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Abstract—Knowledge about infant language can go a long
way in supporting parents, nurses, and care providers in im-
proving babies’ health conditions. Crying is the most effective
tool through which babies convey their requirements. In this
work, several studies dealing with infant cry detection and
classification are contrasted. Research demonstrates that machine
learning techniques can effectively categorize and classify infant
needs and certain disorders. Several datasets, including Baby
Chillanto, Donate A Cry Corpus and Dunstan Baby Language,
are presented. After reviewing existing Datasets, preprocessing
methodologies and audio feature extraction such as MFCC,
RMS energy, etc., are discussed. For infant cry detection and
classification, several algorithms, such as support vector machines
(SVM), convolutional neural networks (CNN), k-nearest neigh-
bors (KNN), Random Forest, etc., have been analyzed and utilized
for such processes in general. Finally, the study explores various
applications of infant cry analysis, highlighting its potential to
improve infant care and facilitate early diagnosis. As a result of
the findings, it has been observed that infant cry analysis can
effectively identify different needs and potential health concerns
with high accuracy. These machine learning models’ classification
outputs have the potential to (1) improve childcare practices, (2)
detect medical issues earlier, and (3) monitor infants continuously.
These features give medical professionals and caregivers useful
information for prompt intervention. The implementation of these
findings can be applied in hospitals, neonatal intensive care units
(NICUs), smart baby monitoring systems, and research studies
focused on early childhood development.

Index Terms—infant cry classification, infant cry detection,
machine learning, audio feature extraction, deep learning

I. INTRODUCTION

The neonatal period (the first 28 days of life) represents
the highest-risk interval for child mortality, accounting for
2.3 million global deaths in 2022. Newborns comprised 47%
of all under-five deaths that year, with 75% of these deaths
occurring during the first week of life and between 25% and
45% occurring within the first 24 hours [1]. Figure 1 illustrates
the primary causes for these fatalities, such as pneumonia
and birth asphyxia. Many of these pathological conditions are
preventable; indeed, the World Health Organization (WHO)
predicts that up to two-thirds of newborn deaths could be
averted with early diagnosis and treatment [2].

Newborns in mammalian species use both visual and
acoustic cues to express their needs [3]-[5]. Across
phylogeny, infant distress vocalizations improve survival by
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eliciting predictable caregiving responses [3], [4], [6]-[8].
Nevertheless, Esposito et al. [9] showed that crying behavior
in people with autism spectrum disorder (ASD) is frequently
more difficult to interpret, which could compromise the
quality of caregiving. The caregiver’s perception of crying is
influenced by acoustic characteristics, which are often atypical
in children with ASD [3], [10]. According to some studies,
other disorders such as deafness [11]-[14], asphyxia [11],
[14]-[16], and pain measurement [17], [19] can be diagnosed.
Infant cry research involves reviewing datasets, extracting and
selecting features, and performing classification. Collecting
infant cry data is challenging due to ethical and privacy
concerns, as well as sensitivity to environmental noise and
infant conditions [20]. Most datasets include various cry types
(e.g., hunger, pain) recorded in hospital Neonatal Intensive
Care Units (NICUs) using specialized devices [20].

Two fundamental tasks define this field: infant cry detection
and classification. Cry detection is the binary task of
identifying a cry event in an audio signal, typically to
activate a monitoring system. In contrast, cry classification
is a more complex, multi-class challenge that interprets the
cry’s meaning—be it a specific need (e.g., hunger, pain)
or a potential pathology (e.g., asphyxia, deafness). Because
these tasks require different approaches to data labeling,
feature extraction, and model complexity, this survey will
specify which task is being addressed when evaluating each
methodology and its performance.
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Several datasets, including Donate A Cry Corpus and Chi-
lanto, are presented. Common features used for audio classifi-
cation include Mel spectrograms, MFCC (Mel-frequency cep-
stral coefficients), STFT (Short-time Fourier transform), and
Mel spectrograms. This work introduces additional features
to improve performance. After extracting features, the next
step is to select the most informative ones. Some approaches
make use of a single feature, whereas others combine multiple
features for better accuracy.

Selecting an appropriate model and algorithm is essential
for infant cry detection and classification. Some studies are
focused solely on classification [21], [22] or detection [23]-
[26], while others address both [11], [27], [28]. The choice
of model and algorithm is determined by the specific ap-
plication. In a variety of applications, researchers frequently
use machine learning algorithms like Random Forest [58],
[63], Support Vector Machines (SVMs) [12], [55], artificial
neural networks (ANNs) [11], [21], fuzzy systems [37], and
K-Nearest Neighbors (KNN) [23], [28], etc. These algorithms
have achieved acceptable accuracy rates. This paper provides
a comprehensive review of various features and algorithms
implemented on different datasets, highlighting their respective
accuracy outcomes. Before deploying these models in real-
world applications, factors such as robustness to noise, com-
putational efficiency, and accuracy must be considered. The
models should be robust against noise, exhibit low latency,
and achieve high accuracy in classification. These models can
be deployed in mobile applications or embedded systems.

A. Motivation

Infant cry classification has been recognized as a significant
area of research in pediatric care and early childhood devel-
opment. A sophisticated system capable of automatically clas-
sifying infant vocalizations could transform the way infants’
needs are understood and addressed, potentially enhancing
parental care and enabling the earlier detection of health issues
[3], [29]. Key points to consider:

o Crying is a primary way infants communicate their needs
and distress [3], [29].

o Cry analysis may automatically detect the presence of
illness or discomfort before severe symptoms manifest
[3].

e Various machine learning approaches have shown great
promise in classifying cries into their basic categories
based on acoustic features, such as pattern variations in
the spectrogram or fundamental frequency [29].

By creating systems that automatically categorize baby cries
and utilizing recent developments in machine learning and
speech, these might be completed much more accurately
and in practical ways. The findings will have a significant
impact on advancements in our knowledge of early childhood
development, early detection of health problems, and pediatric
care improvements [3], [29].

B. Contributions

Our review delivers a comprehensive overview and assess-
ment of research on infant cry analysis that connects scholarly

discoveries with practical uses. By assessing recording set-
tings, categorization kinds, and the practical and ethical issues
related to their collection and usage, it methodically gathers
and contrasts more than 15 datasets. Furthermore, it examines
cutting-edge feature extraction techniques, including MFCC,
STFT, DWT, and PLP, pointing out their advantages and disad-
vantages in various noisy settings. The study examines impor-
tant trade-offs between accuracy, computational efficiency, and
real-time feasibility by contrasting contemporary deep learning
techniques (CNN, RNN, Vision Transformers) with conven-
tional machine learning models (SVM, KNN, Random Forest).
It also includes benchmark performance measures. Crucially,
the analysis also assesses how these approaches might be
incorporated into smart baby monitoring, neonatal intensive
care unit systems, and early diagnostic tools for disorders like
autism spectrum disorder. By doing this, this study contributes
significantly to clinical and consumer healthcare improvements
by providing practical insights and a framework for converting
research breakthroughs into reliable, deployable newborn cry
classification systems.

II. RELATED SURVEYS

Our analysis extends prior research by referencing Chunyan
Ji’s review of infant cry analyzing methodologies. Ji’s review
covers machine learning classifiers including KNN, SVM,
CNN, and RNN and highlights feature extraction techniques
like MFCC, spectrogram, and fundamental frequency. Al-
though Ji provides insightful information about algorithm and
signal processing methods, this survey stands out for offering
a thorough and current analysis of current datasets, address-
ing ethical issues that are important to data collection, and
emphasizing real-world applications in early diagnosis, smart
monitoring systems, and neonatal care. Additionally, this book
presents a comprehensive view of the area by synthesizing
findings from a wider range of investigations. [29].

III. SURVEY METHODOLOGY
Figure 2 illustrates the methodology followed for the literature
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Fig. 2: Precedence of Survey Methodology

survey. To collect relevant articles, the most commonly used
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search query in this review was (“infant” OR “baby”) AND
(“cry”) AND (“detection” OR “classification” OR “analysis”).
The search was performed across multiple academic databases,
including Google Scholar, IEEE Xplore, Scopus, Springer
Link, ScienceDirect, and ResearchGate.

TABLE I: Comparison of Various Based on Keywords

Keyword All | IEEE| Springer| Elsevier] Other|
Baby Cry Detection 130 | 47 11 10 62
Baby Cry Classification 70 27 9 5 29
Baby Cry Analysis 50 15 5 5 25
Infant Cry Detection 50 25 6 5 14
Infant Cry Classification 60 27 9 10 14
Infant Cry Analysis 50 13 9 12 35

TABLE II: Comparison of Various Publishers

Publisher Collected Reviewed
1IEEE 48 36
Springer 18 8

Elsevier 13 5
Frontiers 8 4

MDPI 3 2

ACM 3 1

Other 51 28

Total 144 84

Table I presents the articles collected from various publish-
ers. Many duplicate entries were identified and subsequently
removed. Additionally, articles were excluded based on their
titles if they were unrelated to algorithmic processing and
instead focused on clinical experiments conducted by nurses
or parents. Further exclusions were made after reviewing
the abstracts, particularly for articles that did not propose a
new method or focused on classification using EEG or other
non-audio data formats. Table II summarizes the final set of
collected and reviewed articles from different publishers.

The distribution of the final 84 reviewed articles shows an
almost even split between conference proceedings (43 publi-
cations) and journals (41 publications). Analysis of conference
publications highlights the central role of IEEE-sponsored
venues, which account for 85.7% of the reviewed conference
papers. This strong concentration suggests that research in
infant cry analysis is predominantly driven by the engineer-
ing and signal processing communities, where IEEE holds
significant influence. This finding underscores the dominance
of IEEE as a preferred venue for conferences, while journal
publications were more varied across different publishers.

IV. ORGANISATION

The remainder of this manuscript is organized as follows:

o Section V provides a detailed overview of existing infant
cry datasets. It examines over 15 distinct databases,
highlighting their characteristics, such as recording en-
vironments and classification types, and discusses the
practical and ethical challenges related to their collection
and use.

o Section VI reviews feature extraction methods. It ex-
plores a range of techniques, from the widely used
Mel-Frequency Cepstral Coefficients (MFCC) to more

advanced time-frequency representations like Short-Time
Fourier Transform (STFT), and discusses their respective
strengths and weaknesses in analyzing infant cry signals.

e Section VII covers the machine learning models used
for cry detection and classification. This section con-
trasts traditional algorithms like Support Vector Machines
(SVM) and K-Nearest Neighbors (KNN) with modern
deep learning architectures, including Convolutional Neu-
ral Networks (CNN) and Recurrent Neural Networks
(RNN), analyzing trade-offs in accuracy and computa-
tional efficiency.

e Section VIII presents the results from the surveyed
studies. It synthesizes the performance benchmarks of
different models and features across various datasets,
providing a comparative analysis of their effectiveness in
both binary detection and multi-class classification tasks.

e Section IX offers a critical discussion of the find-
ings. It interprets the results from the previous section,
highlighting key trade-offs between model complexity,
computational cost, and classification performance, and
contextualizes the practical implications of these findings.

o Section X explores the real-world domains and appli-
cations of infant cry analysis. It emphasizes how these
technologies can be integrated into clinical tools, smart
baby monitors, and systems for early developmental
screening.

o Section XI outlines the primary challenges and future
directions for the field. It addresses critical issues such
as data accessibility, model generalizability, noise ro-
bustness, and ethical considerations, proposing potential
solutions to guide future research.

o Section XII provides concluding remarks, summarizing
the key takeaways from the survey and underscoring the
potential of infant cry analysis to advance pediatric care
and our understanding of early childhood development.

V. EXISTING DATASETS

The advancement of infant cry analysis is fundamentally
reliant on the availability and quality of datasets. While the
number of databases has grown, a critical evaluation reveals
significant, persistent limitations that challenge the reliability
and generalizability of many research findings. These short-
comings, detailed in Table III, include a lack of demographic
diversity, a high risk of model overfitting due to small sample
sizes, and inherent biases introduced by different recording en-
vironments. Addressing these issues is paramount for moving
from academic models to robust, real-world applications.

A primary challenge is the lack of data representativeness.
Many foundational datasets are ethnically and culturally ho-
mogeneous, such as the Baby Chillanto (primarily Mexican),
which was specifically designed to study pathological condi-
tions like asphyxia and hypoacoustics [11], SPLAN (Roma-
nian), and various self-recorded datasets focusing on single
populations like Taiwanese or Indian infants [11], [27], [64].
Models trained on such data learn narrow patterns and are
often brittle, failing to generalize across a diverse global pop-
ulation. This problem is compounded by inconsistent reporting
of infant age, a crucial developmental variable.
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Some datasets focus on an extremely narrow age range (e.g.,
1-10 days [27]) while others omit this information entirely,
making it impossible to assess a model’s performance across
different stages of early development.

Furthermore, the trade-off between data quantity and quality
introduces a high risk of producing statistically weak models.
Many available datasets are notably small—such as Dunstan
(315 samples), iCOPE (113 samples), and the extremely small
ADEL (39 samples), which significantly increases the likeli-
hood of model overfitting. These datasets are prime examples
of what can be termed pathology-focused datasets, which are
invaluable for clinical research but are often limited in size.
Other important examples in this category include the Autism
DB datasets, created specifically for early ASD screening
[71], [72], and the Hypothyroid database [76]. While larger
datasets like SPLAN exist, they often suffer from severe class
imbalance, where common cries like “hunger” vastly outnum-
ber others, biasing the classifier. The recording environment
also creates a critical dichotomy. Data from controlled clinical
settings (NICUs, hospitals) is clean and well-labeled but lacks
the background noise and variability of real-world scenarios.
Conversely, crowdsourced datasets like Donate A Cry Corpus
and ChatterBaby capture more realistic conditions and offer
greater diversity but are plagued by inconsistent audio quality
and unverified labels [70], [126].

To create a more complete picture of infant distress and
overcome the limitations of relying on audio alone, some
research has shifted towards multimodal datasets. This ap-
proach combines cry audio with other physiological and
behavioral signals. For instance, Yosi Kristian et al. and Ghada
Zamzmi et al. merged voice and facial expression data [17],
[18], while Ana Laguna et al. [78] integrated cry vocaliza-
tions with electroencephalography (EEG), near-infrared spec-
troscopy (NIRS), and videos of facial expressions and body
movements. Similarly, Schuller et al. [69] combined voice data
with heart rate measurements, enriching the potential for more
accurate and context-aware analysis.

As a direct technical response to the pervasive issues of
small sample sizes and class imbalance, researchers widely
employ data augmentation. By synthetically expanding the
training data, these methods help mitigate overfitting and
improve model robustness. For example, Ashwini et al. aug-
mented spectrographic images before feeding them into a deep
convolutional neural network (CNN) [22]. To combat classifier
bias in the CRIED dataset, Jindal et al. [111] successfully
applied a suite of techniques, including pitch shifting, time
stretching, noise addition, and dynamic range compression
[111], [112].

VI. FEATURE EXTRACTION

Feature extraction is a critical component in classification
studies. Since infants primarily communicate through crying,
machines can be trained to analyze these vocalizations by
extracting the same frequency-based attributes humans use to
distinguish them from adult speech. Figure 3 illustrates these
differences. Beyond simple detection, classification aims to
interpret an infant’s needs (e.g., hunger, pain), which is a more

complex task that benefits caregivers. This is achieved through
the careful selection of the most relevant features.
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Fig. 3: Adult speech vs. infant cry signal in time and frequency
domain [29]

The main audio features are divided into several domains,
as shown in Figure 4, and key techniques used by researchers
are introduced below.

A. STFT

The Short-Time Fourier Transform (STFT) spectrogram
is one of the time-frequency analysis methods that provides
clear computational benefits. First, finite-duration parts of the
signal are isolated using a window function, and then each
windowed segment’s discrete Fourier transform is calculated
[79], [80]. This segmentation method preserves computational
simplicity while offering an effective trade-off between
time and frequency resolution [13]. The STFT is especially
well-suited for real-time applications in cry analytic systems
due to its simple construction and quick processing when
compared to more complex time-frequency representations.

Infant crying signals are highly non-stationary, meaning
their frequency content changes significantly over time. Due
to this characteristic, some researchers have utilized the STFT
and to analyze infant crying signals.

B. Mel Spectrogram and MFCC

A Mel Spectrogram is a powerful visual representation of a
sound signal’s spectrum where the frequency axis is converted
to the Mel scale [59]. This scale is designed to mimic the
non-linear way humans perceive pitch, giving more resolution
to lower frequencies that are more critical for interpreting
vocal sounds. The resulting image plots time against the Mel-
scaled frequency, with the color or intensity representing the
amplitude of the sound. This format is particularly effective
for deep learning models like Convolutional Neural Networks
(CNNs), which can analyze the spectrogram as an image to
learn patterns [157]. Furthermore, the Mel Spectrogram is a
common intermediate step for deriving more compact feature
sets, such as MFCCs.

Building on this perceptual model, Mel-Frequency Cepstral
Coefficients (MFCC) have become a standard feature extrac-
tion method in speech processing systems due to their ability
to effectively represent spectral properties. The technique
employs a perceptually-motivated frequency analysis using
the Mel scale, which closely corresponds to human hear-
ing sensitivity. Unlike time-domain features, MFCCs better
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TABLE IV: Acoustic Features Used in Infant Cry Analysis

Studies
Feature Study
Short-Time  Fourier Transform [13], [14], [22], [49], [67], [157]
(STFT)
Mel Spectrogram [59], [157]
Mel-Frequency Cepstral Coeffi- [11], [12], [23], [30]-[32], [34],

cients (MFCC)

[35], [37]-{39], [43], [48], [50],

[50], [57], [58], [60], [65], [66],
[75], [84]-[90], [156], [157]

DWT-MFCC [15], [48], [50], [72]

Linear Predictive Coding (LPC) [12], [28], [32], [37]

Perceptual Linear Prediction (PLP) [511, [90]
Bark Frequency Cepstral Coeffi- [87], [91]
cients (BFCC)

Gamma-Tone Frequency Cepstral [60], [92]

Coefficients (GFCC)

Short-Time Cepstral Coefficients [31]

(STCC)

Variation of Waveforms [40], [41]
Log Mel Filter Bank (LMFB) [93]

Log Linear Filter Bank (LLFB) [26]

Log Mel Filter Band Energy [94]
Fundamental Frequency (Fp) [771, [95]

FFT + Fractal Dimension with [52]
Higuchi Algorithm

Wavelet Packet Spectrum [15]
Spectrum-Based Features [74]
Spectrogram-Based Features [67], [121]
Harmonic Ratio [92]
Frequency Features [21], [61]
Audio Features
)
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Fig. 4: Main audio feature categories

capture perceptually significant spectral information, making
them particularly suitable for voice analysis applications [48].
MEFCC captures a sound signal’s short-term power spectrum
using the Mel scale, which approximates human auditory
perception of frequency changes. The method processes the

Mel Fregency Cepstral Coefficients (MFCC)

Fast Fourier
Transform

Mel Scale
Filtering

Speech Signal ]»H

Feature Vector

i Derivativs Discrete Cosine
Transform

Fig. 5: MFCCs Block Diagram

signal by: (1) segmenting it into short frames, (2) analyzing
each frame’s power spectrum, and (3) weighting energy across
frequency bands according to human hearing sensitivity. The
frequency scale undergoes logarithmic compression before
Discrete Cosine Transform (DCT) application, producing the
final MFCC coefficients [57], as shown in Figure 5. The
advantages of MFCC, which have caused it to be used by
researchers more than other features, include [34], [83]:

« Effectively characterizes acoustic patterns by identifying
distinctive sound features

o Produces compact feature vectors while preserving essen-
tial acoustic properties

e Mimics human auditory perception in its signal process-
ing approach

C. DWI-MFCC

Using multilevel analysis, the Discrete Wavelet Transform
(DWT) breaks down signals into frequency sub-bands,

generating wavelet components at each step of the
decomposition process. Quadrature mirror filters, more
especially a low-pass filter (LPF) for approximation

coefficients and a high-pass filter (HPF) for detail coefficients,
are used to accomplish this transition [8§1]. DWT is a useful
preprocessing method for signal decomposition and feature
extraction in audio processing applications [50].

In the DWT-MFCC approach, this decomposition is the
first step. After the DWT separates the signal into its con-
stituent wavelet components, Mel-Frequency Cepstral Coeffi-
cients (MFCCs) are then extracted from these individual sub-
bands [15]. This combined method is particularly effective for
analyzing non-stationary signals like infant cries, as the initial
wavelet decomposition can better capture transient acoustic
events before the cepstral analysis is performed [48].

D. Other Features

Other types of cepstral domain features that have ap-
plications in baby cry analysis, such as Linear Predictive
Coding(LPC) [12], [28], [32], [37], Linear Prediction Cep-
stral Coefficients(LPCC) [30], [46], [51], Perceptual Linear
Prediction (PLP) [51], [90], Linear Frequency Cepstral Co-
efficients (LFCC) [28], [31], Bark Frequency Cepstral Coef-
ficients (BFCC) [87], [91], Gamma-Tone Frequency Cepstral
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Coefficients(GFCC) [60], [92] and Short Time Cepstral Co-
efficients (STCC) [31]. Some researchers used the variation
of waveforms [40], [41], pitch [35], Log Mel Filter Bank
(LMFB) [93], Log Linear Filter Bank (LLFB) [26], Log
Mel Filter Band Energy [94]. Chittora et al. [95] analyzed
fundamental frequency(FO) for classification but resulting in a
computational cost 20 times lower than standard MFCCs with
no additional memory cost [96].

VII. MODELS

Reliable results can be achieved by implementing an ef-
fective model, provided that suitable acoustic features are
extracted. Accuracy and latency are directly impacted by
the choice of model. The reviewed models can be broadly
categorized by their primary approach: traditional models that
classify extracted feature vectors, and artificial neural networks
that can learn patterns directly from signal representations,
either spatially as images or temporally as sequences.

A. Traditional Machine Learning Models

Researchers frequently employ traditional machine learning
models such as Support Vector Machines (SVMs) [12], [55],
K-Nearest Neighbors (KNN) [23], [57], and Random Forest
(RF) [58], [63]. These models typically operate on extracted
feature vectors, like MFCCs, treating each vector as a sin-
gle, static data point. Their strength lies in their simplicity
and efficiency for classification when the input features are
highly discriminative. However, they do not inherently model
the temporal evolution or modulations within the cry signal
itself, instead relying on the feature vector to encapsulate all
necessary information.

B. Artificial Neural Networks

Artificial Neural Networks (ANNs), computational models
inspired by biological brain systems, have been central to
modern cry analysis [33]. A dominant approach within ANNs
is to treat a time-frequency representation of the cry, such as
a spectrogram, as an image. For this, Convolutional Neural
Networks (CNNs), including architectures like AlexNet [40]
and GoogLeNet [41], are used to automatically learn important
spatial patterns, like the shape and texture of harmonics. This
automates the feature learning process from visual data.

Another approach focuses on the cry’s modulations over
time by treating it as a sequence. Architectures like Recurrent
Neural Networks (RNNs) and Reservoir Networks [90] are
designed for this purpose, processing sequences of feature
vectors to learn patterns that unfold over the duration of the
cry. Other widely used ANNs include Feedforward Neural
Networks (FFNNs) [35] and specialized architectures like
Probabilistic (PNN) and General Regression (GRNN) neural
networks [13], [14], which have proven to be powerful clas-
sifiers.

C. Hybrid Models

To leverage the respective strengths of different architec-
tures, some researchers have implemented hybrid models.
These models combine distinct approaches to create a more
powerful and nuanced system. A prime example is the CNN-
RNN architecture [49]. In this approach, the CNN acts as an
advanced feature extractor on short, sequential frames of a
spectrogram. The sequence of these learned features is then fed
into an RNN, which models their temporal dependencies. This
allows the system to learn both the specific acoustic features
present at each moment and the temporal evolution of these
features over the duration of the cry. Other hybrid models
combine neural network feature extraction with traditional
classifiers, such as in DeepSVM [62], or integrate principles
from other fields, as seen in Neuro-Fuzzy [51] and Genetic-
ANN systems [32].

TABLE V: Model and Studies

Model Study

Support Vector Machine (SVM) [12], [15], [19], [22], [39], [43],
[55], [77]

K-Nearest Neighbor (KNN) [23], [28], [34], [56], [57], [88],
[89]

Random Forest (RF) [58], [60], [63], [77]

Gaussian Mixture Model (GMM) [31], [61]

1-vector [65]

Linear  Discriminant  Analysis [50]

(LDA)

Fuzzy [37]

Feed Forward Neural Network [111, [33], [35], [94]

(FFNN)

Convolutional Neural Network [241-[27], [38], [53], [54], [78],

(CNN) [92], [93], [157]

Multi-Layer Perceptron (MLP) [30], [43], [44], [75], [76]

Capsule Network [67], [84]

CNN-RNN [49]

Graph  Convolutional ~ Network [121]

(GCN)

Genetic + ANN [32]

Vision Transformer [59]

General Regression Neural Net- [13], [36]

work (GRNN)

Probabilistic  Neural = Network [14], [46]

(PNN)

DeepSVM [62]

AlexNet [40], [41]

GoogLeNet [41]

Neuro-Fuzzy [517, [102]

Reservoir Network [90]

VIII. RESULT

For metric evaluation, this review uses several standard
metrics, including Accuracy, Precision, Recall, and F1-Score.
The formulas are provided below [106]:

Accuracy = TP+TN (D
Y = TP TN+ FP+FN
TP
Precision = TP+ FP ()
TP
Recall (Sensitivity) = 3)

TP+ FN

Precisi Recall
Fl-Score — 2 x —ooiston X 1tecd @)
Precision + Recall
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where:

o True Positive (TP): Correct identification of vocal sam-
ples belonging to the target class.

o True Negative (TN): Accurate exclusion of samples from
non-target classes.

« False Positive (FP): Erroneous classification of non-target
samples into the target class.

o False Negative (FN): Incorrect rejection of valid target-
class samples.

The analysis first addresses the binary task of cry detection
before moving to the more complex challenge of multi-class
cry classification across several key datasets.

Cry Detection (Binary Classification)

The initial analysis focuses on cry detection (a cry vs.
no-cry task), detailed in Table VI. The primary finding is
that cry detection is a largely mature problem where sim-
ple, computationally efficient models can achieve near-perfect
accuracy. A standout example is the work of Cohen [23],
which reached 100% accuracy using a lightweight K-Nearest
Neighbor (KNN) model with MFCC features, making it ideal
for real-time applications. In contrast, while more complex
models like the CNN used by Chang [27] also achieved
very high accuracy (99.83%), their greater computational cost
makes them better suited for systems where latency is less
critical. This establishes a clear theme: for the simpler task
of detection, efficiency is a key differentiator among high-
performing models.

Cry Classification (Multi-Class)

Following detection, the more complex challenge of multi-
class cry classification is evaluated across several key datasets.

Analysis of the Baby Chillanto Dataset: On the Baby
Chillanto dataset, which is focused on classifying pathological
cries, the results in Table VII reveal a clear synergy between
the choice of audio features and the model architecture. The
selection of features proved critical for success. While the
commonly used Mel-Frequency Cepstral Coefficients (MFCC)
provided a versatile baseline, its effectiveness varied signifi-
cantly, contributing to results that ranged from a low accuracy
of 85% [39] to a high precision of 98.67% [11].

The highest and most consistent accuracies were achieved
when models utilized more detailed time-frequency features,
such as the Short-Time Fourier Transform (STFT) [13], [42]
and Wavelet Packet Spectrum (WPS) [14], [36]. This advan-
tage is most evident in the performance of specialized neural
networks. General Regression Neural Networks (GRNN) and
Probabilistic Neural Networks (PNN), when paired with these
advanced time-frequency features, achieved state-of-the-art
accuracies exceeding 99% [13], [14], [36], [42]. This level of
performance surpassed not only traditional models like SVM,
which had a wide accuracy range from 85% [39] to 98.5%
[15], but also standard deep learning architectures like AlexNet
(92%) [40]. Therefore, for the Baby Chillanto dataset, the
combination of detailed time-frequency feature extraction with
specialized PNN or GRNN models represents the most robust
and practical solution.

Analysis of the Donate a Cry Corpus: Analysis of the
Donate a Cry Corpus (Table VIII) challenges the prevailing
assumption that state-of-the-art performance necessitates com-
plex deep learning models. A lightweight K-Nearest Neighbors
(KNN) classifier, operating on standard MFCC features, not
only achieved an exceptional accuracy of 98.8% [57] but
also outperformed more computationally intensive architec-
tures like Vision Transformers (98.33%) [59] and Deep-SVM
(98.34%) [62]. This finding underscores a critical principle for
this domain: for classifying common, non-pathological cries,
the discriminative power of a robust feature set can be more
impactful than the model’s architectural complexity. Conse-
quently, computationally efficient traditional models present
a more practical, and in this case, more accurate solution
for deployment on real-time, resource-constrained consumer
devices.

Analysis of the Dunstan Baby Language Dataset: The
analysis of the Dunstan Baby Language dataset (Table IX)
reveals two distinct and competing pathways to achieving
high classification accuracy. The highest performance was
achieved by a complex hybrid CNN-RNN model, which
reached 94.97% accuracy [49]. This result underscores the
importance of modeling temporal dynamics for these specific,
phonetic-based cries.

Competing closely, a much simpler Linear Discriminant
Analysis (LDA) model achieved a comparable 94% accuracy
[50]. This presents a clear trade-off for practical implementa-
tion: while the hybrid model likely offers the highest precision,
the efficient LDA provides a more balanced solution with a
reported latency of just 1.55 ms. The relative underperfor-
mance of other traditional models, such as KNN (79.95%)
[34] and SVM (80%) [52], suggests that this classification
task is more complex than general cry detection and requires
either sophisticated temporal modeling or strong linear feature
separation.

Analysis of Other Specialized Datasets: Finally, the varied
results from the smaller, specialized clinical datasets in Ta-
ble X underscore both the potential and the current limitations
of diagnostic cry analysis. While studies on the extremely
small ADEL dataset reported 100% accuracy using complex
feature selection methods [73], [74], these results should be
interpreted with significant caution as they carry a high risk
of overfitting and are unlikely to generalize.

More indicative are the promising results for specific condi-
tions, such as the "88% accuracy for Hypothyroidism detection
using MLP models [75], [76] and up to 92.33% for Autism
screening with a CNN [72]. These findings demonstrate the
feasibility of using cry analysis as a non-invasive diagnostic
tool, but they also highlight the field’s most critical challenge:
the lack of large, diverse clinical datasets required to validate
these models and move them from proof-of-concept to reliable
clinical application.

IX. DISCUSSION

The analysis of the surveyed literature reveals a field of
dual speeds. The task of binary cry detection (a cry vs. no-
cry problem) appears largely mature, with simple, lightweight
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TABLE VI: Comparison of Various Detection Methods

Author Feature Model Accuracy Precision Recall F1
Chang (2019) | Spectrogram | CNN 99.83% - - -
[27] (STFT)

Cohen (2012) | MFCC KNN 100% - - -
[23]

Dewi  (2019) | LFCC KNN 90.83% - - -
[28]

Jahangir (2024) | - CNN Stacked Classi- | 98% 98.72% 98.05% 98.39%
[24] fier Network

Manikanta MECC 1D-CNN 98% - - -
(2019) [25]

Xie (2019) [26] | LLFB CNN - 99% - -

TABLE VII: Baby Chillanto Database

Author (Year) Number of | Feature Model Accuracy Precision Recall | F1
Classes

Reyes-Galaviz 3 MFCC, LPC FF-IDNN - 98.67 - -

(2004) [11]

Sahak (2010) | 2 MFCC SVM 95.86 97.44 94.28 95.83

[43]

Zabidi (2010) | 2 MFCC MLP 93.38 - 90.15 -

[44]

Zabidi (2010) | 2 MFCC OLS+MLP 93.95 - - -

[45]

Hariharan (2012) | 2 STFT PNN 99.00 - 98.82 -

[42]

Hariharan (2012) | 2 STFT GRNN 99.00 - 98.24 -

[13]

Saraswathy 3 WPS PNN 99.22 - - -

(2013) [14]

Perez (2015) [37] | 2 MFCC+LPC Fuzzy 97.96 100 95.00 97.40

Sachin 2017) | 2 Waveforms AlexNet 92.00 - - -

[40]

Moharir  (2017) | 3 ‘Waveforms GoogLeNet 94.00 - - -

[41]

Onu (2017) [39] 3 MFCC SVM 85.00 85.00 85.00 85.00

Zabidi 2017) | 2 MECC CNN 92.78 - - -

[38]

Badreldine 3 DWT-MFCC SVM 98.50 - - -

(2018) [15]

Sailor (2018) | 2 ConvRBM-FB GMM 96.48 - - -

[16]

Saraswathy 2 WPS GRNN 99.70 99.41 100 99.70

(2020) [36]

Ji (2021) [121] 3 Spectrogram GCN 95.21 - - -

Dharwadkar 5 MFCC + Pitch FFNN 97.00 - - -

(2022) [35]

TABLE VIII: Donate Cry Corpus Database

Author (Year) Number of | Feature Model Accuracy Precision Recall F1

Classes
Ekinci (2023) | 5 MFCC KNN 98.80 98.80 98.80 98.80
[57]
Rezaee  (2024) | 5 STFT Deep-SVM 98.34 98.35 98.34 98.34
[62]
Younis  (2024) | 5 Mel Spectrogram | ViT 98.33 98.40 98.33 98.34
[59]
Ozcan (2025) | 5 MFCC FFNN 90.00 91.80 92.20 90.00
[156]
Hammoud 5 MFCC Random Forest 96.39 96.48 96.39 96.38
(2024) [58]
Rani (2022) [56] 8 MFCC KNN 76.16% - - -
Grayson (2021) | 5 Spectrogram SVM 86.00 - - -
[55]
Kulkarni (2021) | 4 MFCC + GFCC Random Forest 84.00 84.00 84.00 84.00
[60]
Qiao (2024) | 3 STFT + Mel | CNN 93.83 - - -
[157] Spectrogram  +

MFCC

Sharma  (2019) | 5 12 Features GMM 81.27 - - -
[61]

Authorized licensed use limited to: LIVERPOOL JOHN MOORES UNIVERSITY. Downloaded on December 03,2025 at 10:03:36 UTC from IEEE Xplore. Restrictions apply.
© 2025 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Affective Computing. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TAFFC.2025.3636598

JOURNAL OF KX CLASS FILES, VOL. 14, NO. 8, AUGUST 2021

TABLE IX: Dunstan Baby Language Database

Author Number of | Feature Model Accuracy Latency
Classes (ms/sample

Limantoro 4 MFCC KNN 79.95% | -

(2016) [34]

Prasasti  (2019) | 4 DWT-MFCC Euclidean 90% 0.5542

(48]

Novamizanti 4 MFCC LDA 94% 1.5506

(2020) [50]

Srijiranon (2014) | All PLP Neuro-Fuzzy 86.25% | -

[51]

Widhyanti (2021) | 4 FFT+Fractal SVM 80% 0.03-0.08

(52]

Sutanto  (2021) | All MFCC CNN 85% -

[53]

Franti (2018) | All Spectrogram CNN 89% -

[54]

Maghfira (2020) | All STFT CNN-RNN 9497% | -

[49]

Qiao (2024) | All STFT + Mel | CNN 87.716% | -

[157] Spectrogram  +

MFCC
TABLE X: Other Databases
Author Database Feature Model Accuracy| Precision | Recall F1 Specificity AUC /
ROC
Khozaei (2020) | Autism FO + | SubSet In- | 85.7% 92.86% 85.71% 89.2% 100% -
[71] DB(2020) MFCC stance
Wu (2019) [72] Autism MFCC CNN 92.33% - - - - -
DB(2019)
Okada (2024) | ADEL LPC IFSM+DPS | 100% - - - - -
(73]
Wang (2010) [74] | ADEL Power FSM 100% - - - - -
Spectro-
gram

Zabidi (2009) | Hypothyroid | MFCC F-Ratio + | 88.35% - 98 - - -
[76] MLP
Zabidi (2010) | Hypothyroid | MFCC MLP 88.12% - 100 - - AUC =
[75] 99.89%
Orlandi  (2016) | Self Feature Random 87% 87.4% 87.3% 87.3% 87.4% ROC =
[77] Frequency Forest 94.1

models like KNN achieving near-perfect accuracy with mini-
mal latency [23], making them ideal for real-time triggering.
This success shifts the primary research challenge towards
the more complex, multi-class problem of cry classification
interpreting the cry’s meaning. A primary promise in this
area is its potential as a non-invasive tool for screening
neurodevelopmental and pathological conditions. The success
of this application hinges on identifying consistent, measurable
acoustic biomarkers specific features of a cry that reliably
correlate with an underlying state. The following subsections
first explore these foundational biomarkers and then synthesize
the performance of various models, revealing a critical, multi-
dimensional trade-off that governs the selection of an optimal
approach in practice.

A. Acoustic Biomarkers in Pathological Cry Analysis

The models discussed in this survey achieve high accuracy
not by magic, but by learning to detect subtle deviations from
a healthy cry pattern. The validation for these biomarkers
is typically established through rigorous statistical analysis,
where the acoustic features from a clinically diagnosed group
of infants are compared to those from an age-matched, healthy
control group to identify statistically significant differences.

1) Asphyxia: Birth asphyxia, a condition caused by oxygen
deprivation, has a direct and measurable impact on the vocal
apparatus. The resulting hypoxia causes increased muscle
tension in the larynx, leading to several distinct acoustic
markers [13]. Studies have consistently shown that cries from
asphyxiated infants exhibit a significantly higher and more
unstable fundamental frequency (Fp), often exceeding 1000
Hz, compared to the typical 400-600 Hz range of healthy
newborns [11]. Furthermore, due to strained respiration and
poor physiological control, these cries are often characterized
by shorter utterance durations, longer pauses between cry
sounds, and a more strained or “hyperphonated” quality.

2) Autism Spectrum Disorder (ASD): While ASD is diag-
nosed later in childhood, research suggests that atypical vocal
patterns may be present in early infancy. These differences
are thought to stem from underlying variations in neurological
development that affect vocal motor control. Studies using the
Autism DB datasets have identified several potential biomark-
ers [71], [72]. Cries from infants who are later diagnosed with
ASD have been found to have a higher mean F{, and greater
pitch variability than neurotypical infants. These cries can also
exhibit an atypical prosody, or melody, lacking the smooth,
rising-and-falling contour of a typical cry. Some studies also
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report a longer latency a greater delay before the infant begins
to cry in response to a stimulus.

B. Connecting Biomarkers to Model Performance

Understanding these underlying acoustic biomarkers is cru-
cial, as it provides the scientific context for evaluating how and
why certain machine learning models excel. The effectiveness
of a model is directly tied to its ability to detect these spe-
cific, often subtle, acoustic signatures. The following analysis
examines model performance across various datasets through
this lens.

C. Performance Across Datasets

Comparative performance on a variety of datasets—i.e., the
Baby Chillanto [13], [36], Donate A Cry Corpus [55], [62],
and Dunstan Baby Language [50], [56]—depicts the effect of
dataset characteristics, such as complexity and number of cry
classes, on classification model performance. The following
were noted:

o Baby Chillanto Dataset: On this dataset focused on
pathological cries (Table VII), the choice of audio fea-
tures is critical. While MFCC provided a versatile base-
line [11], [39], the highest accuracies were consistently
achieved with detailed time-frequency features like STFT
and Wavelet Packet Spectrum. This is because these
features effectively capture the specific acoustic biomark-
ers of asphyxia. For instance, GRNN and PNN models
achieved accuracies exceeding 99% on binary classifi-
cation tasks by detecting the high-frequency (Fp) and
short-duration patterns characteristic of asphyxiated cries
[13], [36], [42]. However, this performance landscape is
nuanced by task granularity. The work by Dharwadkar
et al. [35] demonstrates a move towards more complex
diagnostics, successfully classifying five distinct cry types
with 97% accuracy. Meanwhile, the SVM model from
Badreldine et al. [15] offers a compelling middle ground,
achieving 98.5% accuracy on a 3-class problem with
greater computational efficiency. Ultimately, the findings
for the Baby Chillanto dataset reveal a multi-dimensional
trade-off. The choice of model is not just between accu-
racy and latency, but also involves the desired level of
diagnostic granularity. The optimal solution depends on
whether the goal is to achieve near-perfect accuracy on
a focused binary task or to perform a more complex,
multi-class analysis, all while considering the practical
constraints of real-time deployment.

o Donate A Cry Corpus: On the crowdsourced Donate A
Cry Corpus (Table VIII), which focuses on classifying
common infant needs, the analysis reveals a compelling
dynamic where lightweight, traditional models are ex-
ceptionally competitive with complex deep learning ar-
chitectures. The most striking result is that a simple K-
Nearest Neighbors (KNN) model achieved the highest
reported accuracy of 98.80% [57]. This performance met
or exceeded that of far more sophisticated architectures,
including a Vision Transformer (ViT) (98.33%) [59] and

a Deep-SVM (98.34%) [62]. This suggests that for non-
pathological cries, the choice of robust features, which
ranged from the efficient MFCC to more complex STFT
and Mel Spectrograms is as critical as the complexity
of the model itself. This finding has significant practical
implications related to the trade-off between accuracy
and computational efficiency. Although no latency figures
were reported for these studies, the KNN model is well-
known for its extremely fast inference speed. Its ability
to deliver state-of-the-art accuracy makes it an optimal
choice for real-time applications on low-power consumer
devices like smart monitors. Conversely, the computation-
ally intensive ViT and Deep-SVM architectures, while
equally accurate, are better suited for offline or cloud-
based analyses where latency is less of a constraint.
Therefore, the results from this dataset provide a crucial
insight: for certain classification tasks, resource-intensive
deep learning is not a prerequisite for achieving top-
tier performance, and a well-chosen lightweight model
can offer a superior balance of accuracy and practical
deployability.

Dunstan Baby Language: For the Dunstan Baby Lan-
guage dataset (Table IX), which is based on distinguish-
ing specific phonetic-based cries, the analysis reveals two
distinct and competing pathways to achieving high accu-
racy. The highest performance was achieved by a complex
hybrid CNN-RNN model, which reached 94.97% accu-
racy [49]. This result highlights the importance of mod-
eling both spatial and temporal dependencies in the cry
signal, a highly successful strategy for this specific pho-
netic task. Competing closely, a much simpler traditional
model, Linear Discriminant Analysis (LDA), achieved a
comparable 94% accuracy using standard MFCC features
[50]. This presents a clear trade-off between maximizing
precision and ensuring practical deployability. While the
complex CNN-RNN likely offers the highest accuracy,
its computational cost can be inferred to be significantly
higher than the 1.55 ms latency reported for the LDA
model. This makes the LDA a more balanced and efficient
solution for real-time applications. The relative underper-
formance of other simple models like KNN and SVM,
with accuracies around 80% [34], [52], suggests that this
classification challenge is more complex than other non-
pathological tasks, requiring either sophisticated temporal
modeling or strong linear feature separation. Therefore,
for the Dunstan dataset, the choice between a complex
hybrid model and an efficient traditional one is a strategic
decision dictated by the application’s specific require-
ments for precision versus real-time performance.
Other Specialized Datasets: The analysis of smaller,
specialized datasets presented in Table X highlights both
the potential of cry analysis for specific clinical diag-
nostics and the significant limitations imposed by data
scarcity. For instance, studies on the extremely small
ADEL dataset reported 100% accuracy using complex
iterative feature selection methods [73], [74]. However,
such perfect scores on a tiny dataset are a strong in-
dicator of overfitting, meaning the models are unlikely
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to generalize to new data. Furthermore, these iterative
methods are computationally expensive and ill-suited
for real-time use. More indicative are the promising,
though varied, results for specific clinical conditions. For
Hypothyroidism, MLP models consistently achieved a
solid "88% accuracy while also demonstrating extremely
high recall (98-100%) [75], [76]. This is clinically sig-
nificant, as high recall ensures that very few true cases
are missed. In Autism detection, the results reveal a
critical trade-off. A CNN model achieved a high raw
accuracy of 92.33% by learning visual patterns from
spectrograms, while a Subset Instance Classifier provided
a more clinically robust profile (85.7% accuracy, 92.86%
precision) by focusing on specific features [71], [72].
The success of both approaches relies on their ability
to detect the underlying biomarkers of ASD, such as
atypical prosody and greater pitch variability. Finally, the
work by Orlandi et al. [77] serves as an example of a
model achieving balanced performance across all metrics
on a self-recorded dataset. These findings demonstrate
the clear feasibility of using cry analysis as a non-invasive
diagnostic tool. However, the primary takeaway is that the
field is critically constrained by the lack of large-scale,
validated clinical datasets. The impressive headline accu-
racies reported in these studies must be interpreted with
significant caution, as they represent important proofs-
of-concept rather than clinically validated tools ready for
deployment.

In summary, the analysis across these diverse datasets
reveals that there is no single best model for infant cry
classification. Instead, the optimal choice is a nuanced decision
dependent on the specific task, dataset characteristics, and
practical application constraints. For high-stakes pathological
cry detection, as seen in the Baby Chillanto dataset, special-
ized neural networks like PNN and GRNN offer the highest
accuracy [13], [36], but highly-tuned traditional models like
SVM present a compelling and efficient alternative [15].
Conversely, for classifying common infant needs on datasets
like the Donate A Cry Corpus, lightweight models such as
KNN can achieve state-of-the-art results [57], challenging
the assumption that more complex deep learning models are
always necessary for top performance.

This highlights a critical trade-off between performance
and practicality. While complex hybrid models like the CNN-
RNN can capture intricate temporal patterns on phonetically-
complex datasets like Dunstan Baby Language [49], simpler
and faster models like LDA often provide a more balanced
solution for real-time deployment [50]. Ultimately, the selec-
tion of a model is a strategic compromise between maximiz-
ing accuracy, ensuring low latency for resource-constrained
environments, and matching the model’s complexity to the
granularity of the classification task. To further aid researchers
and practitioners in this selection process, a comparative
framework is presented in Table XI.

D. Feature Extraction Techniques

The success of any infant cry classification system is
critically dependent on feature extraction, which transforms

raw audio into a format that machine learning models can
interpret. The surveyed literature reveals a clear progression
from foundational, perceptually-based coefficients to more
complex time-frequency representations, each with distinct
advantages.

The Dominance of Perceptually-Based Features: Across all
datasets and model types, Mel-Frequency Cepstral Coefficients
(MFCC) stand out as the most widely used and consistently
effective feature set [43], [50], [57]. While originally designed
for speech recognition [79], their success in cry analysis stems
from their ability to mimic the non-linear frequency perception
of the human ear [83]. This allows MFCCs to effectively
capture the same acoustic cues a human caregiver uses to
interpret a cry, making them a powerful and efficient choice
for both traditional models like SVM [15] and deep learning
architectures [72]. Other perceptually-motivated features, such
as Perceptual Linear Prediction (PLP) [51], have also shown
strong performance, particularly in capturing the subtle varia-
tions required for phonetic-based classification tasks like the
Dunstan Baby Language.

Advanced Time-Frequency Representations: For more com-
plex diagnostic tasks, particularly on the Baby Chillanto
dataset, advanced time-frequency representations have proven
superior. Techniques like the Short-Time Fourier Transform
(STFT) [13] and Wavelet Packet Spectrum (WPS) [36] provide
a much richer, more detailed view of the cry signal’s dynamics
over time. This additional information is crucial for identifying
the subtle acoustic biomarkers associated with pathological
conditions, enabling specialized neural networks to achieve
near-perfect accuracy where simpler features might fail.

The Rise of Spectrograms as Image Features: A significant
trend, especially with the rise of deep learning, is the treatment
of audio features as images. Mel Spectrograms and STFT
Spectrograms are now commonly used as direct inputs for
Convolutional Neural Networks (CNNs) and Vision Trans-
formers (ViTs) [59], [62]. This approach bypasses the need
for hand-engineered feature selection and allows the model to
learn the most salient patterns directly from the time-frequency
representation. This has proven highly effective, with models
achieving state-of-the-art results on datasets like the Donate
A Cry Corpus by treating the cry signal as a visual pattern
recognition problem.

In conclusion, the surveyed literature demonstrates that the
choice of feature extraction is not just a technical step but a
strategic decision that dictates the balance between compu-
tational efficiency and diagnostic precision. For applications
where real-time performance on resource-constrained devices
is paramount, perceptually-based features like MFCCs offer
an optimal blend of compact representation and strong perfor-
mance. For high-stakes clinical applications, where capturing
the most subtle acoustic biomarkers is critical, the superior
resolution of advanced time-frequency representations like
STFT and WPS is non-negotiable, as they unlock the full
potential of specialized neural networks. Finally, the trend of
using spectrograms as image inputs for deep learning models
represents a paradigm shift, moving from hand-crafted feature
engineering to automated pattern recognition. The optimal path
forward will likely involve hybrid approaches, but for now,
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TABLE XI: An Enhanced Comparative Framework for Key Feature-Model Combinations in Infant Cry Analysis

Feature-Model Primary Accuracy Poten- | Computational Noise Recommended Use Case

Combination Strength tial Cost Robustness

STFT/WPS + | Peak Accuracy Very High Low to Medium Medium High-precision clinical diagnostics

GRNN/PNN for pathological cries (e.g., as-
phyxia) in controlled, low-noise
environments.

MFCC + | Efficiency High Very Low Low to Medium Real-time classification of infant

KNN/SVM needs on resource-constrained de-
vices (e.g., smart baby monitors,
mobile apps) where speed is crit-
ical.

Spectrogram  + | Robustness Very High Very High High Offline or cloud-based analysis

CNN/VIiT where high accuracy is needed in
noisy, real-world environments and
computational power is not a con-
straint.

MEFCC + LDA Balanced High Low Medium Real-time classification of

Performance phonetic-based cries (e.g., Dunstan

Baby Language) where a balance
of good accuracy and efficiency is
required.

DWT-MFCC + | Noise Filtering High Low to Medium High Applications in highly variable

SVM or noisy environments where pre-
processing and feature robustness
are more important than peak ac-
curacy.

STFT + CNN- | Temporal Anal- | Very High High High Complex classification tasks re-

RNN ysis quiring analysis of how cry pat-
terns evolve over time, such as dis-
tinguishing phonetic-based cries.

the selection of a feature extraction technique remains one of
the most critical, application-dependent decisions in infant cry
analysis.

E. Model Complexity vs. Computational Efficiency

A central theme in infant cry classification is the trade-
off between model complexity and computational efficiency,
where state-of-the-art accuracy often comes at the cost of
higher computational demand. The surveyed literature reveals
a clear performance hierarchy and distinct use cases for
different model families.

The High Performance of Neural Architectures: Advanced
neural architectures, including specialized models like GRNNs
and PNNs [13], [42], as well as deep learning models like
CNNs and ViTs [59], consistently deliver state-of-the-art per-
formance. These models excel at learning complex, hierar-
chical patterns directly from data, making them particularly
effective for high-stakes diagnostic tasks. Hybrid models, such
as the CNN-RNN [49] and Deep-SVM [62], further leverage
the strengths of different architectures to achieve high accuracy
on challenging datasets. However, this performance comes
with significant computational intensity, making these models
better suited for offline analysis or environments with ample
computational resources. While techniques like model pruning
and fine-tuning can mitigate these costs [20], the inherent
complexity of neural networks remains a key consideration
for real-time deployment.

The Efficiency of Traditional Machine Learning Models: In
contrast, traditional machine learning models like K-Nearest
Neighbors (KNN) [57], Support Vector Machines (SVM)
[15], and Linear Discriminant Analysis (LDA) [50] offer

a compelling balance of performance and efficiency. While
they may be less accurate on the most complex, multi-class
problems, they often achieve highly competitive, and in some
cases superior, results on tasks like binary detection [23]
and the classification of non-pathological cries [57]. Their
primary advantage is their low computational overhead and
fast inference speed, which makes them the ideal choice for
resource-constrained environments, such as real-time embed-
ded systems or mobile applications, where low latency is a
critical requirement.

In conclusion, the choice of model architecture is a strategic
decision dictated by the specific needs of the application.
For tasks demanding the highest possible accuracy, such as
clinical diagnostics, the computational cost of advanced neural
and hybrid models is a worthwhile investment. However, for
applications where real-time performance and efficiency are
paramount, traditional machine learning models offer a robust
and often equally effective solution. The optimal approach,
therefore, involves a careful balancing of these competing
priorities, tailored to the specific context of deployment.

X. DOMAINS AND APPLICATIONS

Infant vocalization detection and classification offer enor-
mous potential to serve the diverse needs of infants and
advance methods of care. If this technology can successfully
analyze and interpret the sounds of infants, it will be a useful
tool in helping caregivers to understand and respond to a
variety of needs especially those regarding development and
general health. Some key areas and applications where this
technology may make a difference, though not limited to them,
include:
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A. Health Monitoring and Initial Diagnosis

Infant crying is a crucial indicator for health monitoring
and early diagnosis. Specific cry patterns can signify issues
like colic, respiratory distress, or neurological problems, thus
enabling timely intervention and treatment [113], [121], [122].
Machine learning algorithms have proven capable of classi-
fying these patterns with high accuracy to identify potential
health concerns. For instance, a deep learning model by Ji et al.
(2021) reached 94.39% accuracy in detecting distress signals
like hunger and pain [121]. Such a tool can provide caregivers
with immediate feedback to differentiate cry reasons, thereby
reducing their stress and improving responsiveness to the
infant’s needs.

B. Developmental Milestone Tracking

Tracking developmental milestones through vocalization
analysis is increasingly recognized as vital for early inter-
vention. Studies have shown that deviations from typical
vocalization patterns may signal delays in speech or cog-
nitive development [114], [123]. Machine learning models
have been applied to large datasets of infant vocalizations
to classify sounds based on age-related changes, providing
insights into normal developmental trajectories. For example,
a longitudinal study involving typically developing infants
demonstrated clear clustering patterns in vocalizations that
indicated active engagement in vocal exploration and category
formation, foundational for language development [116].

C. Caregiver Support and Resources

Advanced technologies are being developed to help care-
givers interpret infant cries. By differentiating between dif-
ferent types of cries, such as those that indicate hunger or
discomfort, these systems can provide immediate feedback,
reducing caregiver stress [127]. Research shows that respon-
sive caregiving is crucial for promoting healthy emotional and
cognitive development in infants [114]. Real-time feedback
tools can greatly improve caregivers’ comprehension and
responsiveness to their infants’ needs.

D. Neonatal Intensive Care Units NICUs

In NICU settings, where infants require constant monitor-
ing, vocalization analysis can serve as a vital complement
to existing monitoring systems. Technologies such as the
Newborn Cry-based Diagnostic System (NCDS) monitor not
only breathing but also detect larger movements and crying
sounds, thereby enhancing the continuous observation of an
infant’s condition [115]. Studies indicate that preterm infants
exhibit a greater responsiveness to human voices compared
to non-biological sounds, suggesting that integrating parental
voice interactions could considerably benefit their develop-
ment [124]. Additionally, an analysis of NICU noise levels
found that conversations and infant cries significantly con-
tribute to the overall sound environment, potentially influenc-
ing linguistic outcomes for infants [125].

E. Speech and Language Development Research

Research into infant vocalizations is essential for under-
standing the mechanisms of speech and language development.
Studies employing deep learning techniques have classified
various types of vocalizations, uncovering patterns associ-
ated with later language acquisition [116]. These analyses
enable researchers to identify universal tendencies in early
vocalizations, offering insights into strategies for fostering
communication skills from infancy.

F. Early Autism Spectrum Disorder (ASD) Detection

Early indicators of ASD are often atypical vocalizations.
Improving long-term results requires earlier diagnoses and
actions, which can be made possible by automated systems
built to examine these patterns [71]. The potential of recent
developments in machine learning to identify small differences
in vocalization patterns linked to ASD highlights the impor-
tance of technology in supporting early detection efforts [121].

G. Innovative Smart Parenting Tools

Smart parenting tools, such as intelligent baby monitors
and mobile applications, can leverage vocalization analysis
to provide parents with instant feedback, alerts, and care
suggestions [117]-[119]. Early implementations often utilized
low-cost hardware like the Raspberry Pi for cry detection [20],
[120]. While numerous mobile applications for cry detection
and classification emerged by 2024, a primary limitation of
many existing devices is their focus on simple detection
rather than classification. Integrating classification capabilities
could significantly improve their utility. Furthermore, enhanc-
ing usability through connectivity features—such as Wi-Fi
notifications to mobile apps [120] or wearable devices like
smartwatches—remains a promising direction for providing
caregivers with more convenient and timely alerts.

XI. CHALLENGES AND POSSIBLE SOLUTIONS

Through the use of machine learning, deep learning, and so-
phisticated signal processing techniques, recent advancements
in infant cry analysis have shown encouraging results [128],
[129]. These methods have shown remarkable results in tasks
involving the detection and classification of cries. However,
a number of enduring restrictions still limit their usefulness
and practical application. For the field to advance, several
obstacles must be overcome. To support future advancements
in newborn cry analysis, this article methodically analyzes
these important problems and suggests possible fixes, as shown
in Table XII.

A. Data Collection and Privacy Concerns

Due to the sensitivity of the data, there are major chal-
lenges in creating representative datasets of infant cries [128],
[129].Since most statistics are gathered in controlled settings,
including neonatal intensive care units (NICUs), they could not
accurately reflect the range of infant cries in natural settings
[58], [128].Additionally, ethical and privacy concerns arise
when dealing with infant data, making it difficult to share
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and access datasets [128], [129]. To address such issues,
researchers should prioritize defining means to acquire and
exchange baby cry data in an ethical and private manner.
Approaches such as federated learning, where training models
is possible from distributed devices without having raw data,
is one such promising path [130]. Further, adding variance to
the dataset for representing environment, culture, and health
variable cries will provide models more generalizability and
robustness [131].

B. Noise Robustness

Infant cry detection and classification systems often struggle
with noise robustness, especially in real-world environments
where background noise (e.g., household sounds, other voices)
can interfere with the accuracy of the models [128], [132]. This
is particularly problematic in home settings where smart baby
monitors are used [133]. For that reason, training noise-robust
models for infant cry classification in noisy environments is re-
quired. Data augmentation through noise addition [134], [135],
sophisticated noise filtering mechanisms [132], and utilizing
deep learning-based models with in-built noise robustness,
i.e., convolutional neural networks augmented with attention-
based mechanisms [47], [132], can be viable alternatives. Data
augmentation methods like white noise addition and sound
shifting have also provided excellent improvements in levels
of model performance [129].

C. Real-Time Processing and Low Latency

Real-time processing is critical for many infant cry analysis
systems, particularly for applications like NICU monitoring
and smart baby monitors. However, achieving low latency
without sacrificing accuracy is a significant challenge, espe-
cially with computationally demanding deep learning models
[120], [136], [137]. To provide prompt alerts to caregivers,
future work must focus on optimizing models to reduce
computational complexity [120], [138]. Low-latency inference
on edge hardware, such as smartphones and IoT devices, can
be facilitated by methods like model quantization, pruning,
and the use of lightweight neural networks (e.g., MobileNet,
TinyML) [139], [140]. These techniques have demonstrated
significant energy and computational cost savings while main-
taining performance, making them vital for deployment on
resource-constrained platforms [140], [141].

D. Generalization Across Different Populations

Current models are often trained on datasets that are not
representative of the global population, leading to poor gener-
alization across different ethnicities, languages, and cultural
backgrounds. This limits the applicability of these systems
in diverse settings [142], [143]. Researchers have noted that
using diverse data is crucial for developing models with high
generalization capability [58]. Future studies should concen-
trate on creating bigger datasets that include a variety of
infant cry patterns from other populations in order to get over
these restrictions. Smaller, more specialized datasets could
be used to optimize models utilizing transfer learning and
domain adaptation techniques, increasing their adaptability
under various circumstances. [144], [145].

E. Interpretability and Explainability

Many sophisticated models, particularly deep learning tech-
niques, often operate as ’black boxes’, making it difficult
for medical professionals to understand their decision-making
process [146]. This lack of transparency can hinder practical
adoption in clinical settings [147]. Future research should
focus on developing interpretable models or applying post-hoc
explanation techniques. To clarify cry categorization choices
(e.g., differentiating hunger from pain), methods such as
SHAP (SHapley Additive exPlanations) and LIME (Local In-
terpretable Model-agnostic Explanations) could be adapted, as
these strategies have effectively improved model transparency
in similar domains [146], [148], [149].

FE. Integration with Multimodal Data

Vocalizations are just one element of an infant’s condition.
A more comprehensive assessment of infant welfare can
be achieved by combining cry analysis with complemen-
tary modalities such as facial expressions, mobility patterns,
and physiological measurements (e.g., cardiac rhythm) [131],
[150]. However, integrating these inherently heterogeneous
signal types poses technological challenges [151]. Future
work should pursue multimodal investigations, such as deep
learning fusion methods, that incorporate audio with other
data sources. These techniques can leverage complementary
information from different modalities to enhance the accuracy
and robustness of classification [151]-[153].

G. Early Detection of Developmental Disorders

While infant cry analysis has shown promise in detecting
certain health conditions (e.g., asphyxia, deafness), its appli-
cation in the early identification of developmental disorders
like speech delays or autism spectrum disorder (ASD) requires
further research [72], [154]. Current models lack the reliability
and diagnostic accuracy for clinical use in these areas and
require further validation [71], [72]. Future research should
focus on developing models sensitive to the subtle cry varia-
tions that may indicate these conditions. This can be advanced
through longitudinal studies and collaboration with medical
and developmental psychology experts to integrate domain-
specific expertise [78], [150], [155].

H. Ethical and Social Implications

The use of infant cry analysis systems raises significant
ethical and social implications, particularly regarding over-
reliance on technology and its potential impact on caregiver-
infant bonding [113], [127]. Such systems, if not carefully
integrated, may disrupt the intuitive and emotional connections
between caregivers and infants, potentially diminishing the
human element of caregiving that is critical for infant develop-
ment [4]. Additionally, the risk of false positives or negatives
in cry analysis could lead to missed diagnoses, inappropri-
ate interventions, or unnecessary stress for caregivers, which
may exacerbate anxiety and undermine trust in healthcare
systems [23], [115]. Privacy and consent are also critical
concerns, as collecting cry data from vulnerable populations,
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TABLE XII: Challenges and Possible Solutions in Infant Cry Analysis

often lack real-world variability.

Challenge Description Possible Solutions Key Techniques References
Data Collection and Pri- | Collecting diverse datasets is challenging | Federated learning; create diverse | Federated Learning, [130], [131]
vacy due to privacy/ethical concerns. Datasets | datasets. Data Anonymization

Noise Robustness Models struggle with background noise in | Noise augmentation, advanced fil- | Data Augmentation, [132], [134]

real-world environments. tering, robust models. Attention
Mechanisms

Real-Time Processing Real-time apps need low-latency models, | Model optimization (quantization, | Model Quantization, [139], [140]
but complex models are computationally | pruning, lightweight arch.). TinyML
expensive.

Generalization Models fail to generalize across diverse pop- | Inclusive datasets; transfer learn- | Transfer  Learning, [144], [145]
ulations. ing. Domain Adaptation

Interpretability Deep learning models are often “black | Explainable Al (XAI) techniques. SHAP, LIME [148], [149]
boxes”.

Multimodal Integration Cries alone may not provide sufficient in- | Combine audio with other data | Multimodal Fusion [151], [152]
formation. sources.

Early Disorder Detection Lack reliability for detecting developmental | Models for subtle variations; med- | Longitudinal Studies [150], [155]
disorders. ical collaboration.

Ethical Implications Over-reliance may impact caregiver-infant

interactions.

Ethical guidelines; study impacts. Ethical Frameworks [113], [127]

Standardization Lack of standardized metrics hinders | Develop benchmarks and metrics. Standardized Metrics [29], [38]
progress.

Low-Resource Scalability | Advanced models inaccessible in low- | Lightweight models; low-cost | Lightweight Models [118], [120]
resource settings. hardware.

such as infants in neonatal intensive care units (NICUs) or
home settings, requires informed parental consent and robust
data security measures to prevent unauthorized access or
misuse [20]. Furthermore, machine learning models used in
cry analysis may inadvertently introduce biases, particularly
if trained on non-representative datasets, potentially leading
to disparities in diagnostic accuracy across socioeconomic,
ethnic, or geographic groups. To address these challenges,
future research must prioritize the development of comprehen-
sive ethical guidelines for the implementation of cry analysis
systems, ensuring transparency in data collection, processing,
and model development [113], [127]. Studies should also
explore the long-term effects of these technologies on care-
giver behavior, infant development, and family dynamics to
ensure they enhance, rather than hinder, the caregiving process
[4], [115]. Engaging interdisciplinary ethics committees and
community stakeholders can further ensure that these systems
are culturally sensitive and equitably applied, fostering trust
and promoting inclusive access to the benefits of cry analysis
technologies.

1. Standardization of Evaluation Metrics

The lack of standardized evaluation metrics makes it chal-
lenging to reliably compare the effectiveness of various models
and methodologies, which hinders progress as researchers
cannot effectively build upon prior work [20], [23], [29],
[38]. Future research should prioritize the development of
common benchmarks and assessment measures to permit valid
comparisons and establish optimal approaches for the field
[29], [38].

J. Scalability and Deployment in Low-Resource Settings

Numerous sophisticated models necessitate substantial com-
putational resources, which may not be accessible in low-
resource environments like poor nations or rural hospitals

[118], [120]. This limits the scalability and accessibility of
these systems, particularly in environments where computa-
tional infrastructure is limited [20], [23]. Subsequent work will
seek to design low-cost and scalable solutions deployable in
low-resource settings. These could take the form of low-cost
hardware platforms, cloud processing, or lightweight models
of infant cry analysis [118], [120]. These would alleviate
limitations on the availability of computational resources and
promote greater accessibility within developing countries and
rural hospitals [20], [23].

XII. CONCLUSIONS AND TAKEAWAYS FROM STUDY

This review provides a comprehensive assessment of the
datasets, feature extraction methods, and machine learning
models that constitute the field of infant cry analysis. Through
a synthesis of over 80 studies, our analysis confirms that
machine learning offers powerful tools for both detecting
and classifying infant cries with high accuracy. The findings
demonstrate a clear and strategic trade-off: for high-stakes
clinical diagnostics, specialized neural networks like GRNNs
and PNNs, paired with rich time-frequency features that cap-
ture subtle acoustic biomarkers, deliver unparalleled precision.
Conversely, for real-world consumer applications, lightweight
traditional models like KNN and SVM can achieve state-
of-the-art accuracy with far greater computational efficiency,
particularly when paired with robust perceptual features like
MEFCCs. This confirms that there is no single "best” approach;
rather, the optimal solution is a nuanced decision dictated by
the specific application’s balance between diagnostic accuracy,
task granularity, and deployment constraints.

Beyond the technical achievements, this survey highlights
the critical, real-world applications of this technology, from
continuous monitoring in Neonatal Intensive Care Units
(NICUs) to caregiver support through smart parenting tools
and the early screening of developmental disorders like autism.
However, the transition from academic proof-of-concept to
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robust, deployable systems is hindered by significant chal-
lenges. The field is fundamentally constrained by a lack of
large-scale, diverse, and well-annotated datasets, which not
only limits model generalizability but also introduces a serious
risk of algorithmic bias, potentially leading to inequitable
health outcomes. Furthermore, the practical application of
these technologies raises important ethical questions regarding
data privacy, informed parental consent, and the potential for
over-reliance on technology to mediate the crucial caregiver-
infant bond.

To advance the field and translate its potential into tangible
clinical and social benefits, future research must address these
open challenges head-on. The development of larger, more
inclusive datasets through multi-institutional collaboration is
the most critical priority to improve model robustness and
fairness. Concurrently, there is a pressing need for models
that are not only accurate but also computationally efficient,
enabling real-time inference on resource-constrained devices.
For clinical adoption, the integration of explainable Al (XAI)
will be essential to move beyond “black box™ predictions
and provide interpretable insights such as pinpointing the
specific acoustic patterns a model associates with a diagnosis
that can build trust among healthcare professionals. Finally,
longitudinal studies are required to rigorously evaluate the
long-term impact of these technologies on infant development
and family dynamics. By addressing these challenges, the
field can bridge the gap between laboratory success and real-
world impact, unlocking the immense potential of affective
computing to revolutionize early childhood healthcare.
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