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Abstract. Automatic Speech Recognition (ASR) has emerged as a transforma-
tive technology in education, yet its application to children’s speech remains
underexplored. This paper presents a systematic review of ASR for children,
focusing on its effectiveness in educational contexts. Following the guidelines
of Kitchenham and Charters (2007), we analyzed academic articles published
between 2019 and 2024, sourced from the ACM Digital Library, IEEE Xplore,
and Scopus. A total of 16 articles were selected based on predefined inclusion
criteria, including relevance to children’s speech and educational applications.
The review identifies Deep Neural Networks (DNNs) and adversarial learning
models as the most effective approaches for recognizing children’s speech. Key
findings highlight the potential of ASR to enhance language learning and devel-
opment in children, particularly in low-resource contexts. However, challenges
such as data scarcity and the need for adaptation to diverse linguistic environ-
ments remain significant barriers. This study contributes to the ongoing dis-
cussion on innovative educational technologies by providing a comprehensive
analysis of current trends and future directions in ASR for children.

Keywords: Automatic Speech Recognition, Children’s Speech, Educational
Technology, Language Development, Systematic Review.

1. Introduction

Automatic Speech Recognition (ASR), defined as the process of converting
speech signals into text [Liet al. 2015]], has emerged as a transformative technology in
education. By enabling seamless interaction between humans and machines, ASR has the
potential to create more inclusive, accessible, and engaging learning environments. While
significant progress has been made in ASR for adults, the application of this technology
to children’s speech remains underexplored, presenting a critical gap in the development
of educational tools tailored to younger learners.

The COVID-19 pandemic accelerated the adoption of digital learning platforms,
highlighting the importance of technologies like ASR in education. From virtual tutoring
to language learning apps, ASR has proven essential in enhancing accessibility, partic-
ularly for students with hearing impairments [Aljedaani et al. 2023]]. For children with
learning difficulties such as dyslexia or challenges in handwriting and spelling, ASR of-
fers a transformative solution by enabling voice-to-text functionality, thereby reducing



barriers to written expression [Husni and Jamaludin 2009]. As children increasingly en-
gage with digital devices for education, gaming, and social interaction [UNICEF 2017],
the development of ASR systems adapted to their unique needs is crucial for fostering
effective human-machine interaction in educational contexts.

This is particularly relevant in computing education, where initiatives to incor-
porate computational thinking into basic education curricula are gaining momentum in
Brazil and globally. ASR technologies can provide more accessible pathways to program-
ming concepts by allowing children to engage with computational tools through natural
speech, supporting their first interactions with coding before they fully develop traditional
typing skills or syntax comprehension.

However, recognizing children’s speech poses distinct challenges. Variations in
vocal tract morphology, limited control over prosodic elements like pitch and intonation,
and rapid developmental changes result in lower performance when conventional ASR
systems are applied to children’s speech [Bhardwaj et al. 2022, [Southwell et al. 2022].
These challenges underscore the need for specialized approaches in ASR technology to
ensure its effectiveness in educational settings for children.

To address these challenges and explore the potential of ASR in education, this
paper presents a systematic review of ASR for children, focusing on its applications in
educational contexts. By analyzing research articles published between 2019 and 2024,
we aim to identify trends, evaluate the effectiveness of current ASR models, and explore
how these technologies are being integrated into learning environments.

This systematic literature review synthesizes existing knowledge and identifies
key research focus areas at the intersection of ASR, child education, and educational
technology. By comprehensively examining the literature, we seek to clarify the diversity
of acoustic models used, the tools employed in the recognition process, and how these
technologies are being integrated into educational environments to enhance learning and
inclusion. By addressing these questions, this study aims to inform future research and
development of ASR systems that are effective, inclusive, and tailored to the needs of
young learners.

2. Background

Understanding the foundational technologies and challenges of ASR is crucial, especially
for children’s speech, which presents unique phonetic and linguistic traits. This section
outlines the key components of speech technology and emphasizes the need to adapt ASR
systems to children’s specific characteristics in educational contexts.

2.1. Speech Technology in Education

Speech Technology, an interdisciplinary field encompassing electrical engineering, signal
processing, computational linguistics, and language psychology, has become increasingly
relevant in educational contexts. Its primary objective is to develop systems capable of un-
derstanding and processing human speech, transforming it into digital information useful
for various educational applications [Li et al. 2022]].

ASR, a key application of speech technology, enables more intuitive interaction
with digital platforms. It allows students to provide voice input, enhancing pronunciation



skills and language learning through real-time feedback. Research has shown that ASR
can significantly improve segmental pronunciation (sounds within words), with a moder-
ate impact on suprasegmental features like intonation and rhythm, making it an essential
tool for language learners [Ngo et al. 2024]]. Furthermore, ASR applications are valuable
in making learning more accessible, particularly for students with physical or cognitive
disabilities who may struggle with traditional text-based interfaces [Ngo et al. 2024].

2.2. Automatic Speech Recognition (ASR)

Automatic Speech Recognition, also known as speech-to-text (STT) or computer speech
recognition, is a key component of speech technology [Gold et al. 2011]]. ASR systems
process spoken words from audio files, converting them into text for computers to inter-
pret natural language. In educational settings, ASR has numerous applications, including
language learning, reading assistance, accessibility for students with hearing impairments,
and interactive learning environments [Alyoussef 2021]].

ASR systems are trained on large datasets to create models for speech analysis,
which can be tailored to different speech types, speakers, vocabularies, and environmental
factors. This adaptability is crucial in educational contexts, where the system may need
to handle diverse accents, age groups, and learning environments [Li et al. 20135]].

2.3. Challenges in Children’s Speech Recognition

For applications aimed at children, ASR presents unique challenges due to the nature of
children’s speech [Nagano et al. 2019]. These challenges include variations in pronunci-
ation, intonation, speech rate, vocabulary, and grammatical structure compared to adult
speech [Potamianos and Narayanan 2003]]. In educational technology, these differences
necessitate the development of specialized ASR systems that can effectively recognize
and process children’s speech patterns.

Key challenges in developing ASR for educational tools targeting children:

Higher variability in acoustic properties of speech;

Limited vocabulary and simpler grammatical structures;
Unpredictable speech patterns and pronunciation errors;
Rapid developmental changes affecting speech characteristics.

Addressing these challenges is crucial for creating effective educational technolo-
gies that can accurately interpret and respond to children’s speech input.

2.4. Resources for Automatic Speech Recognition

A speech collection, also known as a corpus, comprises audio recordings of spoken lan-
guage paired with written transcriptions. Within the speech recognition domain, these
corpora serve purposes such as acoustic analysis and the creation of models to identify
speech patterns and speakers. The presence of ample publicly accessible speech cor-
pora significantly influences advancements in speech recognition research. Most speech
corpora designed for recognizing children’s speech have been curated with input from
individuals aged 5 to 18 years [Claus et al. 2013]]. Among the widely utilized publicly
accessible corpora for modeling acoustics in children’s speech across various languages,
some notable examples include:



* PF-STAR children’s speech corpora: A corpus designed for studying chil-
dren’s speech in English, particularly for speech recognition and synthesis
[Russell 2006].

* TIDIGITS: A dataset of spoken digits, widely used for testing ASR systems,
including those for children [|Gary 1993|.

* CMU Kids corpora: A dataset from Carnegie Mellon University, featuring chil-
dren’s speech in English for ASR development [Eskenazi et al. 1997]].

* EmoChildRu: A corpus of children’s emotional speech in Russian, useful for
studying prosody and emotion in ASR [Lyakso et al. 2015].

Important to note that, despite the availability of corpora in multiple languages,
we did not find a dedicated corpus for Portuguese, highlighting a gap in resources for
ASR research in this language.

2.4.1. ASR Toolkits

In the area of research and development, particularly in creating ASR applications, re-
searchers have access to open-source speech recognition toolkits for crafting sophisticated
systems. Among the most widely used toolkits are:

* SpeechBrain: A Python-based toolkit for neural network-based ASR systems.

» Kaldi: A C++ toolkit widely used for developing neural network-based ASR mod-
els.

* OpenSMILE: A C++ toolkit focused on extracting Mel-Frequency Cepstral Co-
efficients (MFCCs) for speech analysis.

These toolkits provide researchers with the necessary tools to develop and opti-
mize ASR systems, catering to different programming languages and technical conditions.

2.5. Children’s vs. Adults’ Speech: Educational Implications

Understanding the differences between children’s and adults’ speech is crucial for de-
veloping effective educational technologies using ASR [Taniya et al. 2020]. As chil-
dren grow, their speech patterns evolve, affecting both acoustic and linguistic aspects
[Chermak and Schneiderman 1986]]. Key differences include:

* Acoustic Properties: Children typically have higher formantﬂ and funda-
mental frequencies due to their smaller vocal folds and shorter vocal tracts
[Kathania et al. 2021]].

* Developmental Changes: Studies have observed changes in formant
and fundamental frequencies among child speakers aged three to thirteen
[Coughler et al. 2022]].

* Language SKkills: Generally, children’s language skills improve with age, with
speech becoming more fluent around ages 12 to 13 [Liberman 1989].

* Pronunciation: Between ages 8 and 10, the likelihood of mispronouncing words
is significantly higher compared to 11- to 14-year-olds [Assmann et al. 2013]].

"Formant is a resonant frequency peak in the vocal tract’s acoustic spectrum.



These differences in children’s speech development have crucial implications for
the design and application of educational technology:

» Adaptability: ASR systems in educational tools must be adaptable to ac-
count for the rapid developmental changes that occur in children’s speech
[Potamianos and Narayanan 2003].

* Pronunciation and Variability: Educational software incorporating ASR should
be designed to handle the increased variability in children’s pronunciation and
speech patterns [[Gerosa et al. 2007]].

* Age-Appropriate Feedback: Feedback mechanisms in language learning appli-
cations need to consider age-appropriate expectations for pronunciation and flu-
ency development [Ner1 et al. 2003].

* Multi-Age Platforms: Educational platforms targeting children across different
age ranges may require separate ASR models or adjustable settings to accommo-
date the various developmental stages [Wilks et al. 2010].

By considering these factors, developers can create more effective and inclu-
sive educational technologies that accurately recognize and respond to children’s speech
across different age groups and developmental stages.

3. Methodology

This systematic literature review follows the guidelines by
[Kitchenham and Charters 2007] and is conducted in three phases: Planning, Con-
ducting, and Reporting.

3.1. Planning Phase

The planning phase involved defining the research questions, developing the review pro-
tocol, and identifying the search strategy.

3.1.1. Research Questions

The research questions (RQs) guiding this review are: (1) What types of acoustic models
are most effective for children’s speech recognition? (2) Which toolkits and frameworks
are commonly used in this domain? and (3) How can ASR be adapted to support language
learning and development in children, particularly in low-resource contexts?

3.1.2. Review Protocol
A review protocol was developed, including the search strategy, inclusion/exclusion cri-

teria, data extraction process, and analysis methods. All authors approved the protocol
before the search began.

3.1.3. Search Strategy

We selected three databases for their extensive collections in speech technology and edu-
cation:



* ACM Digital Library: A respected source for computer science research, partic-
ularly related to algorithms, Al, and human-computer interaction.

* IEEE Xplore: Essential for technology-related research, particularly in electrical
engineering and computer science.

* Scopus: A large multidisciplinary database widely used for literature reviews
across fields.

The search string was developed according to the following steps:

Identify the essential terms linked to the research questions.

. Incorporate alternative keywords or synonyms for the main terms.

3. Use Boolean operators (AND, OR) to refine the search and narrow down the re-
sults.

D=

Based on that, the search string formulated for this review was:

automatic speech recognition AND ASR AND acoustic model AND education
AND (intitle: CHILDREN OR intitle: Child OR intitle:Kids)

3.2. Conducting Phase

The conducting phase involved executing the search, applying the inclusion/exclusion
criteria, and extracting and analyzing the data.

3.2.1. Study Selection

The search process yielded a total of 238 articles: 13 from the ACM Digital Library, 184
from IEEE Xplore, and 41 from Scopus. These articles were then filtered according to the
following steps:

* Date Filtering: We applied a date filter to focus on the most recent advancements,
retaining only studies published between 2019 and 2024. This reduced the number
of articles to 35.

* Removal of Duplicates and Review Papers: Duplicate articles and review papers
were removed to ensure the inclusion of only original empirical studies. This step
resulted in 4 articles from the ACM Digital Library, 9 from IEEE Xplore, and 18
from Scopus, totaling 31 articles.

 Title and Abstract Screening: The titles and abstracts of the remaining articles
were screened to exclude those that did not focus on ASR for children’s speech.
Studies that addressed adult speech, voice conversion technologies, or unrelated
applications (e.g., robot interactions, and keyword recognition) were excluded.
This screening process resulted in a final selection of 16 articles for full-text re-
view.

The selection process was conducted independently by two reviewers, with dis-
crepancies resolved through discussion or consultation with a third reviewer.
presents the selection phase flowchart, inspired by the PRISMA method, which is widely
recognized for structuring systematic reviews, though adapted according to the authors’
original protocol.
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Figure 1. Adapted PRISMA flowchart.

3.2.2. Quality Assessment

The quality of the selected studies was assessed using a checklist based on relevance,
methodological rigour, and clarity of findings. Studies not meeting the minimum thresh-
old were excluded.

3.2.3. Data Extraction

Two reviewers independently extracted data on acoustic models, toolkits, and languages
using a structured spreadsheet.

3.2.4. Data Synthesis

The extracted data were synthesized to identify trends, evaluate the effectiveness of cur-
rent ASR models, and explore how these technologies are being integrated into educa-
tional environments. The synthesis focused on addressing the research questions and
comparing the findings with those of other systematic reviews in the field.

3.3. Reporting Phase

The findings and conclusions were documented, and implications for future research and
practice were discussed. Table [3.3|lists the selected studies.

4. Results

This section presents the findings for each research question. Our selection comprised
one paper published in 2019, one in 2020, eight in 2021, two in 2022, and four in 2023.

4.1. RQ1: What types of models were employed for training and testing in the
studies?

The analysis of the selected studies reveals a diverse range of models and techniques
employed for training and testing ASR systems for children’s speech. These models can
be categorized into several key types:

* Deep Neural Networks (DNNs): Widely used for their efficiency and
accuracy, as demonstrated in low-latency systems like Dorado et al.’s
[Dorado and Villanueva 2023]] ASR for Filipino children.



Table 1. Selected research papers

Paper Title Database
[Hair et al. 2019] Evaluating Automatic Speech Recognition for Child Speech Therapy Applications ACM
- - Measuring Frequency of Child-directed WH-Question Words for Alternate
[Kothalkar et al. 2021 Preschool Locations using Speech Recognition and Location Tracking Technologies ACM
[Hair et al. 2021a] A Longitudinal Evaluation of Tablet-Based Child Speech Therapy with Apraxia World ACM
[Garg et al. 2022] The Last Decade of HCI Research on Children and Voice-based Conversational Agents ACM
. A Text-to-Speech Pipeline, Evaluation Methodology, and
Hain ctal. 20221 Initial Fine-Tuning Results for Child Speech Synthesis IEEEXplorer
[Abion et al. 2023] Comparison of Data Augmentation Techniques on Filipino ASR for Children’s Speech Scopus
[Duan 2023] Joint Learning Feature and Model Adaptation for Unsupervised Acoustic Modelling of Child Speech Scopus
[Getman et al. 2023 Developing an Al-Assisted Low-Resource Spoken Language Learning App for Children Scopus
. Development of Low-Latency and Real-Time Filipino Children Automatic

[Dorado and Villanueya 2023) Speech Recognition System using Deep Neural Network Scopus
[Lileikyte et al. 2022 Assessing Child Communication Engagement and Statistical Speech Patterns for American English Scopus

- A Good Start is Half the Battle Won: Unsupervised Pre-training
[Misra etal. 202] for Low Resource Children’s Speech Recognition Scopus
- Assessing Posterior-Based Mispronunciation Detection on -
(Hair ct al. 2021b) Field-Collected Recordings from Child Speech Therapy Sessions Scopus
|Gelin et al. 2021] Simulating Reading Mistakes for Child Speech Transformer-Based Phone Recognition Scopus
[Yeung et al. 2021) Fundamental Frequency Feature Normalization and Data Augmentation for Child Speech Recognition Scopus
[Duan and Chen 2021} Senone-Aware Adversarial Multi-Task Training for Unsupervised Child to Adult Speech Adaptation Scopus
S Unsupervised Feature Adaptation Using Adversarial Multi-Task Training for S
IDuan and Chen 2020)] Automatic Evaluation of Children’s Speech Scopus

* Transformer-based Models: Effective in sequence tasks, such as Gelin et al.’s
[Gelin et al. 2021]] application for reading error simulation.

* Adversarial/Multi-task Learning: Duan et al. [Duan and Chen 2021]] applied
these techniques for unsupervised adaptation and evaluation of children’s speech,
addressing limited data.

* Unsupervised Models: Approaches like Duan et al.’s [Duan 2023]] unsupervised
acoustic modeling and Misra et al.’s [Misra et al. 2021]] pre-training tackled data
scarcity.

* Mispronunciation Detection: Models like Hair et al. [Hair et al. 2021bl] focused
on detecting pronunciation errors in child speech therapy.

* Data Augmentation: Studies such as Abion et al. [Abion et al. 2023] and Ye-

ung et al. [Yeung et al. 2021]] enhanced ASR accuracy through data augmentation

techniques.

Text-to-Speech and Engagement Models: Jain et al. [Jain et al. 2022]] devel-

oped child TTS pipelines, while Lileikyte et al. [Lileikyte et al. 2022] assessed

engagement in ASR interactions.

Low-Latency Models: Real-time ASR systems, like those by Dorado et al.

[Dorado and Villanueva 2023]] and Getman et al. [[Getman et al. 2023|], were de-

signed for interactive educational and therapeutic uses.

4.2. RQ2: Which Toolkits researchers use for speech recognition?

The analysis of the selected studies reveals a diverse range of toolkits and frameworks
employed by researchers in the field of child speech recognition. These toolkits can be
categorized as presented in Table

4.3. RQ3: What are the various natural languages employed in developing the ASR

system?

The analysis of the selected studies reveals that researchers have developed ASR systems
for children’s speech in various languages. While English appears to be the most com-
mon, there is notable effort to develop systems for other languages, particularly those
considered low-resource. The languages identified in the studies are show in Table



Table 2. Toolkits and Frameworks Used in Child Speech Recognition Studies

Toolkit/Framework | Usage/Study

Kaldi - Abion et al. [Abion et al. 2023]]: Data augmentation for Filipino
ASR children.

- Yeung et al. [Yeung et al. 2021]]: Feature normalization.

- Duan et al. [Duan and Chen 2021]]: Adversarial multi-task train-

ing.

ESPnet - Gelin et al. [Gelin et al. 2021]: Transformer-based phone recog-
nition for child speech.

TensorFlow - Dorado et al. [Dorado and Villanueva 2023]]: Real-time Filipino
children ASR system.

PyTorch - Jain et al. [Jain et al. 2022]]: Text-to-speech pipeline for child
speech synthesis.

HTK (Hidden | Not explicitly mentioned but widely known in speech recognition

Markov Model) for HMM-based models.

Mozilla Deep- | Open-source ASR engine, potentially used in end-to-end systems.

Speech

Custom  Frame- | - Hair et al. [Hair et al. 2021b]: Mispronunciation detection for

works child speech therapy.

- Getman et al. [Getman et al. 2023]: Al-assisted app for child
language learning.

Commercial APIs | Services like Google Cloud Speech-to-Text and Amazon Tran-
scribe are sometimes used for applied ASR research.

5. Discussion and Conclusions

Our analysis provides key insights into the field of ASR for children’s speech, partic-
ularly regarding the types of models, toolkits, and languages employed. The domi-
nance of deep neural networks (DNNs), transformer-based models, and adversarial/multi-
task learning models in child ASR research reflects a broader trend in the field, where
these approaches have demonstrated superior performance in handling complex speech
patterns. This aligns with findings from previous studies (e.g., [Shahin et al. 2022,
Dorado and Villanueva 2023])), which highlight the advantages of transformers in improv-
ing ASR accuracy, especially for low-resource languages and real-time applications.

One notable finding is the increasing use of adversarial and multi-task learning
models to compensate for limited labeled data, a trend that has been similarly reported
by [Shinohara 2016]. The success of these techniques in adapting child speech to adult
ASR models demonstrates their potential for cross-domain knowledge transfer, mitigat-
ing data scarcity issues. This is particularly relevant in the context of languages with lim-
ited speech datasets, reinforcing the need for further exploration of unsupervised learning
techniques in child ASR.

Another key trend is the shift towards real-time, low-latency ASR systems, as
emphasized by [Dorado and Villanueva 2023]]. These systems are crucial for interactive
applications such as educational tools and speech therapy, where fast response times are
essential. Our findings suggest that future research should prioritize optimizing ASR



Table 3. Languages Used in ASR System Development for Children’s Speech
Language Studies and Focus
English - Hair et al. [Hair et al. 2019, [Hair et al. 2021a]: Child speech
therapy applications.
- Lileikyte et al. [Lileikyte et al. 2022]]: Assessment of American
English communication engagement.
- Likely used in studies by Garg et al. [Garg et al. 2022], Jain et
al. [Jain et al. 2022]], Hair et al. [Hair et al. 2021b]].
Filipino (Taga- | - Abion et al. [[Abion et al. 2023]]: Data augmentation techniques
log) for Filipino child ASR.
- Dorado et al. [Dorado and Villanueva 2023]]: Low-latency, real-
time Filipino children ASR.
Low-Resource - Getman et al. [Getman et al. 2023]: Al-assisted app for low-
Languages resource spoken language learning.
- Misra et al. [Misra et al. 2021]]: Unsupervised pre-training for
low-resource child speech recognition.

Multiple/

. - Duan et al [Duan 2023, [Duan and Chen 2021,
Unspecified

Duan and Chen 2020]: Unsupervised/adversarial  training
for various languages.

- Yeung et al. [Yeung et al. 2021]: Feature normalization tech-
niques.

- Gelin et al. [Gelin et al. 2021]]: Phone recognition for multiple
languages.

models for real-world deployment, ensuring both efficiency and accuracy in dynamic en-
vironments.

In terms of ASR toolkits, our review found that Kaldi and ESPnet remain the
most widely used frameworks, consistent with prior research in ASR system develop-
ment [Watanabe et al. 2018]. However, the increased use of TensorFlow and PyTorch for
implementing custom neural architectures suggests a growing trend toward greater flex-
ibility in model design. This shift may indicate a move beyond traditional ASR toolkits
toward more adaptable, end-to-end deep learning solutions.

A significant challenge identified in our review is the limited availabil-
ity of ASR systems for languages other than English. = While studies such as
[Dorado and Villanueva 2023|] and [Abion et al. 2023]] have made progress in developing
ASR models for Filipino, most research continues to focus on English-speaking children.
This underscores a critical gap in the field: the need for more inclusive speech technolo-
gies that address the linguistic diversity of global populations. Future work should explore
strategies for developing ASR models that generalize better across multiple languages,
leveraging cross-lingual and multilingual training approaches.

5.1. Concluding Remarks

Our findings highlight the growing role of ASR systems in enhancing educational expe-
riences, particularly in personalized learning and language development. The success of



deep learning approaches, including transformers and adversarial training, suggests that
child ASR research is moving toward increasingly robust and adaptable models. How-
ever, challenges such as data scarcity and the computational demands of advanced models
remain obstacles to widespread implementation, particularly in resource-limited educa-
tional settings.

The implications of this study extend beyond ASR technology itself, emphasiz-
ing the potential of these systems in inclusive and accessible education. Future research
should focus on improving ASR performance for underrepresented languages and op-
timizing models for real-time, practical applications in schools and therapeutic settings.
By addressing these challenges, ASR systems can contribute to more engaging, equitable,
and effective learning environments worldwide.
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