maximum entropy models, and (hidden) conditional 

random fields; 

4. CMU statistical language modelling (SLM) 

toolkit, Stanford Research Institute Language 
Modelling toolkit; 

5. Viterbi algorithm, beam search, extended Viterbi 

and forward-backward algorithms [110]; 

6. HMM; 7. DTW; 8. HMM+GMM; 

9. HMM-ANN: e.g. HMM+MLP; and 

10. HMM+DNN e.g. deep auto-encoders, deep 

Boltzmann machine, sum-product networks, the 
original form of deep belief network (DBN) and its 

extension to the factored higher-order Boltzmann 

machine in its bottom layer, deep-structured CRF, 

tandem-MLP architecture, deep convex or stacking 

network and it is tensor version, and detection-based 

ASR architecture.  

8. The HMM is 

characterized by the 

initial probability, 

transition probability and 

emission probability. 

1. For feature 

extraction; 2. For 

feature extraction of 

noisy data; 

3. For acoustic 

modelling of speech 

signals. 
4. Toolkits for ASR 

system; 

5. Decoding methods 

of the ASR system; 

6. Stochastic pattern 

matching; 

7. Deterministic 

pattern matching; 
8. For a generative 

learning approach; 

9. For a discriminative 

learning approach; and 

10. For deep learning 

approach. 

8 Gaikwad et al. [34], 

2010 

1. HMM+learning VQ (LVQ); 

2. LPC; 
3. RASTA filtering; 

4. Spectral subtraction; 

5. Wavelet; 

6. PCA; 

7. Cepstral analysis; and 

8. Dynamic feature extraction: LPC, MFCCs 

2. It has 10-16 lower 

order coefficients;  
3. For noisy speech; 

4. Robust feature 

extraction methods; 

5. Better time resolution 

than Fourier transform; 

6. Eigen vector based, 

fast, nonlinear feature 

extraction methods, it has 
a linear map; 

7. Static feature 

extraction method; 

8. Acceleration and delta 

coefficients (II, III) order 

derivatives of normal 

LPC and MFCCs 
coefficients. 

1. It produces highly 

discriminative 
reference vectors for 

the classification of 

static patterns; 

2. For feature 

extraction; 

3. Same as above; 

4. Same as above; 

5. Same as above; 
6. Same as above; 

7. Same as above; and 

8. Same as above. 
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Table 10. Findings of research questions 2 (continued) 
S/N Authors and year of 

publication 

Types of AI Features of the AI Applications 

9 O’Shaughnessy [25], 

2008 

1. Filter banks were combined with dynamic 

programming; 

2. LPC; 

3. DTW; 

4. HMM; 
5. Mel-frequency cepstrum; 

6. Language models; 

7. Neural networks; 

8. Wavelet transform; 

9. Kernel-based classifiers; and 

10. Dynamic Bayesian networks 

 1. For feature 

extraction; 

2. For feature 

extraction; 

3. For classification; 
4. For classification; 

5. For feature 

extraction; 

6. For stochastic 

description of text 

likelihood; 

7. For classification; 

8. For feature 
extraction; 

9. For classification; 

and 

10. For classification 

10 Palaz et al. [35], 

2019 

1. CNN; 

2. CNN+BLSTM+DNN (CLDNN); 

3. MFCCs/PLP+ANN+HMM; 
4. CNN+MLP+HMM; 

5. Filter bank or critical band energies; 

6. Short-term magnitude spectrum features; and 

7. Improved MFFCs: MFCC+LDA+MLLT+FMLLR 

1. It consists of several 

convolution layers and 

classifier stage consisting 
of MLP. 

1. Used for feature 

extraction, 

classification; 
2. Used ASR 

modelling; 

3. For ASR modelling; 

4. For ASR modelling; 

5. For feature 

extraction; 

6. Same as above; and 

7. Same as above 
11 Karita et al. [29], 

2019 

Transformer Ability to withstand 

noise, and it can train 

well both in small and 

large resource data. 

For developing ASR 

systems. 

12 Cutajar et al. [33], 

2013 

1. HMM+GMM; and 

2. ANN+SVM  

1. They are generative 

approach; and  

2. They are 

discriminative approach 

1. For modelling ASR 

systems; and 

2. For modelling ASR 

systems. 
13 Pandey [111], 2022 Soft computing approach (GA) For the preparation of 

ANN. 

To obtain a more 

precise and optimal 

arrangement. 

14 Anusuya and Katti 

[91], 2009 

1. PCA; 

2. Mel-frequency cepstrum (MFFCs); and 

3. The maximum likelihood linear regression 

(MLLR), the model decomposition, parallel model 
composition (PMC), and the structural maximum a 

posterior (SMAP) method 

1. Non-linear feature 

extraction method, 

Linear map; fast; 

eigenvector-based; and 
2. Power spectrum is 

computed by performing 

Fourier analysis 

1. Traditional, 

eigenvector based 

method, also known as 

Karhuneu-Loeve 
expansion; good for 

Gaussian data, for 

feature extraction; 

2. For extracting 

feature vectors in 

speech signals; and 

3. For robust speech 

recognition. 
15 Murugesan [109], 

2014 

1. Feature-domain vs. model-domain compensation;  

2. Compensation using prior knowledge about 

acoustic distortion; 

3. Compensation with explicit. vs. implicit distortion 

modelling; 

4. Disjoint vs. joint model training; and 

5. Compensation with deterministic vs. uncertainty 
processing. 

 1. Techniques used for 

noise robust ASR. 

16 Mehrish et al. [94], 

2023 

Conformers=hybrid CNNs and transformers. It has input, 

convolutional, self-

attention, feedforward, 

and output layers. 

For classification in 

speech processing. 

17 Phan et al. [97], 2023 1. DT; 

2. XGBoost or extreme gradient boosting; 

3. RF; 
4. ET; 

5. k-nearest neighbor (KNN); 

6. Logistics regression; 

7. SVM; and 

8. MFCCs 

 1. For classification 

and regression; 

2. For classification; 
3. For classification; 

4. For classification; 

5. Same as above; 

6. Same as above; 

7. Classification or 

regression; and 

8. For feature 

extraction 

 



Int J Artif Intell  ISSN: 2252-8938  

 

 Evolutionary trends in automatic speech recognition with …  (Gabriel Oluwatobi Sobola) 

39 

Table 11. Findings of research questions 3 
S/N Authors and year 

of publication 
AI algorithms/technologies Benefits Disadvantages 

1 Nassif et al. [1], 

2019 

1. DNN with many hidden 

layers on HMM; and 

2. MFCC with DNN 

1. WER improvement; and 

2. Advancement in speech spectrogram 

features  

1. Neural networks 

struggle with continuous 

speech due to poor 
temporal modeling. 

2 Malik et al. [2], 

2021 

1. MFCC; 

2. LPCC; 
3. PLP; 

4. RASTA-PLP; 

5. DWT; 
6. DWPT; 

7. MFCC, PLP, and LPC; 

8. DWT, LPCC, and WPT; 
9. MFCC, PLP, and LPC with 

either DWT; 

10. MFCC, PLP, and LPC 

with either DWPT; 

11. HMM+Wavelet 

Transform= hidden Markov 
tree (HMT) model; 

12. ANNs; 
13. HMM+ANNs; 

14. MLP; 

15. Deep MLP; 
16. SOM+DWT; 

17. RBF+LPCC;  

18. RBF+Wavelet 
transformation  

19. Neural networks, both 

feed-forward and recurrent; 
20. HMM+neural networks  

21. FNN; 

22. Hybrid wavelet 
transforms, CDHMM, and 

FNN; 

23. SOM+VQ+ANFIS; 
24. SVMs; 

25. SVMs+RBF kernel; 

26. One-against-one (SVM) 
method; and 

27. One-against-one (SVM) 

classifier in combination with 
a majority voting technique 

2. It is 10% more efficient and 5.5% faster 

than MFCC; 
3. It achieved 0.2% more accuracy than 

MFCC; 

4. Performs better for noisy dataset than 
any other feature extraction methods; 

5. It is very robust to noise as it works 

with localized time and frequency 
information; 

6. In comparison with MFCC, a reduction 

of 20% in WER was achieved; 

7. Achieve good accuracy in clean 

environments; 

8. Show better results in noisy 
environments; 

9. It makes the ASR more robust; 
10. Same as above; 

11. To boost the performance of wavelet-

based algorithms; 
13. Solve the problems highlighted in 12; 

15. Good for speech emotion recognition; 

16. Good for vowel recognition; 
17. Training and testing speed is faster 

than that of MLP; 

18. It is more robust and achieve better 
results than a system involving only RBF; 

20. Solve the problem of 19 by finding the 

alignment between the input audio and its 
transcribed output; 

21. Membership functions are effective for 

mapping speech signals with unclear 
boundaries, yielding better results on small 

datasets as they converge during learning; 

22. In comparison with CDHMM, it was 
proven to be more successful in a noisy 

environment; by achieving 15.2% more 

accuracy [98]; 
23. Performs better than a conventional 

FNN [112]; 

25. It has less processing time in the 
training phase, and also achieved a higher 

accuracy in comparison to MLP [99]; 

26. It requires less training data, lower 
computational cost [100], [102]; and 

27. It has an accuracy of 77.6%, which 

was 4% better than the HMM.  

1. Not adaptive to noise; 

4. It may not perform well 
for speech signals obtained 

in clean environments; 

7. Do not perform well in 
noisy environments; 

12 They overtrain and face 

the local minima problem, 
and also ignore the time 

variability content of the 

speech signal; 

14. Inability to handle 

dynamicity of the input 

speech signal because they 
only take input of fixed 

length., the algorithm can 
only deal with small 

vocabularies, which makes 

them not an efficient word 
recognizer but a good 

phoneme recognizer; 

19. It is only good for 
frame-wise classification 

of the input audio signal; 

24. Cannot take varying 
inputs as this is the case for 

speech recognition data, 

has high computational 
cost when classifying two 

classes; and 

26. It develops a relatively 
higher number of binary 

SVMs 

3 Dubey and Shah 

[3], 2022 

 

1. RNN training system 

utilizing multiple GPUs 

[Deep Speech]; 
2. HMM, N-Gram; 

3. CNN; 

4. RNN; and 
5. ANN+HMM 

1. It can learn robustness to noise or 

speaker variation automatically; 

3. works very well for classifying the 
vowel sounds with stationary spectra; 

4. It can cope with the time varying 

information like time-varying spectra of 
speech sounds; and 

5. It gives optimized results. 

3. It poorly performs for 

phoneme discrimination of 

consonants, which are 
characterizes by variations 

of their short-term spectra 

4 Huang et. al. [4], 
2014 

1. HMM+Gaussian density; 
2. HMM+DNN; 

3. FFT, Filter bank: for 

feature extraction; 
4. Deep learning; and 

5. RNN 

2. It overcomes the inefficiency in data 
representation via the DNN; Deep learning 

can also be used to learn powerful 

discriminative features for a traditional 
HMM speech recognition system; It 

produces significant error reduction; 

4. It significantly improves acoustic 
modelling quality; and 5. It significantly 

improved the N-gram language model. 

1. There is inefficiency in 
data representation by the 

GMM. 
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Table 11. Findings of research questions 3 (continued) 
S/N Authors and year 

of publication 

AI algorithms/technologies Benefits Disadvantages 

5 Saksamudre et al. 

[32], 2015 

1. ANN; MFCC [96]; 

2. Kernel based feature  

extraction method; 
3. LPC; 

4. Wavelet; 

5. RASTA-PLP (relative 
spectral transform); 

6. PCA; 

7. LDA; 
8. ICA; 

9. CMS; 

10 Filter Bank analysis 

1. It minimizes the modelling unit, 

generally in the phoneme modelling so as 

to advance the RR of the entire system by 
improving the RR of phonemes; It is good 

for finding features; 

2. It is used to remove noisy and redundant 
features. It helps to improve the 

classification error; 

3. It allows the use of fixed resolution along 
a mel frequency scale for spectral analysis; 

4. “It replaces the fixed bandwidth of 

Fourier transform with one proportional to 
frequency which allows better time 

resolution at high frequencies than Fourier 

transform.” [32]; 
5. It is suitable for extracting features from 

noisy data; 

6. It is suitable for gaussian data; 
7. It is good for PCA classification; 

8. “Blind than PCA for classification.” [32]; 

9. It is similar to MFCC but works on the 
mean statistical parameter; and 

10. Provision of any frequency resolution 

(wide or narrow) for spectral analysis. 

1. They are not robust in the 

presence of additive noise; 

2. It has a slow similarity 
classification speed; 

3. On the linear scale, 

frequencies are weighted 
equally while the frequency 

sensitivity of the human ear 

is close to the logarithmic; 
4. It requires longer 

compression time; 

5. The dependency of the 
data on the previous context 

is increased; 

6. Maximizing information 
is not equivalent to the 

direction of maximizing 

variance; 
7. Inability to preserve any 

complex structure of the 

data, which may be needed 
for classification if the 

distribution is significantly 

non-Gaussian; 
8. Unordered of extracted 

components; and 

10. It takes more processing 
time and calculation than 

discrete Fourier analysis. 

6 Desai et al. [30], 
2013 

1. LPC; 
2. LPCC; 

3. MFCC; and 

4. HMM 

1. To determine the basic parameters of 
speech, it provides a computational 

model of speech and precise estimation of 

speech parameters; and 

2. It allows easy incorporation of 

knowledge sources into organized 

architecture 

2. They are highly sensitive 
to quantization noise; and 

4. It does give much insight 

on the recognition process. 

7 Karpagavalli and 

Chandra [17], 2016 

1. HMM-GMM; 

2. HMM-ANN; and 

3. HMM-DNN 

1. It offers better generalization properties 

and lower memory requirements, and 

variable length data sequences can be 
handled by the HMM. HMM-based models 

are simple and computational feasible to use; 

2. Short-time units such as individual 
phones and isolated words can be classified 

effectively by the ANN. The NN can be 

used for pre-processing, and dimensionality 
reduction in the HMM-ANN based; and 

3. The DNN is used to characterize the 
properties (high-order correlation) of the 

data. The DNN provides discriminative 

power for classification of patterns. 

1. The Gaussian mixture in 

the HMM-based model is 

statistically inefficient to 
model data that lie on or 

near a non-linear manifold 

in the data space; and 
2. For continuous 

recognition tasks, the neural 

networks are rarely 
successful. 

8 O’Shaughnessy 

[25], 2008 

1. Filter banks were 

combined with dynamic 

programming; 
2. LPC; 

3. DTW; 

4. HMM; 
5. Mel-frequency cepstrum; 

6. Language models; 

7. Neural networks; 
8. Wavelet transform; 

9. Kernel-based classifiers; 

and 
10. Dynamic Bayesian 

networks 

1. It is mostly used for words spoken in 

isolation (i.e., with pause after each word), 

so as to simplify the task; 
2. It is beneficial for automatic, simple 

speech compression; 

3. It reduces search while it allows temporal 
flexibility; 

4. It treats both temporal and spectral 

variation statistically and more flexible than 
DTW; 

5. It has an improved auditory-based speech 

compression; 
6. Improves the accuracy of ASR; 

7. It is an excellent static nonlinear 

classifier; 
8. The variability in the time-frequency that 

is tiling more closely matches human 

perception; 
9. Better discriminative training; and 

10. More general statistical networks. 

4. It has the frame-

independence assumption, 

from the use of first-order 
Markov models; and 

7. They are relatively 

inflexible to handle timing 
variability. 
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Table 11. Findings of research questions 3 (continued) 
S/N Authors and year 

of publication 
AI algorithms/technologies Benefits Disadvantages 

9 Hagen and A. 

Morris [5], 2005 

1. HMM+GMM; 

2. HMM+MLP; and 

3. HMM+ANN 

1. It is good for modelling ASR system 

that takes model adaptability into 

consideration; 
2. Unlike GMM, MLP is capable of 

handling nonlinear processing; and 

3. Since ANNs model posterior 

probabilities p(w/x) whereas GMMs 

model likelihoods p(x/w), ANNs are 

better suited for multi-expert 
combination. 

1. Not suitable for an 

expert system that 

estimates the posterior 
probability; and 

3. They are not suitable 

for modelling noise or 
speaker adaptability in an 

ASR system.  

10 Palaz et al. [35], 

2019 

1. CNN; 

2. CNN+BLSTM+DNN 
(CLDNN); 

3. MFCCs/PLP+ANN+HMM; 

4. CNN+MLP+HMM; 
5. Filter bank or critical band 

energies; 

6. Short-term magnitude 
spectrum features; 

7. Improved MFFCs: 
MFCC+LDA+MLLT+FMLLR

; and 

8. DNN 

1. It achieves performance comparable or 

better than feature extraction methods; 
2. It is used to classify phones. It yields 

performance comparable to the case 

where the input to CLDNN is log filter 
bank energies; 

3. It yields better performance than 

GMM+HMM; 
4. It gives better performance than hybrid 

MFCCs/PLP+ANN+HMM; 
5. It is used as input to the CNN system-

based classifiers; 

6. It is used as input to the DNN 
classifiers; and 

7. It gives better performance than the 

conventional MFCCs. 

8. It yields an inferior 

system when compared to 
standard acoustic 

modelling. 

11 Karita et al. [29], 

2019 

1. Transformer; and 

2. RNN 

1. It outperforms the DNN + HMM based 

system in large dataset, noisy dataset, low 

resource dataset, far-field dataset; and 
also outperforms the RNN-based end-to-

end system; and 

2. It performs better than HMM based 
systems. 

1. It is slow in decoding 

process; hence a faster 

decoding algorithm must 
be developed for 

transformer for its 

comparison with the 
DNN+HMM 

12 Cutajar et al. 

[33], 2013 

1. MFCCs; and 

2. SVM  

1. They have the ability to model the time 

distribution of speech signals; and 
2. It can achieve, either comparable or 

even better results than the HMMs 

1. It lacks robustness to 

noise, struggles to decode 
multiple phonemes in 

continuous speech, and 

relies solely on the power 
spectrum, ignoring phase 

information that is 

valuable for human 
speech perception.  

13 Pandey [111], 

2022 

Soft computing approach 

(GA)-using GA to prepare 
ANN 

The speech acknowledgment speed of 

ANN is much faster than HMM's. 

The HMM has a little 

higher acknowledgment 
rate than ANN. 

 

 

Table 12. Findings of research questions 4 
S/N Authors and 

year of 

publication 

Traditional 
probabilistic approach 

to ASR 

Artificial intelligence 
approach 

Performance improvement of ai over traditional 
probabilistic approach 

1 Nassif et al. 

[1], 2019 

1. HMM+GMM; and 

2. HMM+GMM 

1. Neural network for pre-

processing e.g. feature 
transformation, 

dimensionality reduction for 

the HMM based recognition; 
Deep recognition base on 

deep learning; and 

2. MFCC+DNN 

1. The WER reduced by 30% in comparison to 

the state-of-the-art models based on Gaussian 
mixtures; and 

2. Advancement in speech spectrogram features 

2 Malik et al. 

[2], 2021 

1. HMM; and 

2. HMM 

1. ANN+SVM; and 

2. SVMs 

1. The technique (ANN+SVM) can be 

employed independently or as a hybrid model 

with HMM to obtain optimal results of ASR; 
and 

2. Modification strategies like one-against-all 

and one-against-one enable SVM to handle 
multi-class classification effectively, achieving 

results that are equal to or better than HMM. 

3 Huang et. al. 
[4], 2014 

HMM+GMM DNN HMM It produces significant error reduction. 
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Table 12. Findings of research questions 4 (continued) 
S/N Authors and 

year of 
publication 

Traditional 

probabilistic approach 
to ASR 

Artificial intelligence 

approach 

Performance improvement of ai over traditional 

probabilistic approach 

4 Hagen and 

Morris [5], 
2005 

HMM+GMM 1. Multiband hybrid 

HMM+ANN; 
2. All combination multiband 

hybrid HMM+ANN; 

3. All combination multi 
stream hybrid HMM+ANN; 

4. Multi stream tandem 

hybrid HMM+ANN; 
5. Narrow band tandem 

hybrid HMM+ANN; and 

6. SVM 

1. It is a multi-expert system that involves the 

feature combination, posterior probabilities 
combination of ANN and hypothesis 

combination, which are used for performance 

improvement in HMM+ANN model by making 
the system more robust to unpredictable signal 

distortion;  

2. Same as above; 
3. Same as above; 

4. Same as above; 

5. Same as above; and 
6. It was developed for use with high 

dimensional data. 

5 Palaz et al. 
[35], 2019 

HMM+GMM 1. 
MFCCs/PLP+ANN+HMM; 

and 

2. CNN+MLP+HMM 

1. There is performance improvement in WER 
and PER over the probabilistic approach; and 

2. Robust to noise, thereby improving on one of 

the variabilities issues in ASR, has performance 
improvement over both the probabilistic 

approach and the hybrid 

MFCCs/PLP+ANN+HMM. 

 

 

Table 13. Findings of research questions 5 
S/N Authors and year 

of publication 

Technologies at 

the beginning 

Present day technologies for 

ASR 

Comparison of the two sets of technologies in 

terms of performing efficiently as a human 
listener terms of performance improvement 

1 Malik et al. [2], 

2021 

HMM ANN HMM alone cannot achieve the ultimate goal of 

ASR. Hybrid models and ANN can help achieve 

much better results [103], [105]. 
2 Palaz  et al. [35], 

2019 

GMM+HMM 1. MFCC/PLP+ANN+HMM,  

MFCC/PLP+MLP+HMM,  

MFCC/PLP+TDNN+HMM, 
MFCC/PLP+RNN+HMM,  

MFCC/PLP+CNN+HMM; and 

2. CNN+MLP+HMM 

1. Has better WER, and PER performance than 

GMM+HMM based system; 

2. – CNNs with deep architectures improve ASR 
performance by leveraging the large number of 

hidden layers. Combining CNN for feature 

extraction, MLP for classification, and HMM for 
decoding scales effectively to continuous ASR, 

consistently outperforming conventional cepstral 

feature-based systems across all tested corpora. It 
yields consistently a better system with fewer 

parameters compared to the conventional 

MFCC/PLP+ANN+HMM approach, where 
MFCCs/PLP are used for feature extraction, 

ANN for classification, and HMM for decoding; 

and 
– In the CNN+MLP+HMM framework, the first 

convolutional layer automatically learns 
‘in-parts,’ and the subsequent filtering produces 

intermediate feature representations that are 

more discriminative than traditional cepstral 

features used in MFCC/PLP+ANN+HMM 

systems. 
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