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Abstract. Infant cry analysis is a non-invasive biomedical acoustic signal
processing task that can support reliable neonatal monitoring. However,
reported high classification accuracy may be affected by dataset imbalance
and data leakage rather than true model generalization. This study
investigates the effect of leakage-free evaluation and hybrid acoustic feature
representation on infant cry classification under imbalanced data conditions.
A file-level partitioning protocol was applied before augmentation, feature
scaling, and model training to preserve independence between training and
testing data. Hybrid acoustic features, including Mel Frequency Cepstral
Coefficients (MFCC) statistics, root-mean-square (RMS) energy, zero-crossing
rate, pitch-related descriptors, and spectral features, were extracted from
eight infant cry categories. Four lightweight machine learning models were
evaluated using accuracy, Macro-F1, and balanced accuracy. Under leakage-
free evaluation, support vector machines (SVMs) achieved the most balanced
performance with 86.41% accuracy, 0.7376 Macro-F1, and 68.43% balanced
accuracy. In contrast, leaky evaluation inflated performance above 90% across
models. These findings indicate that reliable infant cry classification depends
on leakage-free evaluation, imbalance-aware metrics, and biomedical acoustic
feature integration rather than model complexity alone.
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1 Introduction

The cry classification of infants is a significant research
area in biomedical acoustic signal processing since
crying is an early non-invasive behavioral cue of the
infant’s needs and physiological discomfort. Cry signals
can offer complementary data that can be used for
neonatal monitoring, such as hunger, pain, fatigue,
thermal stress, fear, loneliness, or overall distress. Unlike
conventional physiological measures, cry analysis does
not necessitate direct contact with the body and thus can
become an extra layer of behavior sensing in smart
neonatal care systems, and even be used for continuous
monitoring [1].

Although there is potential for reliable classification
of infant cries, it continues to be a challenge. Cry signals
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are highly non-stationary and affected by the infant’s
physiological state, emotional state and recording
environment [2]. This means that there can be acoustic
similarities between different cry categories, which
makes the classification problem more complicated than
just labelling. Discriminative information is spread over
multiple acoustic dimensions such as spectral structure,
temporal irregularity, vocal intensity, pitch behavior and
harmonic content. Hence, one feature type may not be
enough to capture the entire structure of infant cry
signals [3].

The other major problem is methodological
reliability. High classification accuracy has been reported
in several studies, but this could be due to data imbalance,
inadequate evaluation control, or data leakage. Leakage
happens when two samples, which are acoustically
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similar or enhanced versions of the same sample, are in
both the training and testing sets. In this situation, the
model might learn the patterns of the recordings instead
of the cry patterns. Furthermore, the accuracy of the
overall performance may be misleading in imbalanced
data sets because good performance on the majority class
may mask poor performance on the minority classes.
Therefore, for a reliable performance assessment it is
crucial to have leakage-free evaluation and imbalance-
sensitive metrics like Macro-F1 and balanced accuracy [4].

To overcome these challenges, this study aims to
introduce a leakage-free infant cry classification
framework using a combination of hybrid biomedical
acoustic features and lightweight machine learning. To
ensure independence of the test set, the original
recordings are split at the file level prior to augmentation,
normalization and model training [5]. A hybrid of feature
representation is extracted to include complementary
spectral, temporal, energy-based and pitch-related
features of the cry signals. Then, four lightweight
machine learning models are tested under the same
experimental conditions with accuracy, Macro-F1 and
balanced accuracy [6].

What is most important in this study is that the
classification of infant cries is reliable and that the
consistency between acoustic representation, leakage-
free evaluation design, and model suitability are crucial.
This offers a more accurate foundation for the
incorporation of cry analysis into smart neonatal
monitoring systems.

2 Literature Review

Cry analysis of infants has become a biomedical acoustic
signal processing problem which seeks to extract
clinically relevant behavior from raw vocalizations.
Previous studies typically used a two-stage pipeline:
acoustic signal representation and classification using
machine learning. Mel-frequency cepstral coefficients
(MFCCs) are still popular handcrafted descriptors due to
their ability to give a compact and perceptually
meaningful representation of the spectral envelope of
infant cry signals. But infant crying is very non-
stationary and is not completely described by the spectral
envelope information [7]. Other cry characteristics that
can vary between distress cries and non-distress cries
include temporal instability, intensity of cries, pitch of
cries, harmonic structure, and frequency distribution [8].
Therefore, recent studies have turned to hybrid acoustic
representations, which include the MFCCs along with
root-mean-square (RMS) energy, zero-crossing rate,
pitch-related descriptors, spectral centroid, spectral
bandwidth, spectral contrast, chroma and Mel-
spectrogram statistics . This multi-domain representation
is necessary because the discriminative structure of infant
cry categories is not always determined by a single
acoustic cue, but is more often the result of the interaction
of complementary acoustic cues [9].

Infant cry classification has been a focus point of
machine learning. Structured acoustic descriptors have
been shown to be useful for classification, for example
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by classical models like support vector machine (SVM),
k-nearest neighbors (KNN), Random Forest or boosting
based classifiers, especially when data is limited. The
nonlinear decision boundaries of SVM are particularly
important, as they can model complex relationships in
high dimensional hybrid feature spaces [10]. Meanwhile,
deep learning methods such as convolutional neural
networks (CNNs), long short-term memory (LSTM),
CNN-LSTM, and spectrogram-based models have been
used to directly learn time-frequency patterns from the
transformed acoustic data. While these models can
enhance the representational ability, they strongly rely on
the size of the data set, class balance, recording conditions,
and evaluation protocol. Thus, complexity of the model
does not necessarily imply generalization between small,
imbalanced biomedical acoustic datasets [11].

One of the major drawbacks in literature is that high
accuracy could be due to methodological artifacts, not
necessarily to recognition ability. Leakage may happen if
augmented or acoustically correlated samples are used in
both the training and testing sets, which results in models
learning the patterns of the recording rather than the cry
characteristics. Moreover, the overall accuracy may be
deceiving in cases of severe class imbalance as good
performance on majority class can hide poor
performance on minority classes. Hence, to achieve
credible evaluation, it is essential to use leakage-free
partitioning, training-only augmented data, and
imbalance sensitive measures like Macro-F1 and
balanced accuracy [12].

In terms of systems, infant cry analysis is best utilized
as a non-contact behavioral sensing layer on smart
neonatal monitoring platforms. It should be used in
conjunction with the physiological and environmental
monitoring and not as a substitute for clinical
diagnosis [13].  Therefore, models  which are
interpretable and edge-deployable are of crucial
importance for practical applications in the neonatal
space, where the computational cost is low, the ability to
make local inferences is required, and the models must
be robust to real acoustic conditions [14]. This inspires
the current research, which focuses on leakage-free
evaluation, hybrid acoustic feature fusion and
lightweight machine learning for robust infant cry
classification.

3 Materials and Methods
3.1 Dataset Description and Preprocessing

The dataset for this study is comprised of 512 original
infant cries, divided into eight categories: 1) belly pain,
2) burping, 3) cold/hot, 4) discomfort, 5) hungry,
6) lonely, 7) scared, and 8) tired. The data set is very
skewed, with the hungry class being the majority. This
imbalance is due to the practical challenge of infant cry
classification and thus, evaluation metrics need to take
into account class-wise behavior [15]. The distribution of
the original recordings across the eight cry categories is
presented in Table 1.
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Table 1 Distribution of infant cry samples across
categories.

Class Label Number of Files Percentage (%)
Belly Pain 16 3.13%
Burping 18 3.52%
Cold/Hot 7 1.37%
Discomfort 30 5.86%
Hungry 382 74.61%
Lonely 11 2.15%
Scared 20 3.91%
Tired 28 5.47%
Total 512 100%

3.2 Acoustic Feature Extraction

The feature extraction was designed to be a multi domain
representation of the audio, not just a Mel Frequency
Cepstral Coefficients (MFCC). The spectral envelope
was measured in MFCC statistics, the RMS energy was
used for vocal intensity and respiratory effort, the zero-
crossing rate (ZCR) was used for irregularity of the vocal
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excitation, and pitch-related descriptors for laryngeal
tension and vocal stability. Other features, such as
chroma, spectral contrast, spectral centroid, spectral
bandwidth and Mel-spectrogram statistics, were related
to  harmonic  structure and  frequency-energy
distribution [16]. This hybrid representation combines
complementary spectral, temporal, energy-based and
pitch related information to minimize the confusion of
acoustically identical cry classes. The audio recordings
were resampled to 22,050 Hz and cut to a maximum
length of 5 s. For each recording, 13 MFCC coefficients
were extracted, and the mean and standard deviation of
each coefficient were calculated. Chroma and spectral
contrast were computed with the Librosa default
parameters and presented as average values. The
temporal averages of the spectral centroid, spectral
bandwidth, zero crossing rate and RMS energy were
used. Global mean and standard deviation were
calculated for mel-spectrograms obtained from 64 Mel
frequency bands, and added as additional acoustic
descriptors. The Librosa Python library was used for all
the procedures for feature extraction. The extracted
acoustic features and their interpretations are summarized
in Table 2. Representative acoustic representations of an
infant cry signal, including the waveform, Mel-
spectrogram, and MFCCs, are shown in Fig. 1.

Table 2 Extracted acoustic features and their physiological interpretation.

Feature

Category Feature Name Description Physiological Interpretation
Spectral MECC (Mean, Std) Compact representation of Captures vocal t_ract characteristics and
spectral envelope overall acoustic structure of the cry
Temporal Zero-Crossing Rate Rate of sign changes in the Reflects excitation irregularity and
P (ZCR) signal instability in vocal fold vibration
Energy-based RMS Energy Roqt Mean Sq_uare of Indlcatd_as resplrator)_/ effort_and vocal
signal amplitude intensity during crying
Fundamental . Represents laryngeal tension and
. : Average pitch over the ) . : )
Pitch-related Frequency (Pitch emotional intensity (e.g., pain vs.
segment .
Mean) discomfort)

Pitch-related Pitch Variability

Spectral Spectral Centroid
Spectral Spectral Bandwidth
Spectral Spectral Contrast
Harmonic Chroma Features
Speoral Mok specogar
(Eg’rgg?r';) AMFCC (Delta)
(Egrzgg“r';) AMFCC (Delta-Delta)
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Variation of pitch across
time

Center of mass of the
spectrum

Spread of frequencies
around the centroid

Difference between
spectral peaks and valleys

Distribution of energy
across pitch classes

Time—frequency energy
representation

First-order derivative of
MFCC

Second-order derivative of
MFCC
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Indicates instability or modulation in
vocal production

Reflects perceived brightness or
sharpness of the cry

Indicates distribution of acoustic energy
across frequencies

Captures harmonic structure and
resonance differences

Represents harmonic content and tonal
structure of vocalization

Encodes global acoustic patterns and
temporal evolution of cry signals

Captures temporal transitions in spectral
structure

Models acceleration and dynamic
variation in cry patterns
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(a) Waveform
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Fig. 1 Acoustic representations of infant cry signals:
(a) waveform, (b) Mel-spectrogram, (¢) MFCC.

3.3 Evaluation Protocol and Model
Comparison

The four lightweight classifiers were tested under the
same preprocessing and feature environment:
radial basis function (RBF)-SVM, Random Forest,
Gradient Boosting and multilayer perceptron (MLP). For
severe imbalance, three metrics were used to assess
performance: accuracy, Macro-F1, and balanced
accuracy. The same models were also tested using a leaky
protocol to investigate methodological sensitivity. These
results were only used as a comparative measure of
performance inflation and were not considered to be valid
deployment performance [17]. The leakage-free
evaluation workflow is illustrated in Fig. 2. The classifier
hyperparameters are summarized in Table 3.

Raw audio files

i=| File-levelstratified
@*.( :] split
Training subset ﬁ Testing subset
+ ¢
Training-only No augmentation
augmentation
! ‘
A Feature AL Feature
extraction extraction
o +
: ,' Fit scaler on II Transform using
L | training data l_‘ training-fitted scaler
| Model Model
| training evaluation
! @

Train Set Test Set

» Accuracy, Macro-F1,
» Balanced Accuracy
v Confusion Matrix

Fig. 2 Leakage-free evaluation pipeline.
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Table 3 Hyperparameter Settings of the Evaluated
Classifiers.

Model Hyperparameter Settings

SVM _ _ -

(RBF) Kernel = RBF, C = 5, Gamma = scale
Random Number of trees = 250,

Forest Max depth = None (unrestricted),

Random state = 42

Gradient Number of estimators = 200,
Boosting  Learning rate = 0.1, Random state = 42

Hidden layers = (256, 128),
Dropout = (0.35, 0.25),
Optimizer = Adam,
MLP Loss = Categorical Cross-Entropy,
Batch size = 16, Epochs = 100,
Early Stopping (patience = 10,
restore_best_weights = True)

The hyperparameter settings listed in Table 3 were
fixed throughout all experiments to ensure fair
comparison among the evaluated classifiers. The
experiments were done in Python with the following
libraries: Scikit-learn, TensorFlow (Keras), Librosa,
NumPy, Pandas, Matplotlib and Seaborn.

4 Results and Discussion

4.1 Data Characteristics and Evaluation
Conditions

The dataset also bears a high level of imbalance in the
classes, as hungry takes an overbearing size in the sample
space. Such an imbalance directly affects the behavior of
the classifier since models do not need to be overly
accurate in order to obtain relatively high overall
accuracy by promoting majority categories. This is why
the results that are being reported are mostly interpreted
using Macro-F1 and Balanced Accuracy as opposed to
accuracy [18]. In order to reduce the class imbalance, the
data augmentation was performed only on the training
subset following the file-level partitioning. One of the
following augmentation methods was applied to each of
the songs randomly: additive Gaussian noise, time
stretching (0.75-0.95x or 1.05-1.25%), pitch shifting
(-3 to —1 or +1 to +3 semitones), or no transformation.
The number of training samples per class for minority
classes was increased to 180 and the testing set was not
augmented. The class-wise distribution of the training
and testing sets is presented in Table 4.

4.2 Leakage-Free Performance

The leakage-free protocol yielded the most balanced
performance for SVM with accuracy of 86.41%,
Macro-F1 of 0.7376 and balanced accuracy of 68.43%.
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Table 4 Dataset distribution under the leakage-free protocol.
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Cry Original Training Files Training Samples Testing
Category Files (Before Augmentation)  (After Augmentation) Files
Belly Pain 16 13 180 3

Burping 18 14 180 4
Cold—Hot 7 6 180 1
Discomfort 30 24 180 6
Hungry 382 305 305 77
Lonely 11 9 180 2
Scared 20 16 180 4
Tired 28 22 180
Total 512 409 1565 103

Table 5 Model performance under leakage-free
evaluation.

Accuracy  Macro- Balanced
Model (%) F1 Accuracy
(%)
SVM
(RBF) 86.41 0.7376 68.43
Random 86.41  0.7068 65.46
Forest
MLP 81.55 0.6289 65.69
Cradient ¢/ 47 05649 53.68
Boosting

Random Forest had the same accuracy, but lower Macro-
F1 and balanced accuracy scores mean that it is less
sensitive to the minority classes. The performance of the
evaluated classifiers is summarized in Table 5. The
results of MLP and Gradient Boosting indicated a lower
class-balanced reliability, thus illustrating that overall
accuracy can overestimate the model’s performance in
the extreme case of class imbalance. Overall, SVM
provided the best trade-off between accuracy and class-
wise robustness.

4.3 Effect of Data Leakage

All models exhibited significant overperformance when
using the leaky protocol. The results showed that MLP
obtained the highest accuracy of 94.83%, with the
Macro-F1 and balanced accuracy of 0.9483 and 95.02%,
respectively, while SVM gave the accuracy of 91.79%
and the balanced accuracy of 92.10%. This improvement
was observed across models, and was primarily due to
the evaluation protocol, and not to the model architecture.
The results show that data leakage can greatly
overestimate  the  reliability —of classification,
and leakage-free evaluation is a prerequisite for
meaningful biomedical acoustic evaluation. The model-
wise performance comparison is shown in Fig. 3. The
effect of data leakage on classification performance is
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illustrated in Fig. 4. The detailed results under the leaky
evaluation protocol are reported in Table 6.

W Accuracy

3

Score (%)
8

forest so0si"®

R8F)
sl Rando™ Gdnﬂ\‘

Fig. 3 Model performance comparison.

sorest

mando™

Model

Fig. 4 Effect of data leakage on performance.

Table 6 Model performance under leaky evaluation.

Balanced
Model Accuracy (%) Macro-F1  Accuracy
(%)
SVM
(RBF) 91.79 0.9184 92.10
Random 90.27 0.9013 89.44
Forest
MLP 94.83 0.9483 95.02
Gradient 89.67 0.8930 88.93
Boosting
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4.4 Structure and Confusion Patterns
of Errors

The analysis of confusion matrix also explains the
behavior of models. The leakage-free SVM results depict
high diagonal concentration of dominant classes, which
are an indication that the model represents the major
structure of the dataset. Nonetheless, there are still
systematic cases of misclassification between
acoustically similar classes, especially between classes
which have overlapping energy and pitch properties.

The misclassification errors are not arbitrary and
mean something underlying in the feature space. As an
illustration, the similarity between the forms of
discomfort and tiredness can be explained by their
comparable RMS distribution and limited differences in
pitch variation, whereas the overlap between the scared
and pain-related conditions can be the excessively high
pitch in both cases.

Unlike SVM, this model is not as separable with
respect to classes, which are represented by the higher the
off-diagonal values of the model. This demonstrates the
significance of nonlinear separation processes in the
determination of the finer acoustic variations. The
confusion matrices of the SVM and Gradient Boosting
models are presented in Figs. 5 and 6, respectively.

4.5 Multidimensional Feature Space Analysis

To facilitate qualitative interpretation of the
multidimensional acoustic  feature representation,
selected combinations of representative acoustic

descriptors (e.g., RMS energy, zero-crossing rate, and
pitch-related  features) were visualized.  These
visualizations provide an intuitive representation of the
feature distribution rather than a formal dimensionality
reduction technique such as such as principal component
analysis (PCA), t-distributed stochastic neighbor
embedding (t-SNE), or uniform manifold approximation
and projection (UMAP).

When individual features are viewed separately, it is
demonstrated in the visualization that they do not offer
clear separation. Rather, the class clusters are just found
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space. Intersection between clusters is a positive
indication that the classification problem is inherently
nonlinear. This fact is the direct cause of the high
performance of SVM with an RBF kernel which can
capture smooth surfaces with the underlying geometry of
the feature space. Conversely, simple partitioning
strategies are not effective in models that use the
simplistic strategies. The pairwise distributions of the
selected acoustic features are illustrated in Fig. 7.
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Fig. 5 Confusion matrix of the SVM model.

GradientBoost Confusion Matrix (TEST)

belly_pain - 0 "] 0 0 3 "] "] 0 70
burping - 0 2 [ [ 2 o o 0 60
cold_hot - 0 0 0 1 0 o o 0 50

discomfort - 0 o o] 3 3 0 0 o]
40

hungry -

Actual
o
°
o
~N
C
o
o
-

lonely - 0 o 0 0 0 2 0 0
-20
scared - 0 0 0 0 0 o a 0
-10
tired - 0 0 0 0 4

o
- °
N

hungry
lonely -

scared
tired -

burping -
cold_hot -

£
2
E
s
]
5

'
Predicted

belly_pain -

Fig. 6 Confusion matrix of the Gradient Boosting

when features are studied together in a multidimensional model.
. 700 4 . 700 .
0.141
650 650
0.13 .
600 - 600 -
) 012 ?g. n ® 1‘_'%- o ) Cry Categow
9 2 K] @ Burping
011 5 £ @ Lonely
= 500 1 o & 500 @ @ Scared
o o @ Discomfort
o ® [ ] ® ® @ Hungry
450 450
° @ Cold-Hot
0.097 o [} e, O Tired
® 400 ® Q@ w g © @ Belly Pain

0.15

0.16

017
RMS

0.18

0.19

0.20

0.17
RMS

0.18
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4.6 Interpretation of Cry Classification
As a Feature

The classification behaviour observed indicates that the
recognition of infant crying is more related to the
interaction of a multitude of acoustic features than to the
complexity of the model. The RMS energy represents the
intensity of the voice and the effort used to produce it, the
ZCR measures the irregularity of the voice’s excitation,
and the pitch-related descriptors show the tension and
stability of the voice. Variations in pitch, temporal
irregularity and energy thus combine to produce
differences between the cry categories, not just one of
these. The results are consistent with the use of hybrid
acoustic feature integration to be a more reliable
representation of distinguishing overlapping infant cry
patterns. Class-wise acoustic feature characteristics are
summarized in Table 7.
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4.7 Integration into Smart Neonatal
Monitoring Systems

For easier implementation, the proposed classification
system can be embedded in a smart neonatal monitoring
system as illustrated in Fig. 8. The system integrates
environmental sensors, physiological sensors and an
acoustic sensing unit based on the microphone. The
features extracted and processed on the edge device
(Raspberry Pi) are then fed into the SVM model for real
time inference. The summarized outputs can then be sent
remotely via an IEEE 802.11ac wireless network for
scalable  multi-incubator ~ monitoring  [19].  This
architecture is not designed to use cry classification as a
diagnostic tool, but rather as a behavioral inference layer,
working in conjunction with physiological and
environmental monitoring, and to help raise the alert of
the caregiver [20].

Data and
Alerts

Vital Status Monitoring

(<

Cry Analysis (Hunger, Pain,
Discomfort)

loT Cloud Platform

@ Real-time Alerts & Reports

Al Processing & Cry Classification

Cry Classification
Output

= rain
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@ Real-Time Monitoring

Oxygen ’ Sound
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@ Baby Status
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Fig. 8 loT-based neonatal monitoring architecture.

Table 7 Acoustic feature characteristics across cry categories.

Cry RMS ZCR Pitch Mean Va';';;?" ty Dominant Prgg:gl\?i%':;l /
Category (After) (After) (H2) (H2) Acoustic Profile Interpretation
H'%?rggﬁlrg%j[;'gh Explosive airflow bursts
Burping 0201178 0.145341 562.609645 164.036446  moderately high W'tzn”er;;tsf’éi;)t‘;t'itggon;
pitch, Vvery high dominated vocalization
variability
irF:eelztI;\ﬁtly Ilcc))vvxc_ Sustained and stable
. g Y, X phonation with limited
Loneliness  0.178320 0.091464 402.334851  54.401323  to-moderate pitch, - L
verv low emotional escalation;
"y 1o\ low-activation cry
variability
J of Biomedical Photonics & Eng 12(3) 2026 030305-7 30 Sep 2026 © J-BPE



H.A. Khudair et al.: Leakage-Free Biomedical Acoustic Signal Classification of... doi:

Table 7 (Cont.)

10.18287/JBPE26.12.030305

Emotionally aroused and

High irregularity, unstable vocal excitation;

Scared 0.175196 0.128498 694.229246  125.675044 \r/]tiar}/] Cg?agli';(i:th, fear-related high-arousal
g y cry
Relatively high . .
energy mg der%\te Sustained physical
irre ,ularit irritation with controlled
Discomfort 0.169246 0.097998 420.154448 116.828038 mo de?ate i}c/c:h but effortful phonation;
mo derapte ' energy-dominant
variability discomfort cry
Mod;rc)aléir(;r;srgy, Rhythmic and repetitive
irreqularit distress signaling with
Hungry 0.166051 0.102475 499.155349 143.861676 g Y, balanced
moderately high ltidi ional
pitch, high multidimensiona
variability activation
Intermittent and
Low irregularity, relatively weak vocal
Cold-Hot  0.156627 0.084085 395.957094  82.902765 low pitch, low effort with limited
variability activation; low-energy
cry
Iobv?;lg-enr]]gtrj?r/éte Reduced respiratory
Tired 0151715 0102363 413.109759  89.635140 irregularity, low- S“"gfgﬂ:‘;ﬂ gtrin'gshed
to-moderate pitch, domin:alte d %r
low variability y
Low-to-moderate ined 1 |
energy, moderate Sust_alne laryngea
irregiularity tension with limited
Belly Pain  0.144520 0.096835 475233171 84.366574  moderate-to-high  medulation; pain-related
itch low cry dommated by_
\E)ariatsility controlled pitch tension
5 Key Insight of greater generalization but less experiment

The findings indicate that infant cry classification
depends on feature interaction, leakage-free evaluation,
and model suitability rather than model selection alone
for reliable biomedical monitoring.

6 Conclusion

This paper has looked at infant cry classification in
terms of methodological reliability as opposed to raw
benchmarks performance. The findings reveal that the
effect of acoustic representation, imbalance among
classes, and testing procedures are leading to highly
influential classification results. In a leakage free
environment, SVM performed best in terms of balanced
performance relative to the tested models, whereas,
Random Forest performed equally well in terms of
accuracy but not in terms of reliability by class. Limited
data were more sensitive to neural performance than to
Gradient Boosting, and the balanced behavior of leaky
evaluation was the poorest. Increased performance of
over 90 percent, in leaky conditions, was not a measure
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independence. This shows that the effectiveness of
evaluation design can overshadow the seemingly
successful models. As an applied contribution, the
results endorse lightweight, interpretable acoustic
model usage as a part of smart neonatal monitoring
systems. Nevertheless, they too indicate that cry-only
inference is constrained in extreme imbalance and
acoustic overlap. It should then be a focus of future
development to use a more diverse data, more subject-
independent evaluation, and multimodal integration
with physiological sensing in order to implement it in
intelligent neonatal care settings.

7 Limitations and Future Work

7.1 Limitations

The interpretation of the current findings has a number
of limitations. To begin with, the dataset is extremely
skewed, and augmentation is not able to replace
authentic acoustic diversity in minority classes. Second,
the feature representation can be considered statistical
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and potentially underrepresents longer temporal
dependencies in the sequence of cry. Third, the
experiments were done on rather controlled recordings
but in the actual incubator settings there is a lot of
acoustic interference. Fourth, it could not ensure strict
subject-level independence in spite of leakage being
managed at the file level. Lastly, the research was
narrowed down to the classification of cry only, and is
not yet multimodal in terms of physiological context.
No formal statistical significance testing (such as
McNemar’s test or bootstrap confidence intervals) was
conducted to compare the classifiers evaluated under
the leakage-free evaluation protocol, although the SVM
classifier yielded the highest Macro-F1 score and
balanced accuracy. So, the results of the observed
performance differences should be taken as an empirical
difference and not statistically significant. Future work
will consider the use of formal statistical hypothesis
testing for providing more evidence in favor of model
comparison.

doi: 10.18287/JBPE26.12.030305

7.2 Future Work

In the future all the research must emphasize data-centric
enhancement of a system rather than architectural
magnification. Balanced and more diverse data sets
should be sought especially on underrepresented
distresses.  Where  possible,  subject-independent
partitioning must be imposed. Statistical frameworks
with time-frequency representations can be more
effective at capturing global and dynamic structure in a
hybrid way. Fusion with physiological measurements,
including temperature, SpO, and heart rate, is of
particular interest to Multimodal fusion as it allows to
reduce the similarity of acoustically similar conditions
when deploying the smart incubator. Moreover, lighter
edge-conscious executions are also to be considered in
order to enable real-time inference of embedded neonatal
applications.
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