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Abstract: Urdu Language ranks ten and is continuously progressing. This unique PRISMA-Driven review deeply
investigates Urdu speech recognition literature and adjoin it with English, Mandarin Chinese, and Hindi languages
frame-works conceptualizing wider global perspective. The main objective is to unify progress on classical Artificially
Intelligent (Al) and recent Deep Neural Networks (DNN) based speech recognition pipeline encompassing Dataset
challenges, Feature extraction methods, Experimental design and the smooth integration with both Acoustic models
(AM) and Language models (LM) using Transcriptions. A total of 176 articles were extracted from Google Scholar
database for each language with custom query design. Inclusion criteria and quality assessment leads to end up with 5
review and 42 research articles. Comparative research questions have been addressed and findings were organized by
four possible speech types: Isolated, connected, continuous and spontaneous. The finding shows that English, Mandarin,
and Hindi languages used spontaneous speech size of 300, 200 and 1108 hours respectively which is quite remarkable
as compared to Urdu spontaneous speech data size of only 9.5 hours. For the same data size reason, the Word Error
Rate (WER) for English falls below 5% while for Mandarin Chinese the alternative metric Character Error Rate (CER)
is mostly used that lies below 25%. The success of English and Chinese Speech recognition leads to incomparable
accuracy due to wide use of DNNs like Conformer, Transformers, E2E-attention in comparison to conventional feature
extraction and Al models LSTM, TDNN, RNN, HMM, GMM-HMM; used frequently by both Hindi and Urdu.

Index Terms: PRISMA, Speech-to-Text (STT), ASR, Transformer, Conformer, LSTM, Speech Recognition, HMM,
Language Models.
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1. Introduction

Speech-to-Text (STT) systems provide seamless communication between humans and machines. High-tech
organizations have developed state-of-the-art (SOTA) technology based on Automatic Speech Recognition (ASR)
systems [1-3], supporting many languages e.g., English, German, French, Spanish, Italian, and Japanese. Today’s ASR
technology is thus a commonly deployed Artificial Intelligent (Al) tools in many e-governments, e-business, and e-
healthcare platforms [4-7]. Table 1 shows four possible speech types to begin with STT systems and are named as:
Isolated speech, Connected word speech, Continuous Speech, and Spontaneous Speech. In isolated speech, speakers
must stop between each spoken word. Connected words on the other hand require not to be silent between two or more
words during speech recording. For Continuous and Spontaneous, speakers are allowed to speak naturally but
spontaneous includes natural emations as well e.g., singing, coughing, and laughing. Datasets for Speech recognition is
widely available in recorded form and vary from each other based on the number of speakers, vocabulary size, sampling
rate, and storage format of the recorded session e.g., mp3, wav, and flac.

Based on vocabulary size, any speech dataset is considered as small, medium, large, or very large. Small
vocabulary consists of less than 50 words i.e. 10 or 20 words [8,9]. Medium vocabulary contains words in hundreds e.g.,
115, 139, 250 [10-12]. A large vocabulary contains a few thousand words, such as 4000 or 5000 words [13,14] while a
very large vocabulary has more than a thousand words i.e., 900,000 or 1,300,000 words [15,16]. According to
Ethnologue [17], English, Mandarin Chinese, and Hindi are the world’s topmost spoken languages with 1,452, 1,118,
and 602 million speakers as shown in Fig. 1. Furthermore, it is notable that Urdu has a considerable number of speakers,
making it the 10th most widely spoken language in the world. Despite its substantial speakers, limited research has been
conducted on Urdu ASR systems, which are not considered sufficiently reliable or comprehensive for the ASR world.
Hence, there is a need to develop an efficient ASR system for the Urdu language to position Urdu competitively in the
realm of ASR technology. In this review, we include all four speech types of English, Mandarin Chinese, Hindi, and
Urdu to investigate various aspects of ASR systems developed in these languages including datasets, feature extraction,
experimental design, acoustic models and language models.

Table 1. Type of speech for english, chinese, hindi and urdu language

Languages
Type of Speech - - —
English Chinese Hindi Urdu
Isolated Word N )
(simple) Travel AT RIEN S
Conrzsicntqe;e\)Nord Whatever FEAA S aft st >
Continuous | We have plenty of time | &A1 4510 |SHR U 39 [T BTHT THT | by o e S
(challenging) for that 5 18] g = s G
Spontaneous | <laugh>l laughed alot | <Z>EAHZET | <GIA>TF S U TA | s S o pme<livis>
(challenging) at that B2 gt amg ]

Number of speakers for top spoken languages
1,600,000,000

1,400,000,000 m English
B Mandarin Chinese
1,200,000,000

Hindi

1,000,000,000 Spanish

800,000,000 m French

m Standard Arabic
600,000,000

Number of Speakers

m Bengali
400,000,000 M Russian
e I I I I I l

; noms

Languages

W Portuguese

H Urdu

Fig.1. Top 10 languages of the world with total speakers

In this review, we include all four speech types of English, Mandarin Chinese, Hindi, and Urdu, and investigate
various aspects of ASR systems developed in these languages including datasets, feature extraction, experimental
design, acoustic and language models. Through a comparative analysis of ASR methodologies and findings, we aim to
provide insights into the unique challenges and opportunities posed by each linguistic context, focusing on the
development of Urdu ASR. We have taken inspiration from existing ASR studies [18,19] and applied the Preferred
Reporting Items for Systematic Reviews and Meta-analyses (PRISMA) to this ASR review [20]. PRISMA is an
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evidence-based minimum set of items that helps researchers write high-quality Systematic Literature Reviews (SLRS)
and meta-analyses. Most PRISMA literature review revolves around medical studies [21-23] but has recently become
popular for NLP studies, e.g., speech recognition [19,18], Hate Speech Detection [24], Text-based Depression Detection
[25], Phishing Email Detection [26], Alzheimer’s disease detection from speech [27] and several others.

2. Speech Recognition Pipeline

ASR enables machines to recognize human speech and convert it into a sequence of text. The general Deep Neural
Network (DNN) based high-level speech recognition pipeline comprised of a large speech database, pre-processing,
feature extraction, experimental protocol, acoustic model, enormous transcription, and a language model. Fig. 2 shows
common pre-processing techniques namely Noise Removal, Pre-emphasis, and Voice Activity Detection (VAD) [28,29].
Noise removal aims to remove unwanted background noise from speech signals [30]. Pre-emphasis improves the quality
of the speech signals by boosting their high-frequency units [14,30,31]. Voice Activity Detection (VAD) detects speech
segments and thus removes silence from the speech signals [11]. Next to pre-processing is feature extraction which aims
to convert audio signals into pattern vectors. The Mel Frequency Cepstral Coefficient (MFCC) is the most common
feature extraction technique as it mimics the human hearing system [8,32-38]. Deep Neural Network (DNN) experiment
protocol requires splitting of the dataset into training and testing using cross-validation techniques like Hold-out [35,38-
40] and K-folds [31].

Voice Activity
Detection (VAD)

‘ Noise Removal ‘ ‘ Pre Emphasis ‘ ‘

Preprocessing preprocessed

Signals

1 Patterns

'
'
' ' Mel Frequency Cepstral
S I - - Contctent (120
| ' '

splitred data for |

trainingof 1 Experimental Protocol Feature Extraction
acoustic model | Inference after training '
N
m:d.lcz@m from Large text
Acoustic Model — #eowticmode Language carpus for LM
(AM) Model (LM)

with LM

Predictions l Transcriptions

“unemployment
caused by AI"
(Sequence of words)

Fig.2. DNN based high level speech recognition pipeline

After data splitting, the training set is passed to the acoustic model, which generates a phonetic stream. The most
common generative approaches for acoustic models are Gaussian Mixture with Hidden Markov Model (GMM-HMM)
[8,34,36,37], Recurrent Neural Network (RNN) [33,38], Long Short-Term Memory (LSTM) [37,41,42], Convolution
Neural Network (CNN) [9,33,36,43], Time Delay Neural Networks (TDNN) [34,37,38]. The most recent technique is
transformer [44-46]. The acoustic model itself is insufficient to account for standard grammar rules, variations in
speaking styles, and dialects. Therefore, a language model is trained using a large text corpus i.e., books or articles,
which transforms the sequence of phonetic units from an acoustic model into the most likely word sequence based on
the contextual information and probability of occurrence of different words in the transcription. For language modeling,
the traditional n-gram model (‘n’ is the order of n words) has been frequently used [34,45,47,48]. However, the best
outcomes have been achieved through neural networks such as Long Short-Term Memory (LSTM) [49], Recurrent
Neural Networks (RNN) [50-52] and Hybrid Models [44,53]. The two most used evaluation metrics that measure the
performance of an acoustic system are accuracy [10,30], word error rate (WER) [35,37,49,54], and character error rate
(CER) [46,51,55]. For the evaluation of the language model, perplexity (PPL) [32,56] is used. It measures the word-
level error from the predicted text. The formula of WER is available in Equation (1).

wer =P+ g (1)
N
Where S = number of substitutions in the predicted text, D = number of deletions in the output text, | = number of

insertions, and N = actual words in the transcript.
To quantify errors at the character level, the character error rate (CER) is employed. The mathematical formula for
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CER is identical to that of WER, but CER operates specifically on the character level.
To calculate accuracy, Equation (2) is used.

Accuracy =100—WER 2

PPL = ! ©)

The equation to calculate perplexity is available in Equation (3). Where W, = i word in the sequence, n = total
number of words in the sequence, and P(Wi|W1, Wa, ..., Wi1) = Conditional probability of the i"" word, given the
previous (i - 1) words present in the sequence.

Once both the acoustic and language models have been trained, the test set from the hold-out cross-validation is
utilized for inference. Let’s pick an example from the test set. The acoustic model generates the phonetic sequence for
our example as "/ah/ In/ fax/ Im/ Ip/ /Il loy/ Im/ [ax/ In/ It/ [K/ [aal Iz] Id] Ibl fay/ leyl", which is then processed by the
language model to produce the meaningful sequence of words “unemployment caused by AI” as illustrated in DNN
based high-level Speech Recognition Pipeline Fig. 2.

3. Artificial Intelligence (Al) Based Development for Urdu ASR

Languages evolve mainly from political, social, cultural, technological, and moral influences [57]. Urdu language
development started back in the 12th century in North India, near Delhi [58]. Its vocabulary set is influenced by Persian,
Arabic, Turkish, Hindi, and Punjabi. The Urdu language is famous for being adopted as the language of poets [59] and
was trendy among poetry writers of the 17th to 19th century, including Khawaja Mir Dard, Mir Tagi Mir, Mirza Ghalib,
and Dr. Allama Muhammad Igbal. Urdu is a free word-order language [60]. It is very close to Hindi as they share
phonological, morphological, and syntactic structures, but an Urdu NLP system can’t be directly used for Hindi and
vice versa because of script differences, vocabulary size, and missing diacritics problems [61].

Speech recognition for the Urdu language started in early 2000. In 2004, speech recognition using acoustic-
phonetic modeling was developed for the Urdu language [62]. Another Recognition System for Urdu speech was
proposed using Neural Networks in 2008 [63]. The first Large Vocabulary Continuous Speech Recognition (LVCSR)
for Urdu was developed in 2010 [64]. Another system for speech recognition was developed for Urdu using the
speaker-independent dataset [65]. The traditional approaches used to build Urdu classification models are the Hidden
Markov Model (HMM), Linear Discriminant Analysis (LDA), Support Vector Machine (SVM), and Random Forest
(RF) [30,11,31,66,67]. Though, the best results were achieved using Deep Learning techniques with a minimum Word
Error Rate (WER) of 13.50%, 17%, 18.59%, 14%, and 4% available in [9,37,38,42,68] respectively.

Table 2 lists various research institutes along with their contributions and pipeline aspects, that are working to
improve Urdu based ASR systems. The Centre of Language Engineering has made significant efforts for Urdu ASR.
They collected isolated speech dataset for district names of Pakistan [11]. They also achieved the lowest WER for Urdu
continuous speech recognition and designed a Large Vocabulary Continuous Speech Recognition (LVCSR) system
using an extensive multi-genre Urdu broadcast speech corpus [37,38]. City, University of London examined the
performance of two feature extraction techniques i.e., Discrete Wavelet Transform (DWT) and Mel Frequency Cepstral
Coefficient (MFCC) for Urdu ASR [69]. Commission on Science and Technology for Sustainable Development in the
South (COMSATS) University studied various architectures of Deep Neural Networks (DNN) namely Gated Rectified
Units (GRUs) and Long Short-Term Memory (LSTMSs) for Urdu ASR and achieved improvements over baseline [42].
Dr. Babasaheb Ambedkar Marathwada (B.A.M) university recorded Urdu digits and applied traditional statistical
technique i.e. Hidden Markov Model (HMM) on them [67]. National University of Computer and Emerging Science
(FAST) improved and compared statistical approaches for Urdu continuous speech recognition [14]. Information
Technology University (ITU) compiled a large spontaneous speech dataset through telephonic community forums [47].
The National University of Science and Technology (NUST) contributed to in speaker independent Urdu ASR system
with small size vocabulary and investigated two K-fold protocols using an isolated medium-sized speech corpus [31,65].
Shanghai Jiao Tong University developed a large Urdu digit dataset and SOTA digit recognition system [9]. United
Arab Emirates (UAE) University was the first who implement a simple neural network based on 3 layers for Urdu digit
recognition [63]. University of Engineering and Technology (UET) proposed the first Urdu end-to-end ASR system
using Semi-Supervised Learning (SSL) for benchmarking [68]. University of Science and Technology Beijing
developed an Urdu digit recognition system and provided a baseline using medium size vocabulary for Urdu ASR
[30,66].
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Table 2. Al-based development for Urdu speech recognition system

Institute Work Contribution(s) ASR pipeline aspects
[11] Build datase;;‘l’(rig;:““ names of MFCC, HMM, Hold-out, K-folds, Accuracy, WER

Center of Language Develop Continuous ASR with lowest Text Norm, MFCC, Hold-out, TDNN-BLSTM, RNN

Erges. | 17 wer L, v
[38] Designed LVCSR using extensive multi- | MFCC, i-vector, Hold-out, TDNN, LDA, MLLT, SAT,
genre Urdu broadcast dataset. RNN LM, WER
City, University of 69] Examined the performance of feature Segmentation, Noise Removal, Pre-Emphasis, MFCC,
London, UK extraction techniques for Urdu ASR. Hold-out, LDA, Confusion-Matrix
) COI_\/ISATS_ [42] Exammeq DNN for Urdu ASR and Hold-out, MECC, BLSTM, WER
University, Pakistan achieved improvements.
Dr.B.AM Recorded Urdu digits with the
University, India [67] implementation of statistical techniques. LPC, Hold-out, HMM, WER
FAST University, [14] Improved and compared statistical MECC, Hold-out, SGMM, n-gram LM, WER

methods for Urdu continuous ASR.
Compiled spontaneous dataset through the
community forum.
Build speaker-independent Urdu ASR

Pakistan

ITU, Pakistan [47] SGMM, fMLLR, MMI, n-gram LM, WER, PPL

NUST University, | [65] using small size vocabs. Sphinx4, GMM/HMM, wordlist grammar, WER
Pakistan [31] Investigated two experiments on K-fold protocols. VAD, MFCC, K-folds, HMM, Accuracy
SJT University, Developed a large Urdu digit dataset and
China [9] SOTA digit system. Mel-spectrogram, CNN, Accuracy
UAE University, [63] Designed the first Urdu digit recognition MATLAB, NN, Accuracy
UAE system.

Proposed first Urdu end-to-end ASR using
SSL for benchmarking.

[30] Trained an Urdu digit recognition system. MFCC, Hold-out, SVM, Confusion-Matrix
[66] Provide a baseline for Urdu ASR. MFCC, Hold-out, LDA, Confusion-Matrix

UET, Pakistan [68] FBanks, MFCC, LLE, Hold-out, E2E, Maxout, WER

USTB, China

4, PRISMA Protocol

The four significant steps of PRISMA are: (1) Identification; In this step, articles are collected from various
databases using search queries and duplications are removed. (2) Screening; The irrelevant or out-of-scope topics are
removed by reading each article's title, abstract, and keywords. (3) Eligibility; The inclusion/exclusion criteria are
prepared according to the scope of the literature and applied to each article, followed by a quality assessment. (4)
Inclusion; the list of all collected papers is obtained in this final step. Gathering articles for this systematic study posed a
challenge because on the one hand we were seeking to acquire Urdu ASR research work while on the other hand, we
need to acquire ASR review papers on top languages, especially English, Mandarin Chinese, and Hindi to portray an
enlighten ASR literature review.

We thus decided to study the ASR pipeline based on three main language categories criteria: top ten languages, top
three languages, and finally Urdu language. The most general query words used to search and acquire literature are:
“Speech recognition”, “Speech recognizer”, “ASR”, “Speech transformation”, “Speech to text”, “voice to text”, “Voice
recognition”, "Deep Learning" and "Neural Network". To target the top 10 and top 3 language category articles, we set
a time window from the year 2018 to 2022 but for Urdu, we start from 2015 and add additional keywords such as
“Literature Review”, “Systematic Literature Review”, “SLR”, “Review” and “Study”. Further, we added keywords like
"English", "Mandarin Chinese", "Hindi" and “Urdu”.

Fig. 3 demonstrates the PRISMA approach to finalize with 47 articles though initially, we started with total 176
Google Scholar database [70] articles. Among 176 total articles, 32 review papers talk about general ASR literature
while the rest 144 were chosen to focus on a particular language. This way the 144 articles distribution for English,
Mandarin Chinese, Hindi, and Urdu are 67, 41, 19, and 17 respectively. After careful screening of abstracts, keywords,
and eligibility as shown in Tables 3 and 4, we finally select 47 open access papers among which 5 are review papers
and the language-based article distribution after screening becomes 13, 8, 9, 12 respectively. Table 3 and Table 4
further explain the details of inclusion criteria for final selection of research articles. The finalized 5 review papers
based upon discussion of the top 10 languages have significant citations, well organized, and have quality research
questions. The 30 papers for the top three languages i.e., English, Mandarin Chinese, and Hindi are related to the dataset
including benchmarking, state-of-the-art (SOTA) techniques, and standard research patterns. Finally, the 12 research
papers for Urdu followed almost all the pipeline aspects and met our inclusion criteria.

5. Findings and Discussion

Findings in this section are under the ASR pipeline illustrated in Fig. 2. The latest ASR building blocks for any
spoken language are based on datasets, pre-processing, feature extraction techniques, deep neural network-based (DNN)
experimental design, acoustic model, and language models. The eight main raw attributes in each speech dataset include
speech file format, sampling rate, speech duration, no. of speakers, vocabulary size, type of speech, channel, and gender.
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IDENTIFICATION

Google
Scholar
(n=176)

(“Speech recognition” OR “Speech recognizer” OR “ASR™ OR

“Speech transformation” OR “Speech to te: JR “voice to text” OR
“Voice recognition) AND ("Deep Learning” OR "Neural Network")

(General Query)

English Mandarin
n =67 n=41

Review (n = 29)
English (n = 51)
Mandarin (n = 30)
Hindi (n = 18)
Urdu (n = 15)

Inclusion/Exclusion
criteria applied based on
full-text screen

Selection based on title/

abstract/keywords

ELIGIBILITY

Review (n = 23)

English (n = 33)

Mandarin (n = 17)
Hindi (n = 16)
Urdu (n = 15)

Quality Assessment (QA)

English Mandarin
n=13 n=8

Fig.3. PRISMA protocol to study articles on ASR pipeline

Table 3. Inclusion and exclusion criteria for PRISMA

Papers Inclusion Exclusion
Papers contain qual_lty research questions and Papers other than top languages.
their answer.
Revi Papers with a core focus on ASR. Papers other than open access.
eview
Review papers from 2018 to 2022. Papers other than conferences and journals.
Review papers on ogzgr more languages for Papers not written in the English language.
Papers with benchmark datasets. Papers other than English, Mandarin Chinese and Hindi
MEQELI;:n Research papers from 2018 to 2022. Papers other than open access.
Chinese, Papers other than journal, conference, and research
and Hindi Papers with state-of-the-art Al techniques. articles.
Papers not written in the English language.
Papers other than open access.
Research papers from 2015 to 2022. Papers other than journal, conference, and research
Urdu articles.
Papers not written in the English language.
Research papers on Urdu ASR only. -
Theoretical papers.
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Table 4. Quality assessment questions

Papers Quality Assessment (QA)
Is the type of review correctly identified and followed?
Is the methodology used for the review discussed?
Review

i i identifi 2
(Threshold = 2.5) Avre research questions for the review correctly identified and answered?

Avre the review findings correctly reported?

Is the limitation of review correctly mentioned?

Is the paper organized according to standards?

Are the research objectives correctly discussed and answered?

English, Mandarin
Chinese, Hindi, and Urdu
(Threshold = 3)

Avre the methods used in the study reported clearly?

Avre the results correctly visualized i.e. through graphs, tables, etc.?

Avre the results obtained from the study contribute to the ASR domain?

Avre the limitations of the research discussed?

5.1. Benchmark Dataset and Attributes for English, Mandarin Chinese and Hindi

Librispeech, Switchboard (SWB), and Wall Street Journal (WSJ) are three commonly used benchmark English
speech datasets developed by Johns Hopkins University (JHU), Texas Instruments (TI), Linguistic Data Consortium
(LDC), and MIT Lincoln Laboratory, USA respectively as shown in Table 5.

Table 5. English speech datasets and their raw attributes

Dataset Institute Format, Duration (hrs), Speakers, Vocabulary Size, _Ge_nder
Sampling Rate Type of Speech, [Channel] Distribution
Librispeech JHU, USA flac, 16 Continuousl,o[(l)\gl)i02,4k?§écj)s.gt,?ﬂll|ands-free] 458202? F'\:rfwlaelye
SwB T, L{SA wav, 8 Spont:r?gcy)uss(,)%l':zll\g[’)hone] )
WS) | Laboreioy. Usa | %16 Contintos, Vi) :

Librispeech corpus spans 1000 hours with a vocabulary size of 900,000 words in ".flac" format at a sampling rate
of 16 KHz. Multiple recording channels like mic, headset, and hands-free were used to record speech by 2484
participants with 52% male and 48% female [15]. Switchboard (SWB) is a multiple-speaker collection of 300 hours of
spontaneous telephonic conversations with a vocabulary size of 3,000,000 words. The database has a sampling rate of 8
KHz and is stored in ".wav" format [71]. The Wall Street Journal (WSJ) dataset is available in ".wav" format with a
sampling rate of 16 KHz. This speech spans over 80 hours and has an extensive vocabulary of 47,000,000 words [72].

Table 6. Mandarin Chinese speech datasets and their raw attributes

Dataset Institute Format, Duration (hrs), Speakers, Vocabulary Size, Gender
Sampling Rate Type of Speech, [Channel] Distribution
Aishell-I BSST Co. Ltd, wav. 16 ~178,400, 1.3M, 47% Male,
China T Continuous, [Mic, Mobile] 53% Female
200, 2412, -, 51% Male,
HKUST HLTC, HKUST wav, 8 Spontaneous, [Telephone] 49% Female

Beijing Shell Shell Technology (BSST) Co. Ltd developed a widely used open-source continuous rich benchmark
dataset Aishell-1 for the Mandarin Chinese speech recognition task available in Table 6. It is a continuous speech
dataset available in ".wav" format and was recorded at 16 KHz sampling rate from 400 speakers having a vocabulary
size of 1,300,000 words [16]. The second Chinese benchmark dataset in Table 6, HKUST is developed by the Human
Language Technology Center (HLTC), Hong Kong University of Science and Technology (HKUST). The HLTC,
HKUST speech data spans 200 hours and consists of telephonic conversations by 2412 participants on various topics
with 51% male and 49% female. This dataset is recorded at 8 KHz sampling rate along with transcriptions and stored in
".wav" format [73].

The Tata Institute of Fundamental Research (TIFR) designed the only available Hindi benchmark speech corpus
that spans over 2.3 hours with over 4000 words and involves 100 speakers. The speech was stored in “.wav” format at
the sampling rate of 16 KHz. The duration of the training, testing, and validation speech set is 2.1, 0.1, and 0.1 hours
respectively [13].
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5.2. Urdu Speech Datasets

Table 7. Mandarin chinese speech datasets and their raw attributes

. Format, Duration (hrs), Speakers, Vocabulary Size, Type Gender
Institute Work Sampling Rate of Speech, [Channel] Distribution
0, 0,
SJTU, China [9] .opus, 48 -, 740, 10, Isolated, [Mobile] 49 A)F'\!rilael’:l/o
Dr.B.AM 30% Male, 70%
University, India [67] wav, 16 - 50,10, Isolated, [-] Female
ITU, Pakistan [47] ~1200, ~11K, 5K, Spontaneous, [Mobile]
FAST, Pakistan | [14] wav, 16 100, -, -, Continuous, [-] -
0, 0,
[12] wav, 16 ~0.3, 10, 250, Isolated, [Mic] 80% Male, 20%
Female
[11] -8 ~9, 300, 139, Isolated, [Mobile]
CLE, Pakistan ~309, 1733, 199K, Continuous, [Mic, Headset,
[37] .wav, 16
Hands-free]
0, 0,
[38] wav, 16 ~102, 453, 200K, Continuous, [-] 73% Male, 27%
Female

Table 7 shows that Shanghai Jiao Tong University (SJTU), China has introduced a large corpus specifically
focused on Urdu digits, ranging from "_a=" (zero) to "s" (nine) [9]. For data acquisition, a Mobile channel was
employed to collect speech samples from 740 male and female participants at a sampling rate of 48,000Hz and was
stored in the opus format. Dr. B.A.M University, India developed an isolated digit speech dataset from _i= (zero) to
(nine) from 50 speakers, including 30% male and 70% female in .wav format with a sampling frequency of 16,000Hz
[67]. Another spontaneous speech corpus from 11,017 speakers based on Urdu telephonic conversation was collected by
Information Technology University (ITU), Pakistan. The speech spans ~1200 hours, vocabulary size of 5,000 words of
Urdu speech using a mobile channel [47]. FAST University, Pakistan developed a 100 hours continuous speech dataset
[14]. Table 7 further shows that the Center of Language Engineering (CLE), Pakistan designed four major Urdu speech
datasets, and all the corpus types and relevant attributes are summarized in Table 7 on the same basis as described for
other language corpus previously.

5.3. Feature Extraction Technique with Least Error Rate (WER and CER)

In this section, we address a critically important question of determining Which dataset and Which feature
extraction technique yields the lowest word error rate (WER) or character error rate (CER) for English, Mandarin
Chinese, Hindi, and Urdu benchmarks? Both WER and CER measure ASR prediction performance on a predicted word
or character basis. Table 8 shows the feature extraction techniques that yield the least WER on benchmark databases.
Fig. 4 demonstrates a rich Feature extraction pipeline to briefly explain Triangular features, A and AA features, Log Mel
features, SpecAugment, and speed perturbation mentioned in Table 8.

The segmented frames of the speech signal are subjected to Fourier transform, to acquire the magnitude spectrum.
For Triangular features, the magnitude spectrum is then passed to the filterbank to extract the energy distribution within
different frequency bands. Delta (A) features are computed by subtracting the adjacent frames of the Triangular features.
Similarly, double delta (AA) features are obtained by taking the difference between adjacent frames of the delta features.
These calculated delta and double delta features are concatenated with the original Triangular features, creating a more
comprehensive feature vector that captures both static and dynamic information. For the Log Mel feature, the
magnitude spectrum obtained from the Fourier transform passed through a Mel filter, where triangular filters based on
the Mel scale are applied. Finally, a logarithmic operation is performed on the resulting features, yielding the log mel
spectrogram.

Data augmentation techniques are commonly utilized to increase the training data size without the need for
acquiring additional speeches. These techniques include SpecAugment, which involves frequency and time masking to
augment the features. Speed perturbation is another approach that alters the chronological behavior of the features. To
extract i-vectors, the universal background model (UBM) is trained on the set of extracted acoustic features. It is then
adapted to the specific speaker whose i-vector is to be extracted and statistical measures are computed to capture the
distribution of the adapted features. The i-vector is extracted from computed statistics using techniques like factor
analysis or total variability modeling.

Table 8 shows that, on the Librispeech continuous English dataset, the best WER of 1.9% and 3.9% was obtained
on two test sets through 80-dimension Triangular features with the SpecAugment [49]. The SWB spontaneous
benchmark of English achieved a WER of 4.3% by utilizing Log Mel features in combination with SpecAugment.
Additionally, the i-vector extracted resulted in a total feature dimension of 260 [53]. The best WER of 1.42% was also
achieved on the English WSJ continuous dataset through Triangular features with A and AA in combination with speed
perturbation. The total dimension of the feature vector was 120 [50]. Table 8 also shows that the minimum CER of
6.4% is accomplished on the Mandarin Chinese Aishell continuous benchmark by utilizing 80-dimensional Mel features,
combined with SpecAugment and speed perturbation [74]. In the case of the HKUST spontaneous dataset, the best CER
of 23.09% was attained by extracting 40-dimensional Triangular features with A and AA. speed perturbation and
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SpecAugment were also employed on the extracted features [40].

Previously, we highlighted that TIFR, Mumbai continuous, and the 250 isolated Urdu dataset serve as the sole
benchmarks for Hindi and Urdu, respectively. Our investigation reveals that the best WER of 5.5% for the Hindi speech
recognition task was obtained using the one-dimensional raw speech features [52]. In the case of Urdu, the lowest WER
for 250 isolated word benchmark dataset is 2.47% by extracting the Log Mel spectrogram from the dataset [9].
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Table 8. Feature extraction techniques with least WER and CER

Benchmark Dataset Acoustic Features Augmentation Dimension | Test Error Rates (%)
Librispeech .
1000 hrs (Continuous) Triangular features SpecAugment 80 19,39
SWB i-vectors
300 hrs (Spontaneous) Log Mel features SpecAugment 260 43
WSJ . .
~80 hrs (Continuous) A, AA Triangular features Speed Perturbation 120 1.42
Aishell Speech Perturbation
~178 hrs (Continuous) Mel features SpecAugment 80 6.4 (CER)
HKUST . Speech Perturbation
200 hrs (Spontaneous) A, AA Triangular features SpecAugment 40 23.00 (CER)
TIFR, Mumbai
2.3 hrs (Continuous) Raw speech features N/A 1 55
Urdu .
0.3 hrs (Isolated) Log Mel Spectrogram N/A 1024 pixels 2.47

5.4. Experimental Design

Deep learning experiments partition the dataset using cross-validation techniques, such as hold-out, k-folds, leave-
one-out, leave-p-out, and nested k-folds to counter bias-variance tradeoff. In this section, we limit our discussion to the
benchmark datasets and experiments that reported partitioning, error rates, and confidence intervals. Table 9 shows that
speech datasets were partitioned based on their time durations. For instance, the English Librispeech continuous dataset
consists of a rich training set of 980 hours and approximately 10 hours each for testing and validation, utilized by
[32,44,45,49,75]. The authors that employed SWB and WSJ English datasets have offered limited details regarding the
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experimental design.

The 178 hours of Aishell continuous dataset partitioned approximately 150, 10, and 5 hours for training, validation,
and testing, employed by [54,55,74,76]. Among these, [54] exclusively reported the Word Error Rate (WER) along with
a confidence interval of 14.1630.06. Another dataset of Mandarin Chinese, spontaneous HKUST that is used by
[40,46,51,56] consists of 200 hours with ~173 hours of training data and ~5 hours each for training and validation.

Only the Hindi benchmark dataset of TIFR, Mumbai comprises approximately 2.1 hours of training data, while 1
hour each is allocated for validation and testing purposes [34,35,52,77,78]. The small-size benchmark corpus of Urdu
consists of only ~23 minutes. The authors including [42,66,68] employed this dataset. Our study also found that only

[31] applied a 10-fold cross-validation technique on this Urdu benchmark and reported 25.3442.98 WER with a
confidence interval.

Table 9. Experimental protocols employed to benchmark datasets

Benchmark . Lo Validation Testing Error Rates with
Dataset Total Time Training (%) (%) (%) Classes Conf. Interval
. 52% Male,
Librispeech ~1000 hrs 98 1 1 48% Eemale N/A
. 47% Male,
Aishell 178 hrs 85 5 3 53% Female 14.1640.06
HKUST 200 hrs ~87 ~3 ~3 2412 speakers N/A
TIFR, Mumbai 2.3 hrs ~92 ~4 ~4 100 speakers N/A
0,
Urdu ~0.3 hrs 10 folds cross-validation 80% Male, 25.3442.98
20% Female

5.5. Acoustic and Language Models

To develop an ASR system, the acoustic model (AM) must be developed to generate the phonetic sequence i.e. /a/
/bl Ic/. An optional language model (LM) might convert phonetics into the most likely word sequence to apprehend
grammar, speaking styles, and dialects.

A. Spontaneous Speech Recognition

Table 10 compares the experimental settings for English (SWB), Mandarin (HKUST), Hindi, and Urdu spontaneous
datasets. Table 10 shows that English, Mandarin, and Hindi used >85 hours of training speech which is quite reasonable
as compared to Urdu training size (8.5 hours). Notably, greater training sizes lead to the higher accuracy of the ASR
system [78]. All studies used comparatively shorter (3 and 5 hours) speech for validation and testing.

Acoustic model WER is found as less than 10% in the case of English, Hindi, and Urdu using Log Mel and A, AA
Log Mel with all DNNs while WER appears greater than 20% with MFCC and PLP. For the Mandarin dataset, A, AA
Triangular features obtain CER ranging from 23 to 28 which is notably higher than WER. Another evaluation metric,
perplexity (PPL) ranges from 1 to infinity and is used to measure the effectiveness of the LM. Higher PPL e.g. n-gram
243.66 indicates worse LM performance [79]; the smaller PPL e.g. 37.04 and 43.1 shows highly confident LM in
predicting the word sequence [47,56]. The higher PPL i.e. 243.66 in Hindi is attributed to its larger training size (~100
hours) while Urdu with the same n-gram exhibits very low PPL because of the smaller training set (9.5 hours). The
Mandarin PPL seems lower and nice i.e. 43.1 with SAN-LM and training size of (~87 hours) [56].

Table 10. Acoustic and language models for spontaneous datasets

Experiment Details Acoustic Features Augmentation LM, PPL, AM, Test Error (%)
Identity vector, R ) )
English Log Mel [53] SpecAugment, LSTM-Transformer,-, Conformer-LSTM,4.3
Sf)\évr? A, AA Log Mel [48] Identity vector n-gram, -, LSTM, 7.6
rs
A, AA Log Mel, PLP [39] Speaker vectors n-gram, -, BLSTM-HMM, 7.6
A, AA triangular [40] [56] Speed perturb,
SAN, -, CIF, 23.09(CER
Mandarin [51] SpecAugment (CER)
HKUST SAN, 43.1, SAA, 24.1 (CER)
200 hrs
87, ~3, ~3 hrs Log Mel [46] Speed perturb RNN, -, E-RNA,27.7 (CER)
-, -, Transformer, 26.64 (CER)
Hindi
1108 hrs MFCC, PLP [79] N/A n-gram, 243.66, TDNN, 29.7
~100, 5, ~3 hrs
Urdu
9.5 hrs MFCC, PLP [47] N/A n-gram, 37.04, SGMM, 24.19
~8.5, 1 hrs

Table 10 also shows that the least acoustic WER i.e. 4.3% has been achieved with Identity vector and
SpecAugment on Conformer acoustic model on the English SWB dataset [53] as compared to LSTM and BLSTM-
HMM acoustic models. Similarly, Transformer LM seems best as compared to n-gram LM [39,48]. The benchmark
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dataset of Mandarin Chinese, HKUST vyielded the least CER of 23.09% along with Speed perturbation and
SpecAugment on the CIF acoustic model [40] as compared to SAA (Self-Aligner Attention) [56], Transformer [46], and
E-RNA (Extending Recurrent Neural Architecture) [51]. The WER on Hindi 29.7% and 24.19% Urdu spontaneous
datasets reported a higher WER using TDNN and SGMM acoustic models.

B. Continuous Speech Recognition

Table 11. Acoustic and language models for continuous datasets

Experiment Details Acoustic Features Augmentation LM, PPL, AM, Test Error (%)
Triangular features [49] SpecAugment LSTM, 63.9, Conformer, (1.9, 3.9)
Librispeech Log Mel [44] [45] Speed perturb, NNLM+n-gram, Transformer, (2.3, 4.9)
1000 hrs SpecAugment n-gram, -, Transformer, (2.5, 5.6)
980, 10, 10 hrs Raw Speech [75] N/A CNN, -, CNN, (3.26, 10.5)
MFCC [32] N/A LSTM, 65.9, E2E-attention, (3.8, 13)
A, AA Triangular [50] Speed perturb RNN, -, TDNN, 1.42
WSJ CNN, -, CNN, 3.5
~80 hrs Raw Speech [75] [80] N/A -
~75, 3,2 hrs RNN-+n-gram, -, E2E-SincNet, 4.7
” Speed perturb, o
Adhell Mel-filterbank [74] SpecAugment , -, LASO, 6.4(CER)
178 hrs Log Mel [55] SpecAugment -, -, SAN-M, 6.64(CER)
~85, 5, 3 hrs A, AA Log Mel [54] N/A n-gram, -, CNN-BLSTM-CTC, 14
A, AA MFCC [76] N/A -, -, CNN-BLSTM-CTC, 19
Raw speech [52] N/A RNN, -, SincNet-CNN-LiGRU, 5.5
Raw Speech [77] Speed perturb n-gram, -, SincNet-CNN-LiGRU, 8
TIFR. Mumbai identity vector,
23 hrs MFCC [34] Speed perturb, n-gram, -, TDNN, 10
21,0.1,0.1 hrs Tempo perturb
MFCC'G'E%?’WERBC N/A RNN, -, GMM, 12
MFCC [35] N/A RNN, -, GMM-HMM,15.6
Urdu
100 hrs A, AA MFCC [14] N/A n-gram, -, SGMM, 9.6
100, - hrs
Urdu
309.5 hrs MFCC [37] Identity vectors RNN,-, TDNN-BLSTM, 13.5
300, 9.5 hrs
Urdu
102.5 hrs MFCC [38] Identity vectors RNN, -, TDNN, 18.6
98, 4.5 hrs

In Table 11, we compare the experimental design of seven continuous speech datasets of our chosen four languages:
(1) English Librispeech, WSJ, (2) Mandarin Aishell, (3) Hindi TIFR, Mumbai and (4) Urdu. The three languages:
English, Mandarin, and Urdu have rich training sets of more than 75 hours as compared to Hindi i.e. 2.1 hours. The
validation and testing continuous speech set size for Librispeech is far superior to the other six speech datasets i.e. 10
hours which is quite greater than 3 to 5 hours. The best acoustic error rates have been achieved in English, Mandarin,
Hindi, and Urdu using Triangular features [49], A, AA Triangular features [50], Mel-filterbank [74], Raw speech features
[52] and A, AA MFCC [14]. The effectiveness of the Librispeech LSTM language model in comparison to Librispeech
NN-LM-+n-gram, n-gram is evident by PPL lower values i.e. 63.9 and 65.9 [32,44,45,49].

Table 11 also shows that SpecAugment on Conformer [49] is comparable to Transformer [44,45] CNN [75] and
E2E-attention [32] because its acoustic WER is 1.9% which is much less than 2.3%, 2.5%, 3.26% and 3.8% in case of
Librispeech dataset. Similarly, the least WER i.e. 1.42% on the WSJ test set has been obtained with speed perturbation on
TDNN acoustic in comparison with CNN WER 3.5% [75] and E2E-SincNet WER 4.7% [80]. Additionally, it is worth
noting that the standalone WSJ RNN language model outperformed both CNN and RNN+n-gram models [75,80].

Table 11 further shows that the lowest CER i.e. 6.4% on Aishell corpus has been attained with Speed perturbation
and SpecAugment on the LASO (Listen Attentively, and Spell Once) model [74] comparable to SAN-M (Memory
Equipped Self-Attention) [55]. This least CER was achieved solely with the utilization of an acoustic model, without
the incorporation of LM. Additionally, the best WER of 14.16% on this benchmark was obtained by utilizing the CNN-
BLSTM-CTC acoustic model and the n-gram language model [54]. The same acoustic technique was used by [76] but
resulted in a high WER of 19.2%, maybe because of employing an acoustic model only.

Table 11 also shows the best WER of 5.5% using SincNet-CNN-LiGRU [52] was obtained on TIFR, Mumbai
benchmark which is superior to TDNN, GMM, and GMM-HMM [34,78,35]. Another study utilized the same SincNet-
CNN-LiGRU acoustic model and achieved 8.0% WER [77]. The difference of 8.0% to 5.5% is might because of
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utilizing the RNN-LM approach Finally, for Urdu databases it can be seen that the best WER i.e. 9.6% was achieved by
utilizing the Subspace Gaussian Mixture Model (SGMM) model with n-gram LM [14]. The TDNN-based acoustic
models yielded high WERs i.e.13.5% and 18.6% with RNN-LM compared to 9.6% might be because of using only
MFCCs [37,38].

C. Connected Words Speech Recognition

In Table 12 we studied the experimental protocols for connected word datasets. We found that very limited
research work is available on connected word speech for that reason we included all publicly available research on this
speech type. Table 12 shows that the words, sentence, and utterance-based training and testing have been performed on
English and Hindi datasets. It can also be seen that all of the studies utilized the MFCC feature extraction approach [81]
and PLP [82] with the HMM acoustic model. The least WER in available studies of English and Hindi are 13.33% and
6.67%.

Table 12. Acoustic and language models for connected words datasets

Experiment Details Acoustic Features AM, Test Error (%)
English
20 words, 5 sentences MFCC [81] HMM, 13.33
Hindi
20 words, 5 sentences MFCC [81] HMM, 6.67
Hindi
891 utterance PLP [82] HMM, 11.46
507, 384 utterance

D. Isolated Words Speech Recognition

Table 13. Acoustic and language models for isolated words datasets

Experiment Details

Acoustic Features

AM, Test Error (%)

English (1625 uttr)
75, 25 % (10-folds)

MFCC and RASTA-PLP [83]

Random Forest, 3.43

Mandarin (600 uttr)
70, 30 % (7-folds)

Poisson Sub-Sampling [84]

Ensemble learning, 19.5

Hindi (60 uttr) MFCC [85] KNN, 1.91
Urdu (25518 uttr) Log Mel Spectrogram [9] CNN, 14
Urdu (1500 uttr)
1000, 500 uttr LPC [67] HMM, 26
Urdu (~9 hr)
80, 20 % MFCC [11] GMM, 7.13
Log Mel Spectrogram [9] CNN, 2.47%
70, 30 % MFCC [42] BLSTM, 17
deuozerf]‘c“mafk 90, 10 % MFCC + A + log filterbank + LLE [68] E2E-Network, 22.08
~0.3 hours
[12] 10 folds MFCC [31] HMM, 25.34
MFCC + A + AA [66] SVM, 27
70,30 %
MFCC [30] LDA, 29.33

Finally, in Table 13 we review the experimental design for isolated speech datasets. For Urdu, we spread our range
from 2015 to 2022 to cover all major research. It can be seen that all the languages have applied hold-out (70%, 30%
and 90%, 10%) and K-folds (10-fold) cross-validation techniques on their datasets. We found that MFCC was the most
frequently used technique on isolated datasets [11,30,31,42,66,83,85].

Table 13 also shows that the conventional classification technique i.e. Random Forest (RF), Ensemble learning,
and KNN have been applied in recent research of English, Mandarin Chinese, and Hindi having WER of 3.43%, 19.5%,
and 1.91% respectively [83-85]. It can also be seen that the lowest WER of 2.47% was obtained on the Urdu benchmark
dataset with the Log Mel spectrogram and CNN acoustic model [9,12].

6. Limitations

This comparative systematic literature review for Urdu ASR elucidates the Al building blocks used in its
development. Our research compiled prominent ASR databases along with their raw attributes, SOTA feature extraction
techniques, DNN experimental design for English, Mandarin Chinese, Hindi, and Urdu then proceeded to contrast their
respective acoustic and language models based on the type of speech. Although our review thoroughly examines the
comparative analysis of ASR systems, a more detailed discussion on comparing language characteristics, deep-learning
models, and evaluation metrics is needed to provide a holistic understanding of the research landscape in this field. Our
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primary objective was to underscore the advancements made in Urdu speech recognition systems and ascertain the
position of Urdu within the landscape of ASR advancements.

7. Conclusions

This PRISMA-based systematic review contributes to the novel comparative discussion of spontaneous,
continuous, connected, and isolated speech datasets of the three most spoken languages English, Mandarin Chinese, and
Hindi with Urdu. Huge speech datasets i.e. 1000 hours of English, 200 hours of Mandarin Chinese, and 1108 hours of
Hindi are publicly available but the maximum known size for a private Urdu speech dataset is 1207 hours. We have had
extensive discussions on language-oriented Automatic Speech Recognition (ASR) pipeline with the help of the year
2018-2022 literature. To deeply investigate Urdu ASR development from 2015-2017 is also analyzed. We conclude that
both acoustic and language models turned into Deep Neural Networks (DNNs). The classical acoustic model HMM has
been replaced by Conformer-LSTM and TDNN. Likewise, the n-gram language model evolves to LSTM and attention-
based networks like Self-Attention (SAN). These models performed best on challenging spontaneous and continuous
speech types as evidenced by respective low acoustic word error rate of less than 5%, character error rate of less than
25%, and perplexity ranges between 35% to 45%. The achievement of lower WER, CER and Perplexity requires
Conformers, Transformers and Attention with particular focus on continuous and spontaneous speech recognition in
comparison to conventional LSTM, TDNN, RNN, HMM, GMM-HMM developed with shorter speech size datasets.
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