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Abstract

Infant cries serve as a primary indicator of distress and pain; however, distinguishing pain-
related cries from those triggered by other needs remains a challenging task, even for trained
professionals. Timely and accurate pain assessment is essential for appropriate medical
intervention, particularly in preverbal infants who cannot express their needs verbally.
Recently, Deep Learning (DL) models have demonstrated significant potential in addressing
this challenge by enabling automated and efficient pain assessment through audio signal
processing. In this survey, we review methods for pain assessment from infant cry sounds,
covering deep learning architectures, modern Transformer-based models, and emerging
Vision-Language Model (VLM) pipelines. The review includes approaches that integrate
Mel-spectrogram representations of cry audio with multimodal model frameworks to
improve robustness, interpretability, and cross-modal reasoning in pain detection. By
summarizing recent advancements and identifying limitations and open challenges in
current methodologies, this review aims to provide insights into future research directions
that may enhance the robustness, generalizability, and clinical applicability of automated
infant pain assessment tools.

Keywords: infant cry analysis; neonatal pain assessment; deep learning; audio signal
processing; cry classification; pain indicators

1. Introduction
1.1. Background and Clinical Importance

Pain assessment in infants remains a significant clinical challenge because infants
cannot verbally communicate essential aspects of pain, including its location, duration, and
intensity. Accurate and timely recognition of pain is especially important in neonatal and
pediatric care, where untreated or poorly managed pain may negatively affect physiologi-
cal stability, neurodevelopment, and overall clinical outcomes. As a result, reliable pain
assessment is fundamental to guiding appropriate interventions and improving the quality
of care delivered to this vulnerable population [1].

1.2. Limitations of Traditional Pain Assessment Methods

In current clinical practice, infant pain is commonly evaluated using observational
and physiological methods, including behavioral pain scales, facial expression analysis,
body movement assessment, and vital-sign monitoring. Although these approaches are
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widely used and clinically valuable, they are inherently limited by subjectivity and incon-
sistency. Their effectiveness often depends on the experience, training, and judgment of
healthcare professionals, and their interpretation may be influenced by fatigue, workload,
and time constraints [1-3]. In addition, physiological indicators are often nonspecific and
may reflect stress, illness, or environmental disturbance rather than pain alone. These
limitations highlight the need for more objective, consistent, and scalable approaches to
infant pain assessment.

1.3. Rationale for Deep Learning-Based Cry Analysis

Among the available indicators of infant distress, crying is one of the earliest and most
prominent acoustic expressions of discomfort. Infant cry signals contain rich temporal,
spectral, and prosodic information that may reflect underlying physiological and emotional
states, making them a promising target for automated analysis. Advances in digital
signal processing and artificial intelligence have created new opportunities to extract
clinically meaningful patterns from cry audio. In particular, deep learning has emerged
as a powerful framework for modeling complex, high-dimensional acoustic data and for
learning discriminative representations directly from raw signals or transformed audio
features such as Mel-Frequency Cepstral Coefficient (MFCC), spectrograms, and other
time—frequency representations [4-6]. Models such as Recurrent Neural Network (RNN),
Long Short-Term Memory (LSTM), convolution-based architectures, Transformer-based,
and more recently VLM approaches have been increasingly explored for infant cry analysis
and pain-related classification tasks [7,8].

1.4. Challenges in Cry-Based Pain Detection

Cry-based pain detection also presents important clinical challenges. Infant crying
is not specific to pain and may also be triggered by hunger, discomfort, fear, fatigue, or
medical conditions, making it difficult to distinguish pain-related crying from other forms
of distress. Cry signals are also affected by age, gestational maturity, recording conditions,
background noise, inter-subject variability, and differences in annotation protocols and
dataset quality [9,10]. Furthermore, many existing studies rely on relatively small or
imbalanced datasets, use different preprocessing pipelines and evaluation metrics, and
often lack external validation, which limits reproducibility and generalizability. These
issues make it necessary to critically examine not only the strengths of deep learning
methods, but also the practical limitations and translational barriers associated with cry-
based pain assessment systems [11].

1.5. Objectives, Scope, and Novelty of This Review

Given the rapid growth in this field, a focused review is needed to synthesize the
emerging body of work on deep learning approaches for pain assessment in infant cry
sounds. The objective of this review is to examine current research on deep learning-based
infant pain detection from cry audio, with attention to commonly used datasets, signal
representations, model architectures, and reported challenges. The scope of this review is
specifically centered on automated pain assessment using infant cry sounds, while also
acknowledging related developments in multimodal neonatal monitoring where relevant.
By concentrating on cry-based pain assessment rather than general infant cry classification,
this review aims to clarify the state of the field from both technical and clinical perspec-
tives. The contribution and novelty of this review lie in its focus on deep learning model
approaches for pain assessment in infant cry sounds, rather than broader infant cry clas-
sification or general biomedical audio processing tasks. In contrast to prior reviews that
often address neonatal monitoring at a broad level or combine multiple infant conditions
without specific emphasis on pain, this review specifically evaluates the methodological
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landscape of cry-based pain detection, highlights the unique challenges associated with
using cry as a pain biomarker, and identifies key gaps that must be addressed for clinical
translation. By bringing together evidence across model design, feature representation,
dataset limitations, and application constraints, this review provides a structured founda-
tion for researchers and clinicians seeking to advance more reliable and objective tools for
infant pain assessment.

1.6. Overview of the Paper

The structure of the survey paper is as follows: Section 2 presents the methodology
adopted for the review, including the paper selection and organization process. Section 3
discusses infant pain and the traditional pain assessment tools developed to evaluate
pain and sedation levels in both preterm and full-term neonates, which are still used in
some NICUs. Section 4 reviews commonly used cry audio feature extraction techniques
for infant pain assessment, including traditional time—frequency representations, deep
learning-based learned features, and emerging multimodal and vision-language model
approaches. Section 5 reviews datasets commonly used for infant pain assessment and
examines the challenges associated with data collection. Section 6 integrates the major
challenges, limitations, and future directions in infant cry-based pain assessment. The
paper concludes with Section 7.

2. Methodology

The review was conducted to examine existing research on deep learning model ap-
proaches for pain assessment in infant cry sounds. The primary objective was to identify
the major computational methods that have been applied to this problem, and acoustic
representations used, and compare the evaluation strategies and performance trends re-
ported in the literature. Because the paper is intended as a narrative review rather than a
systematic review, the methodology also emphasizes a structured approach to literature
identification, selection, and synthesis. A PRISMA-style flow diagram is included to pro-
vide a transparent summary of the literature identification, screening, and final study count
used in this review. Its inclusion is intended solely to improve reporting clarity and does
not indicate that this work is presented as a formal systematic review.

2.1. Review Scope and Research Focus

The review focuses on studies that investigate automated pain assessment in infants
using cry audio signals, with particular attention to deep learning-based techniques. The
scope includes research involving neural network architectures such as Convolutional
Neural Network (CNN), RNN, LSTM networks, hybrid deep learning frameworks, transfer
learning methods, and more recent transformer- or multimodal-based approaches when
relevant. In addition to model architectures, the review considers commonly used input
representations, including spectrograms, Mel-spectrograms, and MFCC, as well as the
datasets and evaluation metrics used to assess performance.

2.2. Literature Search Method

Relevant studies were identified through a targeted search of major scholarly sources.
The search was guided by combinations of keywords related to infant crying, pain assess-
ment, deep learning, audio classification, and neonatal pain detection. Representative
search terms included infant cry, pain assessment, pain detection, deep learning, neonatal
cry analysis, audio classification, and related variations. Additional papers were also iden-
tified through backward reference checking of selected articles to capture influential and
closely related studies. The search process was designed to collect representative and tech-
nically relevant literature rather than to provide an exhaustive catalog of all published work.
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Priority was given to studies that directly addressed automated pain recognition from
infant cry signals and that presented clear methodological or experimental contributions.

2.3. Study Selection Basis

Studies were selected based on their relevance to the central theme of the review.
Papers were considered for inclusion if they examined infant cry sounds in the context of
pain assessment and employed deep learning methods as a primary analytical approach.
Preference was given to studies that provided sufficient detail on model design, input
features, datasets, and evaluation outcomes. Works focused solely on traditional machine
learning methods, non-audio pain indicators, or unrelated infant vocalization tasks were
considered only when useful for contextual comparison and background discussion. Be-
cause this is a narrative review, formal inclusion and exclusion criteria were not applied in
the same rigid manner as in systematic reviews. Instead, selection was guided by relevance,
methodological clarity, and contribution to understanding current trends and challenges
in the field. The keywords selected for this review paper were used as search criteria in
the Google Scholar search engine. Although this manuscript is presented as a narrative
review rather than a formal systematic review, we retained a PRISMA-style flow diagram
to improve transparency in reporting the literature identification and screening process.
The purpose of the diagram is not to imply full PRISMA compliance or to classify the
manuscript as a systematic review. Instead, it is included as a clear visual summary of the
number of records identified, screened, excluded, and ultimately discussed in the review.
Because the paper synthesizes prior studies in a structured manner, the flow diagram helps
readers and reviewers understand how the literature set was formed and provides a concise
account of the study count underlying the discussion. We believe its inclusion strengthens
methodological clarity and reproducibility of the review process, even within the context
of a non-systematic review. The references listed at the end of the paper correspond to the
95 studies included in the review process shown in Figure 1. We have also included the
PRISMA 2020 Checklist as Supplementary Materials.

2.4. Data Extraction

For each selected study for the review, key information was examined and organized
according to core dimensions such as model architecture, type of input representation,
dataset characteristics, classification objective, and performance metrics. The reviewed stud-
ies were then grouped to support comparative analysis. The literature was group according
to the types of deep learning models used, the acoustic features or signal representations
adopted, and the evaluation practices used to measure effectiveness.

This organization enabled the review to highlight recurring methodological patterns,
identify common challenges such as limited dataset size and class imbalance, and discuss
emerging directions for improving robustness and clinical applicability.

2.5. Limitations of the Review Approach

As a non-systematic review, this paper does not claim exhaustive coverage of all
available studies on infant cry-based pain assessment. Although care was taken to identify
relevant and representative literature, some publications may not have been included
due to differences in terminology, indexing, or publication source. In addition, variations
in datasets, experimental setups, and evaluation metrics across studies may limit direct
comparability. Nevertheless, the review provides a focused and structured summary of the
most relevant deep learning approaches and offers insight into current progress, research
gaps, and future opportunities in this area.
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Figure 1. PRISMA-style flow diagram of literature identification and screening used in this review.

3. Infant Pain Analysis

The assessment of pain in crying infants is a vital research field focused on detecting
and understanding the pain experienced by newborns, who are unable to communicate
their discomfort verbally. Conventional approaches are often subjective and differ between
caregivers. In this section, we review some of the commonly used methods.

3.1. Clinical and Behavioral Pain Assessment Methods (Ground Truth Formation)

Conventional approaches to assessing pain in infants mainly depend on non-verbal
cues and clinical observations. These techniques emphasize physiological, behavioral, and
observational signs. Commonly used traditional methods include the following;:

a. Behavioral Observation Methods: This approach involves observing various behav-
iors such as facial expressions, crying, breathing patterns, and movements of the arms and
legs, as well as the overall arousal state. Each behavior is assigned a score, with higher
scores indicating more intense pain. Common scales used for this purpose include the
Neonatal Infant Pain Scale (NIPS), Premature Infant Pain Profile-Revised (PIPP-R), and the
FLACC Scale [2,3,12-14].
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b. Physiological Measurements: Physiological measurements provide an objective
complement to behavioral pain scales, capturing respiratory responses that often accom-
pany distress [15]. In neonates and infants, pain can trigger sympathetic activation and
elevated blood pressure, along with increased respiratory rate or altered breathing regu-
larity (e.g., rapid, shallow, or periodic breathing) [16]. Clinical studies have demonstrated
that all vital signs—including heart rate, respiratory rate, SpO, (oxygen saturation), and
both diastolic and systolic blood pressure—can be significantly altered during painful
procedures [16-18]. Continuous bedside monitoring enables detection of short-lived fluctu-
ations and supports tracking whether physiological parameters normalize after comfort
measures or analgesic interventions [19]. Common physiological measures used alongside
cry audio includes:

¢ Heart Rate Fluctuations (HR): Pain activates the sympathetic nervous system, causing
a measurable increase in heart rate. A concurrent rise in HR with high-intensity
crying or elevated spectral frequencies provides strong confirmation of pain-related
stress. Research demonstrates that heart rate changes are among the most sensitive
physiological indicators of pain in neonates. During painful procedures, infants
experience significant increases in heart rate that can be precisely measured and
documented [19]

*  Oxygen Saturation (SpO,): Painful episodes may induce transient drops in oxygen
saturation due to altered breathing patterns and excessive expiratory effort during
crying. Monitoring SpO, helps confirm whether extreme cry features align with phys-
iological compromise. Oxygen saturation levels, measured through pulse oximetry
(SpO,), represent a critical physiological parameter that reflects an infant’s response
to painful stimuli. Research has documented that minimum oxygen saturation was
significantly lower during painful procedures compared to less invasive alternatives
(83 £12% vs. 86 = 10%, p = 0.035) [19].

*  Blood Pressure Changes (BP): Both systolic and diastolic blood pressure tend to
increase during nociceptive stimulation. When BP elevations occur simultaneously
with high-pitched, strained cries, the confidence in pain detection increases. Clinical
investigations have demonstrated that painful procedures cause statistically significant
alterations in blood pressure parameters [16].

*  Respiratory Rate (RR): Crying related to pain is often associated with rapid, shallow, or
irregular respiration. RR serves as a key correlational indicator between vocal distress
and physiological instability. Alterations in respiratory patterns provide another
key physiological marker of neonatal distress and pain. Clinical observations reveal
that painful stimuli trigger changes in respiratory rate, which can be systematically
monitored and recorded [16].

c. Multi-Modal Assessments: The Neonatal Pain, Agitation, and Sedation Scale (IN-
PASS) combines multiple dimensions to assess pain and sedation. This includes crying,
facial expressions, and physiological parameters such as heart rate and oxygen saturation.
N-PASS is a clinical tool developed to assess pain and sedation levels in preterm and
full-term neonates. It incorporates behavioral and physiological indicators, providing a
comprehensive evaluation of neonatal distress. Since its inception, N-PASS has been widely
adopted in Neonatal Intensive Care Unit (NICU) around the world, helping clinicians better
manage pain and sedation in infants, particularly those undergoing medical procedures
or in prolonged care. Its integration into clinical practice has contributed to improving
neonatal care and ensuring some improved pain assessment and management. The N-PASS
tool is widely used and has several advantages; however, the use of this approach is not
without challenges and limitations [3,20].
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Although these observer-based scales are not audio-only pain assessment systems,
they provide the reference labels required for supervised machine learning models trained
on infant cry audio. Most automatic pain detection systems, including deep learning and
multimodal models, depend on these clinical scores to define pain versus no-pain ground
truth [21].

3.2. Physiological Signal-Based Pain Validation

While acoustic analysis of infant cry signals provides important behavioral cues for de-
tecting pain, many clinical studies strengthen their findings by incorporating physiological
measures that objectively reflect the infant’s internal stress response. These physiological
indicators help verify whether specific acoustic markers, such as increased pitch, higher
energy concentration, or irregular phonation, truly correspond to underlying nociceptive
events rather than non-pain-related agitation [22].

Physiological signal-based validation is relevant since it plays a critical role as a
ground-truth confirmation layer in automated infant pain detection systems [22]. While
cry audio provides fast behavioral evidence, integrating physiological signals reduces false-
positive classifications (e.g., distinguishing hunger cries from pain cries), Improves clinical
acceptance and trust in Al-based pain assessment tools, and Enables the development of
multimodal deep learning frameworks, where acoustic and physiological signals jointly
inform prediction models. Establishing consistent correlations between cry acoustics
and physiological stress responses is essential for translating automated pain detection
technologies into real neonatal clinical settings [14].

In addjition to acoustic and physiological analysis, infant pain is commonly validated
using clinician-administered pain scoring systems such as the Neonatal Facial Coding
System (NFCS), NIPS, the PIPP-R, and the N-PASS shown in Table 1. These scoring tools
evaluate facial expression, limb movement, breathing patterns, and arousal states, and
are frequently used as ground truth labels for training and validating machine learning
models [3,22-24].

Table 1. Standard N-PASS scoring rubric for neonatal pain/agitation and sedation assessment.
The table lists each behavioral /physiological category and the corresponding score anchors across
the full range from sedation (—2: deep sedation; —1: mild sedation) to baseline (0: normal) and
pain/agitation (+1: mild pain; +2: severe pain), enabling consistent bedside scoring.

Category —2 (Sedation) —1 (Mild Sedation) 0 (Normal) +1 (Mild Pain) +2 (Severe Pain)

Crying/Irritability No cry, not Moans, minimal cry No cry when awake Irritable, intermittent cry High-pitched,
arousable continuous cry

Behavior State N.O response to Minimal response Apprqprlate for Restless, difficult tocalm  Constant agitation
stimulation gestational age

Facial Expression None, flat Minimal, weak grimace Relaxed, neutral Intermittent grimace Contmuo.u S grimace or

clenched jaw
Extremities/Muscle Tone Flaccid Decreased tone Normal tone Increased tone, flexion E;%;%;indmd
Vital Signs (HR, RR, BP, O, sat) Eggesas:eﬁig o Decrease 10-20% Stable, baseline Increase 10-20% Increase >20% or

frequent desaturations

3.3. Acoustic Characteristics of Cry Signals

Acoustic characteristics of cry signals provide measurable sound properties of an
infant’s cry that describe its structure and how it is perceived in time and frequency
domains. Research demonstrates that acoustic features such as fundamental frequency,
intensity, duration, and spectral properties show significant associations with infant distress
levels and pain states [22]. The cries of infants experiencing pain exhibit distinctive acoustic
patterns that differ measurably from hunger cries and fussiness, with machine learning
algorithms achieving high accuracy in distinguishing these states [25]. Notably, pain-related
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acoustic features outrank intensity measures alone, highlighting the importance of spectral
and temporal characteristics as reliable biomarkers [25]. Pain alters the acoustic structure of
infant cries in a consistent, quantifiable way that machine learning models can learn from.
In newborn pain assessment, these acoustic characteristics form the core “biomarkers” that
can be objectively quantified and used to discriminate painful from non-painful cries. These
biomarkers play a vital role in training deep learning models for infant pain detection from
cry audio [4]. The physiological changes that manifest as distinct and quantifiable acoustic
alterations in the cry signal include the following:

* Higher Pitch (Fundamental Frequency, F,): The fundamental frequency (F,) of
an infant’s cry represents the rate at which the vocal folds vibrate during vocalization.
Research demonstrates that cry acoustics are strongly associated with neurophysio-
logical and behavioral signals, with fundamental frequency being one of the most
extracted and analyzed features depending on infants” arousal state [22]. When infants
experience heightened distress or pain, increased muscle tension in the laryngeal re-
gion causes the vocal folds to vibrate more rapidly, directly resulting in higher-pitched
vocalizations. This physiological response reflects the infant’s level of arousal and
emotional state, making F, a critical biomarker for assessing infant distress and health
status [22]. Pain cries consistently exhibit significantly higher F, compared to hunger
or discomfort cries.

®* Increased Loudness (Amplitude/Intensity): Stronger respiratory drive and sub-
glottal pressure generate higher sound pressure levels, making pain cries louder and
more forceful [22,26]. Investigations examining different distress levels in newborns
have revealed that heightened arousal states produce significantly elevated acoustic
responses across multiple parameters, including fundamental frequency, along with
physiological indicators such as increased brain activity, cerebral oxygenation, heart
rate, body tension, and rigidity [22].

®* More Irregular Vibration: Instability in vocal fold control produces nonlinear
acoustic phenomena such as jitter, shimmer, subharmonics, and chaotic spectral
components, which are commonly observed in pain-induced cries [27]. Research
investigating infant cry acoustic features as developmental markers has distinguished
between smoothly-modulated cry patterns and highly unstable patterns characterized
by irregular fundamental frequency trajectories [28].

* Abrupt Temporal Changes: Pain cries often display sudden onsets, abrupt interrup-
tions, and short, sharp cry bursts due to irregular respiratory control and involuntary
muscle contractions [22,27,29]. Research characterizing neonatal infant cry signals
has documented that cries exhibit sudden variations in fundamental frequency and
resonance, with these abrupt acoustic changes occurring within tiny duration solitary
utterances [27].

These consistent acoustic deviations provide critical discriminative features for au-
tomated pain assessment systems [30]. Features such as fundamental frequency, energy,
spectral entropy, and temporal modulation patterns are widely used in deep learning
models for infant pain classification. The physiological basis of these changes strengthens
the reliability of acoustic cry analysis as a non-invasive biomarker for pain detection [22,31].

Understanding how pain physiologically alters cry production helps justify the acous-
tic features selected for computational analysis. In feature extraction, these acoustically
driven changes guide the choice of time-domain, frequency-domain, and time—frequency
representations such as Mel-frequency cepstral coefficients (MFCCs), log-Mel spectrograms,
and nonlinear vocal metrics. These representations capture the distinctive patterns in-
troduced by pain, enabling machine learning and deep learning models to detect them
effectively [4,25,32].
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3.4. Categories of Infant Cries

In clinical and developmental research, infant cries are typically classified into distinct

categories based on their underlying cause, acoustic characteristics, and behavioral con-

text[7,27]. Understanding these categories is essential for pain-related cry detection because

the acoustic structure of pain cries differs significantly from that of other cry types [25]. We

provide an overview of the commonly recognized categories of infant cries and highlight

their acoustic and physiological attributes relevant to automated pain-assessment systems.

Studies have shown that machine learning models can achieve high accuracy (91-95.5%) in

classifying these distinct cry types when trained on appropriate acoustic features [7,27].

Basic Cry (Hunger/Discomfort Cry): Basic cries are the most common type observed
in infants and occur in response to general needs such as hunger, thirst, mild discom-
fort, or the need for attention [27,33]. These cries exhibit a relatively low fundamental
frequency (F, ), fairly regular phonation patterns, and rhythmic temporal structure.
The cry units typically follow a consistent inspiratory/expiratory cycle, with moderate
intensity and short-duration expiratory phases [29]. Because basic cries are associ-
ated with non-urgent states, they lack the abrupt onset, pitch escalation, and chaotic
energy patterns characteristic of pain cries. In acoustic analysis, basic cries often
show stable spectral harmonics, lower energy concentration, and minimal frequency
modulation [4].

Pain Cry (Nociceptive Cry): Pain cries arise from acute nociceptive stimuli such
as heel lances, venipunctures, vaccinations, or clinical procedures [34]. They are the
most acoustically distinct category, enabling highly accurate automated classifica-
tion [4,9]. Pain cries typically begin with a sudden onset, characterized by a short
inspiratory phase, followed by a long, loud expiratory signal [29]. Studies investi-
gating newborn cry sounds have emphasized that expiratory segments represent the
most informative parts of cry signals for diagnostic purposes, as these phases contain
the richest acoustic information for distinguishing between different infant states [9].
Pain cries may also include hyperphonation, where F, rapidly escalates due to height-
ened subglottal pressure and increased vocal fold tension [22,32]. Temporal patterns
become chaotic, and pauses between expiratory bursts can shorten dramatically [27].
From a signal-processing standpoint, pain cries frequently display broad spectral
peaks, nonlinear phenomena (e.g., subharmonics, biphonation), and higher energy
in high-frequency bands, making them suitable for automated detection through
acoustic or deep learning techniques [4,32]. Deep learning-based cry diagnostic sys-
tems utilizing Self-Supervised Learning models (wav2vec 2.0, WavLM, HuBERT) can
extract feature representations directly from raw audio signals, effectively capturing
complex patterns associated with pathological conditions and achieving accuracy
rates approximately 90% [9]

Fear Cry (Alarm or Startle Cry): Fear cries emerge when infants experience sud-
den threatening stimuli, such as loud noises, startling movements, or separation anx-
iety. These cries share some similarities with pain cries but are distinguished by a
gradual buildup of intensity rather than an abrupt onset [35]. Research investigating
different distress levels in newborns has documented that infants exhibit varying
arousal states—including resting, cry, and distress conditions—each associated with
distinct neurophysiological and behavioral patterns [22]. Fear cries contain higher-
than-normal F,, but with more controlled phonation compared to pain cries. They
often exhibit tremulous modulation due to heightened sympathetic arousal. Mel-
spectrogram representations typically show alternating regions of stable and unstable
harmonic structure. Although fear cries may sound distressed, they generally lack
the extreme hyperphonation and disorganized temporal patterns found in pain cries.
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This distinction can be useful in automated systems to reduce false positives when
classifying infant states [4,32].

Anger/Frustration Cry: Anger cries occur when an infant is physically restrained,
overstimulated, or prevented from achieving a goal. These cries are characterized by
increased intensity, short inspiratory phases, and harsh phonation [22,28,29]. In con-
trast to pain cries, anger cries usually exhibit lower fundamental frequency but greater
amplitude variability. Their temporal structure includes longer expiratory phases with
intermittent breaks but remains more rhythmic than nociceptive cries [28]. Spectral
analysis typically reveals moderate harmonic distortion, reflecting high subglottal
pressure without significant nonlinearities. The acoustic signature of anger cries may
overlap with pain cries in terms of loudness, which presents challenges for classifiers
that rely solely on amplitude-based features [4,36].

Fatigue or Tired Cry: Fatigue-related cries tend to be softer, lower-pitched, and less
structured than other categories. They feature intermittent crying bouts, longer pauses,
and decreasing intensity over time as the infant becomes more exhausted [27,33]. Acous-
tically, these cries exhibit lower energy distribution, reduced harmonic richness, and
minimal frequency modulation. Their relaxed, drawn-out temporal pattern contrasts
sharply with the urgency and tension embedded in pain cries [31,37]. In machine
learning systems, fatigue cries often form a distinct cluster due to their low spectral
complexity and smooth temporal contours [4,32].

Distress Cry: Distress cries occur in infants experiencing gastrointestinal discomfort
or prolonged distress. They are typically loud, inconsolable, and can last for extended
periods. Research on infant cry classification has identified discomfort as a distinct
category alongside pain, hunger, sleep, and other emotional states, with gastrointesti-
nal issues such as lower wind pain representing specific triggers for characteristic
vocalization patterns [27,33]. Studies employing automated classification systems
have documented that discomfort-related cries exhibit unique acoustic signatures that
can be distinguished through machine learning approaches utilizing pitch, spectral,
and temporal features [28,33]. Studies analyzing cry acoustics across different dis-
tress states have confirmed that fundamental frequency increases significantly during
heightened arousal, with both pain and distress conditions producing elevated pitch
values [22]. Distress cries share some acoustic similarities with pain cries, such as
elevated pitch and high energy, but are more cyclic, with alternating periods of intense
crying and recovery [4,37]. Spectrograms often show repeated high-energy bursts, but
these patterns are more periodic compared to the chaotic nonlinearity of authentic
nociceptive pain cries. Colic cries can challenge automated systems because they
mimic certain pain-related features while lacking the clear nociceptive trigger [32,36].

The categorization of infant cries provides critical context for developing reliable

pain detection algorithms [38]. Pain cries are acoustically distinct, but they can overlap
with fear, anger, and distress cries in pitch, intensity, or energy distribution [25]. Research
using the ChatterBaby algorithm has demonstrated that while pain cries have distinctive
acoustic characteristics, they share neuronal pathways with other distress states, making
differentiation challenging [25]. Advanced machine learning and deep learning models, es-
pecially those using spectrogram-based visual features, must therefore learn to differentiate
between these categories by identifying diagnostic acoustic markers unique to nociceptive
crying [4,8]. Incorporating knowledge of cry categories enhances feature engineering,
improves model robustness, and reduces misclassification in real-world clinical settings [6].
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3.5. Challenges in Infant Cry Signal Interpretation

Interpreting infant cry signals for pain assessment remains a complex task due to

the multifaceted nature of neonatal vocal behavior and the influence of environmental,

physiological, and developmental factors. Although significant progress has been made in

computational analysis of cry acoustics, several challenges hinder the development of reli-

able and generalizable pain-classification models [22,39]. Real-world deployment remains

particularly challenging, with nearly 90% of developed models remaining undeployed to

practical clinical applications [38].

High Inter-Infant Variability: Cry acoustics vary significantly across infants

due to differences in gestational age, lung capacity, neuromuscular development, and

medical conditions [40]. Preterm infants, for example, often exhibit weaker phonation,
reduced frequency range, and irregular cry patterns compared to full-term infants,
which complicates standardized interpretation. This inter-infant variability makes it

difficult to develop universal acoustic descriptors that reliably indicate pain across

heterogeneous populations [40].

Overlapping Acoustic Characteristics Across Cry Types: Pain cries often share
overlapping features with cries induced by hunger, discomfort, or stress [25]. Although

pain cries tend to show higher fundamental frequency (F,), greater jitter/shimmer,
and more turbulent energy, these characteristics are not always exclusive to pain states.
Hence, algorithms may misclassify cries when acoustic cues are ambiguous or when

multiple stressors co-occur (e.g., handling, cold stress, separation) [38].

Sensitivity to Environmental Noise and Recording Conditions: Neonatal in-
tensive care units (NICUs) and clinical wards are typically high-noise environments

with sounds from equipment, conversations, and other infants [41]. Background noise

and reverberation degrade the acoustic quality of cry recordings, reducing feature

extraction accuracy, particularly for high-frequency energy components used in pain

detection. Variable microphone distance, placement, and recording hardware intro-
duce additional inconsistencies that can bias model performance, especially in small

datasets [42].

Scarcity and Imbalance of Pain-Labeled Data: Ethical considerations and clini-
cal constraints limit the collection of high-quality, well-annotated pain-cry datasets.
Painful procedures such as heel lances or immunizations cannot be performed solely

for research, leading to small sample sizes and imbalanced class distributions [37].
This scarcity contributes to model overfitting and reduces generalizability across dif-
ferent populations, institutions, or recording conditions [43]. Additionally, differences

in annotation standards (e.g., N-PASS, NIPS, PIPP-R, DAN scores) make cross-dataset

comparisons challenging [38].

Generalizability Across Clinical and Cultural Settings: Cry patterns may

vary due to cultural caregiving differences, hospital practices, language exposure, or

NICU protocols. A deep learning model trained in one clinical environment may

struggle to generalize across hospitals with different noise profiles, equipment, or

caregiving routines [38,41]. This highlights the need for larger, multi-site datasets and

robust domain adaptation techniques.

Annotation Subjectivity and Inconsistent Ground Truth: Human-labeled pain
indicators often suffer from subjectivity, even when validated scales such as N-PASS,
PIPP, or NIPS are used [1]. Clinical staff may differ in their interpretation of infant

behavior, leading to inconsistencies in dataset labels [44]. Inter-rater variability re-
duces the reliability of the ground truth used to train supervised models, affecting

both accuracy and reproducibility [38].
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Figure 2 shows an audio classification workflow that begins with data acquisition,
where audio signals are collected for analysis. The raw audio data undergoes preprocessing
to enhance its quality and prepare it for further steps. Spectrograms are generated from the
audio signals to provide a visual representation of their frequency components over time.
These spectrograms serve as inputs to deep learning models designed for classification
tasks. The models process the spectrograms and predict probabilities for pain versus
non-pain categories. Figure 2 illustrate an audio classification workflow, a modified version
of Alzubaidi et al., 2021 [45].

MFCC, Mel Spectrogram... Neural Network

Waveform < -~ Classification probabilities
(Annotated) —0 (Softmax/Sigmoid) /
| |
| 4

v v r—— T T T | A

: [ : | A
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Figure 2. End-to-end infant cry audio classification pipeline for pain assessment. Raw cry recordings

o)

are acquired and labeled, then preprocessed (e.g., denoising/segmentation and time—frequency
conversion) to generate spectrogram representations. Next, feature extraction/embedding is per-
formed using a deep learning backbone, followed by a classifier that outputs pain vs. non-pain class
probabilities, which are finally converted into the predicted label (pain/non-pain) for each recording.

4. Cay Audio Feature Extraction

To facilitate deep learning-based analysis of infant cry signals, raw audio recordings
are first converted into spectrogram representations [46,47]. Spectrograms provide a time—
frequency view of the signal, capturing dynamic variations in spectral energy and frequency
that are not readily observable in the raw waveform [48]. Deep learning architectures,
particularly CNN and VLM, are highly effective at learning discriminative patterns from
these visual representations, making spectrograms a suitable input for cry classification
tasks [47]. Additionally, transformer-based approaches utilizing audio spectrograms have
demonstrated remarkable performance in pathology detection tasks, with some models
achieving classification accuracies exceeding 98% [8].

Different feature representation domains capture complementary acoustic characteris-
tics of infant cry signals [4]. Since pain-related cues are expressed across temporal, spectral,
and perceptual dimensions, incorporating features from multiple domains enhances model
robustness and improves classification performance. The following are four of the most
widely used feature representation domains:

* Time-Domain Features: Time-domain features describe the amplitude and temporal
structure of the cry waveform [49]. They are particularly useful for capturing cry
intensity, duration, and temporal instability, which are commonly associated with
pain-evoked vocalizations [22]. Pain cries typically exhibit higher energy, longer ex-
piratory phases, and irregular amplitude patterns compared to non-pain cries [25].
Research using the ChatterBaby algorithm found that pain cries showed significantly
higher energy and distinct amplitude characteristics compared to fussy or hungry
cries [25]. These features are associated with raw waveform, frame-level and ampli-
tude envelopes [49]. Time-domain features do not require spectrogram conversion,
making them computationally efficient but less expressive for complex pattern learn-
ing [49]. The autocorrelation function (ACF) of sound signals has been successfully
used to extract time-domain features that achieve high sensitivity in cry detection
while maintaining lower computational loads [49]. They are best suited for tradi-
tional machine-learning models (SVM, Random Forest, k-NN) [27,50]. Studies have
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demonstrated that support vector machines, random forests, and k-nearest neighbor
classifiers achieve strong performance when trained on carefully selected time-domain
and frequency-domain features [27]. However, they are less effective for CNN-based
models due to the lack of spatial structure, which is why deep learning approaches typ-
ically rely on spectrogram representations that provide the two-dimensional structure
necessary for convolutional operations [47].

Frequency-Domain Features: This feature captures how acoustic energy is dis-
tributed across frequencies, which reflects vocal fold tension, harmonic structure,
and noise components [30]. Spectral analysis provides insights into the harmonic ratio
and frequency distribution patterns that characterize different types of infant cries [31].
These representations summarize frequency information but discard temporal dy-
namics. Frequency-domain features are less suitable for CNNs unless converted into
2D representations [6,47]. Research has demonstrated that support vector machines,
Gaussian mixture models, and multilayer perceptron networks effectively process
frequency-domain features for infant cry classification tasks [49]. Studies using ex-
tracted frequency features with machine learning classifiers have achieved strong
performance, with accuracies exceeding 88% when combined with appropriate feature
selection methods [27].

Time-Frequency Features: Time—frequency featuresjointly represent how frequency
content evolves, making them highly effective for analyzing non-stationary signals
such as infant cries [47]. The short-time Fourier transform (STFT) technique is em-
ployed to transform cry signals into spectrogram images, capturing the dynamic
spectral characteristics essential for accurate classification [47]. Time—frequency fea-
tures are best associated with STFT Spectrogram, Mel Spectrogram, and Log-Mel
Spectrogram [46]. Among these, log-Mel spectrograms are the most widely used
due to their perceptual relevance and compact representation [51]. Research has
demonstrated that Mel spectrograms effectively capture the nuanced characteristics of
infant speech and provide robust input for deep learning models [5]. Making them
highly suitable for models such as CNN, Vision-Language Models (CLIP, BLIP-2,
GPT-4V-style), and CNN-RNN or CNN-Transformer hybrids [8]. Transformer-based
approaches utilizing audio spectrograms have achieved remarkable accuracies ex-
ceeding 98% in pathology classification tasks [8]. Additionally, hybrid architectures
combining CNNs with LSTM networks have demonstrated outstanding performance,
with studies reporting accuracies up to 99% when processing spectrogram represen-
tations [52]. Time—frequency spectrograms provide the spatial structure required for
deep visual feature learning, making them the dominant choice in modern infant
pain classification systems [46,47]. The integration of spectrogram-based represen-
tations with deep convolutional architectures enables automatic feature extraction
and superior classification performance compared to traditional hand-crafted feature
approaches [50].

Cepstral Features: Cepstral features provide a compact representation of the spec-
tral envelope, closely modeling human auditory perception [32]. They are highly
effective in capturing vocal tract characteristics and phonatory variations associated
with pain-induced crying. Research has demonstrated that cepstral coefficients success-
fully capture the unique qualities of infant cry sounds across different emotional and
pain states [53]. MFCC is an example of the associated representation [5]. MFCCs are
derived from Mel spectrograms followed by a cepstral transform, effectively compress-
ing spectral information while preserving discriminative cues [7]. Although MFCCs
perform well with traditional models [54], they are increasingly being complemented
by deep learned embeddings [55]. Studies have shown that combining MFCCs with
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deep learning architectures such as convolutional neural networks achieves superior
classification accuracy, with some systems reporting accuracies exceeding 95% for in-
fant cry classification tasks [7]. Additionally, self-supervised learning approaches like
wav2vec 2.0 have emerged as powerful alternatives that can extract meaningful rep-
resentations directly from raw audio, offering performance gains beyond traditional
MEFCC-based features [55].

In deep learning-based infant pain classification, feature extraction is typically
grounded in time—frequency representations, enabling models to capture detailed acoustic
and temporal characteristics [50]. VLM-based approaches treat cry audio as visual spectro-
gram image representations and learn more abstract, semantic features through alignment
with textual descriptions. Transformer-based algorithms applied to audio spectrograms
have shown remarkable capability in classifying infant crying into distinct pathological cat-
egories, achieving over 98% accuracy by exploiting self-attention mechanisms that preserve
the integrity of diagnostic features [8].

Table 2 summarizes various deep learning models and feature extraction techniques
used for audio classification across different infant cry databases, along with their reported
accuracies. The study highlights that MFCC is the most commonly used feature across
models, often paired with techniques like CNN, and LSTM. Models combining CNN with
other architectures, such as RNN, show strong performance, particularly with spectrogram
features. Hybrid models, like CNN+SVM and VGG-16+LSTM, demonstrate diverse ap-
plication of spectral and temporal features. Some methods, like Ji et al.’s [56] CNN with
Baby2020, achieve near-perfect accuracy, showcasing the potential of advanced architec-
tures. Spectrogram-based methods consistently perform well, reinforcing the importance
of visual feature representation in cry analysis. Overall, the table highlights the diverse
methodological approaches and their effectiveness in infant cry sound classification. For
additional details, refer to the reference section, which includes the literature review papers
for this study.

Table 2. Summary of deep learning-based infant cry audio classification studies, highlighting model
architecture, input features, datasets, and reported performance. For each study (authors), the
table lists the AI network/architecture, the feature extraction or input representation used (e.g.,
time—frequency features such as MFCCs or spectrograms), the dataset(s) evaluated, and the reported
classification accuracy (as stated in the original paper). The database field specifies either the dataset
name or the location where the study’s data were collected.

Ref. and Year Model Features Database Accuracy
[56] 2022 CNN MECC Baby Chillanto/Baby2020 99.28%
[57]12021 VGG-16+LSTM Spectrogram USF-MNPAD-I 79.00%
[58]2019 VGGl16 MECC USF-MNPAD-I 96.77%
[59] 2025 CNN/BiLSTM MFCC Baby Cry Sounds 89.65%
[60]2025 CNN/LSTM MECC Baby Cry Sense 89.80%
[61]2025 CRNN MEFCC Donate-a-Cry/Baby Chillanto 97.00%
[62] 2024 CNN Mel-spectrograms Kyoto University Hospital 92.40%
[63] 2025 CNN MECC Kaggle+ICSD+Donate-a-Cry 95.20%
[47]2021 CNN +SVM MFCC NTUH 93.33%
[712025 CNN MECC Baby Cry 95.5%

NTUH: National Taiwan University Hospital Yunlin Branch; ICSD: Infant Cry and Snoring Detection dataset.

Table 3 presents an expanded summary of the studies introduced in Table 2 by reporting
additional methodological and performance-related details. In particular, it includes infor-
mation on dataset size, task formulation, split strategy, class distribution, leakage-prevention
reporting, and the reported precision, Fl-score, and accuracy values for each study. For
studies in which some of these details were not explicitly provided by the original authors,
the corresponding entries are indicated as NR.
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Table 3. Supplementary summary of the studies listed in Table 2, providing additional reporting details on data size, task definition, unit of data split,
train/test/validation split, class balance, data-leakage control, precision, Fl-score, and accuracy. For each referenced study, the table extends the compara-
tive overview in Table 2 by including dataset sample size and selected performance metrics. Where task definition, split unit, class balance, or leakage-control details
were unavailable, they are marked as NR.

Data Split
Ref. and Year ~ Data Size Task Definition Unit of Split - P — Class Balance = Data-Leakage Control Precision F1-Score Accuracy
Train Test Validation
[57] 2021 216 Pain vs. no-pain classification Subject LOSO L0SO0 L0OSO DA Subject-wise via L0OSO 79.64% 79.63% 79.63%
[64] 2019 3250 Infant cry classification Recording 80% 20% - NR NR NR NR 99.28%
[58] 2019 4914 Pain assessment/ classification NR cv cv cv DA NR NR NR 96.77%
[59] 2025 7088 Infant cry classification Recording 80% 20% - SMOTE NR 89.00% 88.00% 89.70%
[60] 2025 NR Infant cry classification Recording 70% 15% 15% NR NR 90.20% 89.70% 89.80%
[61] 2025 (DC+BC) ** Multi-class infant cry classification Recording 80% 10% 10% NR NR 98.00% 97.00% 97.00%
[62] 2024 6523 Infant cry classification Subject cv cv cv NR Subject-wise via LOSO 96.00% 93.50% 92.40%
[63] 2025 9000 Infant cry classification Recording 70% 15% 15% DA NR 92.00% 93.00% 95.20%
[47] 2021 300 Pain vs. no-pain classification Recording 80% 20% - NR NR 93.33% 90.32% 93.33%
[7]1 2025 889 Infant cry classification Recording NR NR NR NR NR NR 94.60% 95.50%

NR: Not Reported. CV: Cross-Validation. LOSO: Leave-One-Subject-Out. Recording: Audio recording file. Subject: Multiple audio recording file per subject. DA: Data Augmentation. ** Donate-a-Cry
merged with Baby Chillanto.
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4.1. Cry Signal Augmentation Features

In the realm of machine learning and artificial intelligence, data is often hailed as the
new oil, powering the algorithms and models that drive innovation across industries [43].
Data can be scarce or, at best, insufficient, particularly in the context of training robust and
accurate models. The scarcity of labeled data has historically posed a significant challenge,
leading to the development and evolution of techniques like data augmentation. Over time,
this technique has become an integral part of machine learning workflows, especially in
the context of classifiers, where it plays a critical role in enhancing model performance,
generalization, and robustness [6].

In their study, Salekin et al. [58] applied data augmentation to each audio segment
in the audio modality of the USF-MNPAD dataset. Each segment was augmented using
three frequency modifications (f/2, /3, 2f/3), six noise levels (0.01, 0.05, 0.001, 0.005, 0.003,
and 0.03), and combinations of both frequency and noise perturbations. This augmentation
strategy produced 27 variants per audio event, consisting of 3 frequency-only transforma-
tions, 6 noise-only transformations, and 18 combined frequency—noise transformations,
resulting in a total of 4914 augmented signals. Using this augmented dataset, the authors
achieved an accuracy of 96.77%.

Data augmentation is used to increase the diversity of infant cry samples and mitigate
the limited availability of labeled pain and no-pain data. Preprocessing steps with data
augmentation techniques effectively address dataset imbalances, enabling more balanced
training sets for classification models [58]. By introducing controlled variations such as
noise perturbations, models become more robust to real-world recording conditions and
environmental artifacts commonly present in clinical settings. Research has demonstrated
that acoustic scene simulation and properly designed synthetic datasets can help detectors
handle challenging circumstances including different environmental noises, improving
performance in real NICU environments [65]. Studies show that denoising techniques en-
hance model robustness when applied to cry signals captured under noisy conditions [42].
This improves generalization performance and reduces overfitting, leading to more reli-
able infant pain classification from cry sounds. Findings confirm that models trained on
augmented data with real-world variations demonstrate significantly improved external
validity and generalization compared to models trained without such augmentation [41].

Figure 3 presents examples of infant cry representations, including both original and
augmented data. The non-augmented samples, (a) a no-pain cry waveform, (b) its corre-
sponding no-pain log-Mel spectrogram, (c) a pain cry waveform, and (d) its corresponding
pain log-Mel spectrogram serve as baseline representations of the two classes. The aug-
mented samples (e)-(h), generated by adding white noise to the no-pain and pain cry
waveforms and their corresponding log-Mel spectrograms, introduce realistic variabil-
ity while preserving the underlying cry characteristics. This form of data augmentation
increases the diversity of training data, improves robustness to noise, and enhances the
model’s ability to generalize when distinguishing between pain and no-pain infant cries.

4.2. Deep Learning-Based Audio Feature Extraction

Early research on infant cry analysis predominantly relied on handcrafted acoustic
features derived from classical digital signal processing techniques [50]. These features are
typically computed over short-time frames of the cry signal and are designed to capture per-
ceptually and physiologically meaningful characteristics of infant vocalizations. Commonly
employed descriptors include time-domain features (e.g., zero-crossing rate and short-time
energy), frequency-domain features (e.g., spectral centroid, spectral roll-off, and formant
frequencies), and time—frequency representations such as spectrograms [38]. Among these,
MEFCC are the most widely used due to their ability to approximate human auditory
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perception while compactly encoding vocal tract information [7]. The MFCC technique
efficiently captures audio characteristics from crying sounds, making it a dominant choice
for infant cry classification systems. Studies have demonstrated that MFCCs combined
with deep learning models achieve superior accuracy, with some systems reporting over
95% classification performance [7]. CNN are frequently applied to spectrograms treated
as two-dimensional images, enabling the automatic learning of localized time—frequency
patterns associated with pain-related cry characteristics, such as elevated pitch, abrupt
energy variations, and prolonged vocalizations [47]. In addition, RNN and temporal
convolutional models have been employed to capture temporal dependencies within cry
sequences. Research has shown that CNN-RNN models outperform traditional methods in
accuracy when analyzing cry patterns over time [66].

NON-AUGMENTED

Amplitude
Mel Coefficient
Amplitude

Time Time
(c.) Pain signal (d.) Pain Log Mel Spectrogram

Time Ti
(a.) No pain signal (b.) No pain Log Mel Spectrogram

AUGMENTED

Amplitude
Mel Coefficient
Amplitude
Mel Coefficient

Time

Time Time Time
(e.) No pain white noise signal (f) No pain white noise Log Mel Spectrogram  (g.) Pain white noise signal (h.) Pain white noise Log Mel Spectrogram

Figure 3. Examples of infant cry representations used in this study. The figure includes eight images:
four non-augmented samples consisting of (a) a no-pain cry waveform, (b) the corresponding no-pain
log-Mel spectrogram, (c) a pain cry waveform, and (d) the corresponding pain log-Mel spectro-
gram; and four augmented samples generated using white-noise augmentation, consisting of (e) a
no-pain cry waveform with added white noise, (f) the corresponding no-pain log-Mel spectrogram
with white noise, (g) a pain cry waveform with added white noise, and (h) the corresponding pain
log-Mel spectrogram with white noise. The audio waveform is displayed in blue for visualization
only, and the color itself has no analytical significance. On the other hand, in the log mel spectro-
gram representations, brighter colors denote higher feature magnitudes and darker colors denote
lower magnitudes, thereby highlighting variations in acoustic energy and structure that may help
distinguish pain-related crying patterns from non-pain vocalizations.

Although recent infant-cry pain assessment studies increasingly rely on Deep Neural
Network (DNN) and vision-inspired pipelines on time—frequency representations, Support
Vector Machine (SVM) even though not a DNN remain an important and still competitive
classical method that is often used either (i) as a standalone classifier on engineered acoustic
features such as MFCC:s, or (ii) as the final classifier on top of deep features (i.e., a hybrid
deep-feature + SVM approach) [47]. This persistence of SVMs in contemporary infant pain
classification research reflects both their theoretical robustness and practical effectiveness,
particularly in medical settings where interpretability, computational efficiency, and per-
formance on limited training data remain critical requirements. The following studies
illustrate representative feature-based approaches for extracting meaningful information
for infant pain classification.

Vincent et al. (2021) [47] specifically discriminated neonatal cries into three categories:
pain, hunger, and sleepiness. Their research addressed the challenge that conventional
deep learning requires enormous amounts of data for effective classification by proposing
a hybrid approach combining deep learning feature extraction with machine learning
classification. The study employed a Deep Convolutional Neural Network (DCNN) for
automatic feature extraction from infant cry signals. The DCNN was combined with a
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Support Vector Machine (SVM) classifier to create a hybrid deep learning-machine learning
architecture. Neonatal cry auditory signals were first transformed into spectrogram images
using the Short-Time Fourier Transform (STFT) technique. The DCNN then took these
spectrogram images as input and automatically extracted relevant features. These features
were subsequently passed to the SVM classifier for final classification into pain, hunger,
or sleepiness categories. Various SVM kernel techniques were compared, including radial
basis function (RBF), linear, and polynomial kernels. The study utilized neonatal cry
audio signals categorized into pain, hunger, and sleepiness classes. The approach was
specifically designed to work effectively with moderate numbers of data samples. The
CNN-based feature extraction combined with SVM-RBF classifier achieved an accuracy of
88.89% in classifying infant cries into the three categories (pain, hunger, and sleepiness).
The study demonstrated that combining deep learning feature extraction with machine
learning classification could achieve promising results. The hybrid CNN-SVM approach
proved effective for discriminating pain cries from other cry types, with the SVM-RBF
kernel providing superior performance compared to other kernel methods.

In their research, Mala et al. (2025) [7] developed a deep learning-based system to
identify and classify infant crying into four distinct classes: pain, hunger, sleepiness, and
wet diaper. The study aimed to address the challenges faced by first-time parents in under-
standing the meaning behind infant cries, particularly given that approximately 130 million
babies are born annually worldwide. The study employed CNN as the primary deep
learning technique for classifying infant cry sounds. The CNN architecture was specifically
designed to leverage spatial hierarchies and patterns in acoustic features extracted from
crying sounds. MFCC were used as the feature extraction technique to efficiently capture
audio characteristics from infant crying sounds. These MFCC features were then fed into
the CNN model for classification. They compared their CNN approach with various ex-
isting machine learning models to validate its effectiveness in automatically interpreting
infant cries and determining the underlying reasons, including pain. Among all models
evaluated, the MFCC combined with Convolutional Neural Networks achieved the highest
accuracy of 95.50% for classifying infant cry sounds and determining the reasoning behind
the crying, including pain classification. The study utilized a dataset of infant cry audio
samples categorized into four classes: pain, hunger, sleepiness, and wet diaper. The MFCC
features extracted from each audio sample served as input to the neural network. They
demonstrated that deep learning techniques, specifically CNNs combined with MFCC
feature extraction, could significantly outperform existing machine learning approaches in
infant cry classification. The high accuracy achieved makes this technology-assisted ap-
proach promising for early childhood development applications and for providing valuable
assistance to parents in identifying pain and other needs in infants.

Mohanty et al. (2025) [59] presented a hybrid machine learning and deep learning
framework for classifying infant cries to identify critical needs including hunger, pain, and
sleepiness. The study recognized that accurately interpreting infant cries is essential for
timely caregiving and that traditional methods often lack the precision needed for reli-
able real-time infant monitoring. They used hybrid architecture combining Convolutional
Neural Network-Bidirectional Long Short-Term Memory Network (CNN-BiLSTM) en-
hanced with an attention mechanism. The CNN component extracted spatial features from
time—frequency representations, while the BILSTM captured temporal dependencies in cry
signals. The attention mechanism specifically improved focus on important time-frequency
features relevant for distinguishing pain from other cry types. The approach included
comprehensive feature extraction using MFCCs (Mel-Frequency Cepstral Coefficients)
along with Delta and Delta2 derivatives to capture both spectral and temporal patterns in
infant cry signals. These features were fed into the CNN-BiLSTM architecture where CNN
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layers processed spatial characteristics and BiLSTM layers modeled temporal evolution.
The attention layer then weighted the importance of different features for final classifica-
tion. Data augmentation and SMOTE (Synthetic Minority Oversampling Technique) were
applied to improve class balance and model generalization. The dataset included infant cry
samples categorized into multiple classes including hunger, pain, and sleepiness. SMOTE
was applied to address class imbalance and ensure effective learning of patterns for all cry
types, including pain. The deep CNN-BiLSTM model with attention mechanism achieved
superior performance with 89.65% validation accuracy and a weighted F1-score of 88%.
The study demonstrated that incorporating attention mechanisms into a hybrid CNN-
BiLSTM architecture significantly enhances infant cry classification performance, including
pain detection. The proposed system proved to be sensor-free, computationally efficient,
and suitable for real-time infant monitoring applications. The attention mechanism’s abil-
ity to focus on important temporal and spectral features was particularly valuable for
distinguishing pain cries from other cry types.

Saraswathy et al. (2018) [67] investigated binary classification of infant cry signals
across three groups: healthy and deaf infants, infants with jaundice, and infants separated
from the deaf group. They combined features from the time and frequency domains into
a unified time—frequency (t — f) domain, generating ¢ — f representations and extracting
t — f-based features. Key features such as MFCC and Linear Prediction Coefficient (LPC)
were utilized to evaluate the effectiveness of this approach. The extracted feature vec-
tors were validated using Probabilistic Neural Networks (PNN) and General Regression
Neural Network (GRNN). Their method demonstrated a 90.00% classification accuracy,
highlighting the potential of ¢ — f techniques for analyzing infant cry signals.

4.3. VLM-Based Infant Cry Pain Assessment Approach

As of 2025, only one published paper is known to specifically address infant pain
assessment from cry sounds using VLM with an explicit prompting-based approach [68].
VLMs enable joint learning from visual and textual modalities. Multimodal learning with
transformers has become a hot topic in Al research, with transformer-based models achiev-
ing great success in various machine learning tasks [69]. In this approach, infant cry audio
is first transformed into visual representations, typically log-Mel spectrogram images (or
MEFCC), which preserve temporal and spectral structure [8]. VLMs process these spectro-
gram images alongside natural-language prompts describing pain-related acoustic patterns
(e.g., “high-pitched, intense, and irregular cry”). This allows the model to associate visual
acoustic patterns with semantic concepts, enabling few-shot or zero-shot classification with-
out extensive supervised training [55]. Compared to traditional deep learning pipelines,
VLM-based feature extraction emphasizes semantic alignment and interpretability, making
it particularly appealing in clinical contexts. The ability to incorporate expert knowledge
through textual prompts also provides flexibility when labeled cry datasets are limited.
Self-supervised learning approaches demonstrate that leveraging unlabeled data can sig-
nificantly lower the cost of building robust models, particularly when annotated medical
datasets are expensive and time-consuming to create [55,70].

In their innovative study, McCofie et al. (2025) [68] introduced a novel approach specif-
ically for infant pain detection that addressed the limitations of conventional deep neural
networks, which typically demand large labeled datasets, substantial computational power,
and often lack interpretability. The research represented the first application of few-shot
prompting with vision-language models for infant pain classification, focusing specifically
on pain detection rather than general cry classification. The study leveraged OpenAl’s
vision-language model, GPT-4(V), combined with mel spectrogram-based representations
of infant cries. Unlike traditional deep learning approaches requiring extensive training
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on large datasets, this method employed a few-shot prompting strategy that utilized the
pre-trained capabilities of GPT-4(V) to interpret visual representations of cry sounds. Infant
cry sounds were first converted into mel spectrograms. These mel spectrogram images
were then presented to the GPT-4(V) model along with carefully designed prompts that
guided the model to classify whether the cry indicated pain. The prompting strategy
significantly reduced dependence on large training datasets while enhancing transparency
and interpretability compared to traditional black-box deep learning models. The research
utilized the USF-MNPAD-II dataset, which is specifically designed for infant pain assess-
ment. This dataset contains cry recordings from infants under various conditions, enabling
the model to learn pain-specific acoustic patterns. Using the USF-MNPAD-II dataset, the
method achieved an accuracy of 83.33% with only 16 training samples, which stood in
stark contrast to the 4914 samples required by the baseline model. This remarkable effi-
ciency in learning from minimal data represented a significant advancement in the field.
The study successfully demonstrated that vision-language models like GPT-4(V) could
be effectively applied to infant pain classification through few-shot learning, dramati-
cally reducing data requirements while maintaining high accuracy. This approach offered
significant advantages in terms of interpretability, as the prompting method made the
model’s decision-making process more transparent compared to traditional deep learning
architectures. The research opened new avenues for developing practical pain assessment
systems that could be deployed in resource-limited settings where large labeled datasets are
unavailable. The workflow for the study is as shown in Figure 4, and the model comparison
with baseline can be seen in Table 4.

PROMPT SET SYSTEM PROMPT:
« Defines the role of the model

Label: Pain + Provide GPT-4o with high-level instructions
about the task
Mel spectrogram of an infant cry sound labeled as * The type of data it will process OUTRUT (actusl)
pain. Has a distinct patterns with higher frequency * How it should approach classification I ion: By observing the features within
and more intense energy distribution across the the given spectrogram and embeddings from
frequency banks, showing irregularities in the GPT-40 other "pain" classified examples (especially 13,

spectral structure. 10), the unseen example fits better with the

S— ’ i "pain" signals compared to "no pain" examples.
Label: No Pain Based on these analyses, the predominant
TEST SET: characteristics in both the mel spectrogram and
the corr dii mbeddi exhibit patterns

Now classify the following unseen consistent with those classified as "pain"

spectrogram sample based on the ples, justifying this classification decision.

previous examples. Provide a clear

B it
it
frequency, more regular patterns in the A N
frequency distribution. explanation of your reasoning.
Label: ?

Figure 4. Few-shot VLM prompting pipeline for infant cry pain classification from log-mel spec-

Mel spectrogram of an infant cry labeled as
no pain. Has more consistent and lower-
intensity spectral structure with fewer high-

trograms. The diagram illustrates the complete prompt package provided to a GPT-4o-style vi-
sion-language model: (i) a system prompt that sets the model’s role (infant cry pain-assessment
assistant) and gives high-level instructions on how to interpret spectrogram images and produce
a binary decision; (ii) a balanced few-shot exemplar set of labeled log-mel spectrograms for Pain
and No Pain, where each exemplar includes the spectrogram image, its class label, and a short
class-defining description (e.g., pain typically exhibits higher pitch, stronger intensity, longer du-
ration, and more irregular energy distribution, whereas no-pain tends to be lower-pitched, more
rhythmic, shorter, and more stable); and (iii) an unseen test spectrogram (unknown label) supplied
as the query. The model uses the system instructions and the exemplar patterns to infer the label of
the test spectrogram and returns the predicted class (Pain/No Pain), optionally with a brief rationale
consistent with the exemplar definitions [68]. The symbol ‘?” in "Label: ?” indicates an unlabeled,
previously unseen sample that is provided to the model for inference, after which the model assigns
the predicted class label.

Table 4 presents a comparative evaluation of [68] using VLM and few-shot prompting
approach against baseline methods [58] using tradition methods. As shown, the pre-trained
GPT-40-based prompting strategy attains an accuracy of 83.33%, surpassing the conven-
tional LPCC/MFCC + SVM model (82.35%), which highlights the benefit of employing

https:/ /doi.org/10.3390/make8030076


https://doi.org/10.3390/make8030076

Mach. Learn. Knowl. Extr. 2026, 8, 76

21 of 31

structured prompt-driven inference for infant pain assessment. While its performance is
marginally below that of the Spectrogram + N-CNN approach (91.20%), ref. [68] relies on a
few-shot prompting. Nevertheless, it delivers competitive accuracy, underscoring its ability
to learn effectively from limited data.

Table 4. Comparison of model performance by showing that pre-trained GPT-40 prompting achieves
competitive accuracy using only 16 few-shot examples, outperforming LPCC/MFCC+SVM methods,
although it remains below the performance of spectrogram-based CNNs trained on 4914 samples.

Method Training Data Siz Few-Shot Size Accuracy
LPCC/MFCC + SVM [58] 4914 N/A 82.35%
Spectrogram + N-CNN [58] 4914 N/A 91.20%
GPT-4o (Prompting) [68] Pre-Trained 16 83.33%

N/A: Not Applicable.

5. Datasets for Infant Pain Assessment

The quality and structure of datasets are foundational to the validity of deep learning
models for infant pain assessment, since model performance is inherently constrained by
the reliability, representativeness, and clinical relevance of the underlying data. In this
domain, variations in dataset size, recording environment, annotation procedures, pain
scales, and class distribution can substantially influence the outcomes and the interpretation
of reported results. Accordingly, this section examines the principal dataset and data-quality
considerations that shape current progress in automated pain assessment from infant cry
sounds [41,71].

5.1. Dataset Size and the Role of Data Augmentation

A central limitation in infant pain assessment research is the small size and limited
diversity of available cry datasets. Many studies rely on recordings from a relatively small
number of infants, often collected in specific neonatal units or controlled environments,
which can restrict variability in age, clinical condition, recording quality, and background
noise [4,41]. In addition, recording context differs across studies. Some datasets are cap-
tured in real clinical settings during routine painful procedures, while others are obtained
under more controlled or semi-structured conditions. These differences directly influence
ecological validity, since recordings from clinical environments better reflect real-world de-
ployment conditions but may also contain more noise, overlapping speech, and equipment
interference [72].

Because such datasets are often limited in both scale and heterogeneity, data augmen-
tation has become an important strategy for improving model robustness and reducing
overfitting [73]. Common augmentation methods include time shifting, pitch variation,
additive noise, time stretching, and spectrogram masking, all of which can increase training
diversity without requiring new data collection. However, augmentation must be applied
carefully, as excessive or unrealistic transformations may distort clinically meaningful cry
characteristics and compromise label fidelity. For this reason, augmentation is most useful
when it preserves the acoustic cues associated with pain expression and is restricted to train-
ing data, while validation and test sets remain untouched to ensure reliable performance
assessment [73-75].

5.2. Labeling Methods and Ground-Truth Definition

Accurate labeling is fundamental because model performance is directly constrained
by the quality of the ground truth. In infant pain assessment, labels may be assigned using
several approaches, including expert clinical judgment, nurse assessments, standardized
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pain scoring systems, or indirect physiological validation. The level of confidence in a
dataset depends heavily on who performed the annotation, what criteria were followed, and
whether inter-rater agreement was established. Labels based solely on coarse observational
judgment may introduce subjectivity, while annotations supported by trained clinicians or
validated pain scales are generally more reliable [2,76].

5.3. Data Quality Challenges

A common limitation in infant cry datasets is class imbalance, where one class, often
no pain or a dominant distress category substantially outnumbers the other. This imbalance
can bias models toward the majority class and produce misleadingly high accuracy if more
informative metrics such as sensitivity, recall, or F1-score are not reported [4]. Beyond class
imbalance, dataset quality may also be affected by sampling bias, repeated recordings from
the same infant, inconsistent recording durations, background noise, missing metadata,
and variability in microphone placement. These factors can reduce the robustness of
learned representations and complicate fair comparison across studies. Consequently, a
dataset-focused discussion should examine whether studies used balancing strategies,
subject-wise partitioning, quality control procedures, and preprocessing steps designed
to reduce confounding influences. Attention to these issues is essential for determining
whether reported performance reflects genuine pain discrimination or dataset-specific
artifacts [73,77].

5.4. Hospital-Based Infant Pain Datasets

Hospital-based datasets focus on pain cries elicited during routine medical procedures
such as vaccinations, heel lances, and ear piercing, often accompanied by standardized
pain scales and clinical observations. Studies have recorded neonates undergoing painful
procedures, including heel blood sampling, arterial blood sampling, intravenous injection,
subcutaneous injection, peripheral intravenous cannulation, and other routine medical
interventions [78]. In these corpora, audio is recorded in neonatal or pediatric units with
dedicated microphones or bedside recorders before, during, and after a painful procedure,
and segments are later extracted to represent pre-procedure baseline, peak pain during the
stimulus, and recovery. Pain labels are commonly derived from validated behavioral scales
such as N-PASS and NIPS or from the procedure type and timing, with scoring performed
by trained nurses or clinicians observing the infant in real time or from synchronized
video [20]. These datasets have been used in recent work that converts cry waveforms
into time—frequency images or cepstral features and applies deep learning architectures
to classify pain versus non-pain states, reporting high discrimination accuracy in NICU
settings [57,68,79].

¢ USF-MNPAD-II: One of the widely cited resource is the Neonatal Pain Assessment
Database (often referred to as NPAD or USF-MNPAD), collected by the University of
South Florida from 75+ (ongoing) neonates undergoing routine painful procedures
in a neonatal intensive care setting. Audio was recorded in parallel with video and
vital signs around procedures such as heel lancing, with segments labeled as baseline
(no pain), procedural pain, and post-procedure, using the Neonatal Infant Pain Scale
(NIPS) and N-PASS scored by trained nurses who observed the infant during each
phase. The labels in this corpus therefore reflect standardized behavioral pain scores
rather than only clinical event tags, and multiple studies have used it to train and
evaluate both handcrafted-feature and deep learning models, including convolutional
networks operating on spectrograms for binary pain vs. no-pain classification [57,68].
The primary aim is to facilitate classification tasks and other related pain assessments
for neonatal care. The dataset was developed as part of a funded research initiative
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by the University of South Florida’s Computer Science and Engineering Department
and was conducted in collaboration with Tampa General Hospital [80,81]. The USF-
MNPAD dataset is publicly accessible for research purposes on a case-by-case basis,
subject to a written request.

¢ Baby Chillanto: The Baby Chillanto Database is a publicly available corpus compiled in
Mexico for infant cry pathology and condition classification, and it has been repeatedly
cited in cry analysis research. Recordings consisting of 2268 cry samples, collected
from infants under controlled conditions and then segmented into one-second audio
samples that are grouped into five classes: asphyxia, deaf, hunger, normal, and pain,
with labeling performed by clinical experts who knew the infant’s diagnosis and
recording context. Because it includes both pathological and normal cries along with
a distinct pain class, this database has been used to train multiclass classifiers that
distinguish pain from non-pain states within a broader clinical screening framework,
often using standard speech-processing features and deep learning models [82].

Several infant pain cry databases are available for research, either through institutional
online repositories or by written request. Donate A Cry, is an audio dataset of infant cries
designed to support the classification of infant needs and discomfort. The dataset includes
457 audio recordings, each approximately seven seconds long, collected from infants
aged 0-2 years. The recordings were processed and cleaned prior to labeling, resulting
in a curated set of cry samples organized by need category [83]. Another resource is the
ChatterBaby database developed at UCLA, a large-scale audio collection of infant cries
used to train the ChatterBaby algorithm and apps. The database was initially constructed
from approximately 2000 pain-related cry recordings, including a clearly identified subset
of about 300 samples captured during painful procedures such as vaccinations and ear
piercings [25,83].

Table 5 summarizes available infant/neonate cry sound datasets commonly used in
pain assessment research. Most of these databases do not report key details such as the
pain scale employed, the type of pain recorded, or the number of subjects. In contrast, the
USF-MNPAD datasets provide more comprehensive documentation.

Table 5. Available infant/neonatal cry datasets used in pain assessment research, with key cohort and
annotation details. For each dataset, the table summarizes the source/publication (authors), dataset
name, infant age range, pain context/type (e.g., procedural/clinical), recorded modalities (face,
body, audio, vital signs), number of subjects, number of data used (size), and the pain assessment
scale/ground-truth labeling method used. The database field specifies either the dataset name or the
location where the study’s data were collected.

Modalities

Database Age Range Pain Type Subjects Size Pain Scale Ref.
Face Body Audio Vital Sign
USF-MNPAD-I GA 27-41 weeks Proc + Post Op. v v v v 45 4914 NIPS/N-PASS [58,80]
USF-MNPAD-II GA 27-41 weeks Proc. v v v v 75+ 7958 N-PASS [68,80]
Donate-A-Cry ~ 0-2yrs belly pain X X v X NR 457 NR [84]
Baby Chillanto ~ 0-6 mths NR X X v X NR 2268 NR [82]
DA-IICT 0-2yrs NR X X v X NR 251 NR [85]
NTUH 1-10 days NR X X v X 29 300 NIPS [47]

NR: Not Reported, GA: Gestational Age, Proc + Post Op.: Procedural + Post Operative pain, Proc.: Procedural pain,
NTUH: National Taiwan University Hospital Yunlin Branch.

5.5. Dataset Availability

Regarding accessibility, Baby Chillanto is described as a publicly available database,
and it has been used in multiple studies classification where pain is treated as one of several
outcome categories. Using the Baby Chillanto dataset, research has explored the use of
typical features used in audio signal analysis—chromagram, Log-Mel spectrogram, and
Mel frequency cepstral coefficients (MFCC) to determine whether deep learning models

https:/ /doi.org/10.3390/make8030076


https://doi.org/10.3390/make8030076

Mach. Learn. Knowl. Extr. 2026, 8, 76

24 of 31

can perform classification tasks [86]. The USF neonatal pain datasets (NPAD/USF-MNPAD
series) are collected under institutional review protocols, and while not as openly dis-
tributed as some public corpora, they are extensively used in publications on neonatal
pain assessment, including recent work that applies CNN-based models and few-shot
vision-language prompting for pain cry detection [68,80,81].

6. Challenges, Limitations, and Future Directions

Deep Learning models for pain assessment face challenges like limited and imbalanced
datasets, which can lead to overfitting and poor generalization across different populations.
Ethical concerns regarding data privacy and the interpretation of model predictions can
hinder widespread clinical adoption.

Data quality and quantity have a significant impact on the effectiveness of infant cry
classification for pain due to the inherent challenges in collecting and labeling infant cry
data. Data scarcity is a major challenge when training deep learning models, as DL demands
a large amount of data to achieve exceptional performance [43]. High-quality data is
essential because variations in recording conditions, such as background noise or recording
devices, can introduce inconsistencies, making it difficult to accurately classify infant cry
signal. A cry detection model trained on in-lab data underperforms when presented with
real-world data, highlighting the challenges posed by environmental variations [41]. The
limited quantity of available data exacerbates this issue, as infant cry recordings for pain, in
particular, are less common and harder to obtain, leading to an imbalance in the dataset [43].
This imbalance can cause the classification model to be biased toward the more prevalent
class, often resulting in inaccurate predictions [6,48]. The variability in cry sounds between
different infants, influenced by factors like age and health, adds another layer of complexity,
necessitating a large and diverse dataset to train a robust model [41]. Without sufficient
data, the model may struggle to generalize well to unseen examples, especially for edge
cases with atypical cries. Research has shown that infant cry classification models typically
offer low amounts of training data, which limits their effectiveness [87]. The subjective
nature of labeling cries as pain or no pain also introduces potential inaccuracies, as human
annotators may disagree, leading to noisy labels [88]. These limitations together make
it challenging to develop a reliable infant cry classification system that can differentiate
between cries of pain and no pain across diverse scenarios

6.1. Interpretability and Transparency

The lack of transparency and explainability of the deep learning models currently used
in healthcare, especially in classifying infant cries for pain, is a major drawback [89]. While
deep learning has demonstrated impressive accuracy in various audio tasks, the decision-
making process of these models remains opaque. This “black-box” nature makes it difficult
to understand how model arrive at a prediction, undermining their trustworthiness in
healthcare applications. In the case of audio data, such as infant cries, these models rely on
complex, high-dimensional patterns that are difficult to interpret, making the explanations
for model outputs less comprehensible to humans. Without clear transparency, medical
professionals may find it challenging to validate these systems in clinical settings.

Additionally, existing explainable Al (XAI) methods, developed for visual data, often
struggle to generalize effectively to audio models. Attribution-based methods, which focus
on highlighting salient pixels in an image, face several challenges. These include issues such
as inconsistent heatmap generation, reproducibility problems, sensitivity to perturbations,
and a lack of insight into the actual decision-making process [90]. Moreover, these methods
provide little to no information about the underlying audio patterns contributing to the
model’s predictions.
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6.2. Interpretability and Explainability

The field of Audio Explainability will benefit from future research that concentrates on
designing explainability techniques optimized for audio data and resolving the deficiencies
of current XAI methods:

Robust and Reproducible Attribution Methods: Future efforts should focus on de-
veloping robust attribution techniques that are reproducible across different datasets and
models. These methods should not only highlight relevant regions of the audio signal but
also ensure that the attributions are consistent across similar examples. Reproducibility is
crucial for establishing trust, particularly in high-stakes applications like healthcare.

Non-attribution Explanations in Audio: Future research in non-attribution explana-
tions for audio models should prioritize automated concept extraction, counterfactual
reasoning, and optimized prototype-based methods. Concept-based explanations can be
adapted for audio by automatically extracting relevant features (e.g., cry intensity, duration)
using techniques like ACE [91], minimizing annotation costs and human error. To enhance
counterfactual explanations, research should focus on improving perturbation quality,
ensuring meaningfulness and plausibility within medical contexts. Additionally, prototype-
based methods require optimization to efficiently manage large audio datasets and ensure
selected prototypes are unbiased by irrelevant noise. By addressing completeness, scalabil-
ity, and robustness, future research can develop effective non-attribution explanations for
audio models, enhancing interpretability and trustworthiness in healthcare applications
such as infant pain detection. Finally, future audio explainability research should inte-
grate clinical expertise, providing actionable insights into specific cry features indicative
of pain. The goal is to develop novel, domain-specific XAI techniques that deliver robust,
scalable, and clinically relevant explanations, ensuring Al’s safe and trustworthy adoption
in healthcare.

6.3. Integration with Multimodal Data

Model integration with multimodal data can enhance the accuracy and reliability of
pain classification by combining auditory signals with complementary data sources like
physiological, environmental, and visual inputs. This approach leverages the strengths
of different data modalities, providing a more holistic understanding of the infant’s con-
dition, which can help differentiate between subtle variations in cries that might indicate
pain or other needs. Advanced deep learning models that can handle multimodal inputs
offer the potential to process and integrate these diverse data streams in a simultaneous
manner. Future research could explore the synergy between audio signals and other sensor
data, refining classification models and improving real-time responsiveness. This direc-
tion promises to advance both clinical and at-home applications, offering better tools for
caregivers and healthcare professionals to assess and respond to infants” needs in a more
effective and safe manner [57,92,93].

6.4. Data Collection and Dataset Expansion

Data collection and dataset expansion are crucial future directions for improving the
accuracy of infant cry classification for distinguishing between cries of pain and no pain.
By gathering a larger and more diverse set of cry recordings, the model can be trained
on a broader range of acoustic variations, reducing bias and improving generalization
across different infants. Expanding the dataset to include cries from various environments
and conditions can also help the model become more robust in real-world applications.
Moreover, adding more labeled data, especially from less represented groups, can enhance
the model’s ability to detect subtle differences between pain and no-pain cries. In the end,
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these steps will contribute to creating a more reliable and sensitive tool for early diagnosis
and intervention [94].

7. Conclusions

The review examined deep learning approaches for pain assessment in infant cry
sounds, focusing on feature representations, model architectures, datasets, and evaluation
practices. The literature shows a clear progression from handcrafted acoustic features,
such as MFCCs and related time—frequency descriptors, to data-driven deep learning
models, with CNN-based architectures remaining the most widely used. Recent studies
have also begun exploring transformer-based methods and vision-language paradigms
using spectrogram representations. A key trend is the increasing value of multimodal
approaches, which combine cry audio with facial, physiological, or clinical information
to better capture the multidimensional nature of neonatal pain and improve robustness
beyond unimodal systems.

Despite these advances, major gaps remain. Existing datasets are often small, private,
and heterogeneous, with inconsistent labeling methods, variable pain scales, and limited
cross-dataset validation, all of which restrict reproducibility and generalizability. Future
work should prioritize larger and more diverse clinically grounded datasets, standardized
benchmarks, stronger external validation, and more interpretable models. Multimodal
learning, along with few-shot, transfer, and prompt-based methods, offers a practical
direction for addressing data scarcity and improving real-world performance. Overall,
infant cry-based pain assessment remains a promising non-invasive strategy, but its clinical
translation will depend on more rigorous validation, improved data quality, and systems
designed for reliable use in practice.
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