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Chapter 1
INTRODUCTION

1.1 Motivation

Infant crying is one of the earliest forms of non-verbal communication used by infants to com-

municate their physical and emotional conditions such as hunger, distress, pain, and stress.
Caregivers and healthcare providers often use cry sounds to make judgments about the physio-
logical state of the infant and provide necessary attention. Hence, ﬁoper analysis of cries could
help in diagnosing the conditions at an early stage especially in neonatal intensive care units
(NICU) and home care settings.

Traditional infant cry signal classification methodologies mainly utilized handcrafted acous-
tic features such as MFCC and LPC along with machine learning (ML) classifiers like SVM and
RF. While these approaches yielded some success, they were not robust enough to cope with
noise and variations in signals, and handcrafted acoustic features may not be able to capture all
complexities of infant cry sounds.

Recently, there have been significant improvements in audio classification using DL tech-
niques. The use of CNNs, RNNs, LSTMs, and GRUs indicates that these models are capable
of efficiently learning the temporal and spectral features present in audio signals. In addition,
oversampling techniques such as SMEE, ADASYN, Borderline-SMOTE, and RMO-DA have
proven to be an effective means of addressing the problem of class imbalance in infant cry
datasets. This has prompted further investigation into the impact of the combination of DL

techniques and class balancing on infant cry classification accuracy.

1.2 Problem Statement

While there have been significant advancements in the area of infant cry classification, some
issues still persist. For instance, the current databases for infants’ cries are generally small,
highly imbalanced, and recorded in an uncontrolled environment where noise is inevitable.
Minor classes such as burping and belly pain are also neglected, causing bias in the models
towards majority classes, such as hungry or crying. Previous researches have mainly focused

on single DL algorithms or used different preprocessing pipelines, augmentation strategies,




and evaluation setup, making fair comparison difficult. Standard ML algorithms have shown
poor results in terms of generalizability under noisy environments, mostly because of their
dependence on hand-crafted features. While oversampling methods like SMOTE and ADASYN
have been recommended to address the issue of imbalanced classes, there has been little work
done to compare different oversampling techniques in the context of DL models within the same
experimental setup.

There is a clear necessity for developing a standardized process for assessing CNN, RNN,
LSTM, and GRU models based on consistent preprocessing, data augmentation, feature extrac-

tion, and oversampling techniques to determine the best way forward for cry classification.

1.3 Overview of the Proposed Work

The research implements a comparative analysis of four deep learning approaches that perform
the task of detecting and classifying the sounds made by babies. The proposed methodol-
ogy consists of preprocessing, feature extraction, data augmentation, oversampling, and mgdel
evaluation in an equal experimental setting to ensure a fair comparison among the models. The
dataset used in this study includes different kinds of baby cries, namely hunger cry, burping cry,
abdominal pain cry, distress cry, crying, laughing, noise, and silence. The preprocessing stage
includes normalization, silence trimming, mono conversion, and resampling of raw audio. Fur-
ther, several salient audio feawes are extracted from spectrogram representations of the input
data. These include MFCC (Mel-frequency cepstral coefficients), ZCR (Zero Crossing Rate),
RMS (Root Mean Square), and chroma features.

Data augmentation techniques used in this study include adding noise, pitch shifting, time
stretching, time shifting, and Spec Augment. Five oversampling techniques, which include Ran-
dom Oversampling, SMOTE, Borderline-SMOTE, ADASYN, and RMO-DA, are implemented
to solve class imbalance problem. Finally, CNN, RNN, LSTM, and GRU models ﬁ devel-
oped using five-fold cross-validation technique. Various performance metrics like accuracy,
precision, recall, Fl-score, and confusion matrix are used to evaluate the performance of the

models.

1.4 Objectives of the Study

The following are the main purposes of this research work:

1. To improve automatic classification of infant cries using deep learning (DL).




. To apply different DL algorithms such as CNN, RNN, LSTM, and GRU to develop infant

cry detection models.

. The study aims to evaluate the effects of using various oversampling approaches such
as Random Oversampling, SMOTE, Borderline-SMOTE, ADASYN, and RMO-DA on
balancing classes.

. Performance evaluation will be done based on accuracy, precision, recall, and Fl-score.

. Improve the minority class effectiveness and increase overall accuracy rates in infant cry

classifiers.

. To give insights into the relationship between DL architectures and imbalance control

plan for robust infant cry detection




Chapter 2
RELATED WORK

10
From the peraectiv&: of algorithms used in the classification of baby crying sounds, the de-

velopment is from classical machine learning algorithms to modern deep learning algorithms.
While the former focused mainly on handcrafted acoustic feature engineering along with clas-
sical classification, the latter focuses on deep learning and its variants such as attention-based,
oversampling, and transformer methods. Although substantial advancements have been made
in this field, there are still open issues such as class imbalance, noisy signals, small datasets,
and lack of a unified pipeline for evaluation. This chapter discusses the existing literature on

infant cry classification, deep learning models, and data augmentation techniques.

2.1 Traditional Machine Learning Approaches

Studies conducted in an attempt to classify baby cr‘at; using traditional machine learning meth-
ods were primarily focused on approaches such as Support Vector Machine (SVM), K-Nearest
Neighbor (KNN), and Random Forest (RF). Traditional machinaarning was mainly dependent
on the manually extracted features of acoustic parameters like Mel-Frequency Cepstral Coeffi-
cients (MFCC) and Linear Predictive Coding (LPC). Manual feature extraction was intended to
study the underlying spectral and temporal properties of the cry signal.

While these approaches achieved reasonable accuracy, they had some limitations. The hand-
crafted features often lacked the ability to incorporate the temporal-spectral information of in-
fant cry signals. Additionally, the conventional classifiers showed limited robustness in situa-

tions where there is noise and variability in the signals.

2.2 Deep Learning Based Infant Cry Classification

In recent times, there have been several developments in the field of deep learning approaches,
which led to marked improvement in the area of classification of infant cries. Convo-
lutional neural networks, recurrent neural networks, LSTM (Long Short-Term Memory), and
GRU (Gated Recurrent Unit) networks can be considered powerful when it comes to discern-

ing audio-based patterns. CNN based architectures have been shown excellent performance in




extracting local spectral interpretations of spectrograms, while sequential models such as RNN,
LSTM, and GRU efficiently model temporal dependencies in cry signals. Comparative stud-
ies indicate that CNN generally achieves higher total classification accuracy, whereas sequen-
tial architectures enhance recall for minority classes due to their temporal learning capability.
A number of researchers have proposed hybrid DL frameworks for improving classification
performance. Maghfira et al. [1] presented CNN-RNN hybrid architectures for joint spectral
temporal modelling. Ozseven [2] joint handcrafted acoustic features with DNN (Deep Neu-
ral Networks) and demonstrable progress in infant cry recognition tasks. Likewise, Alam and
Mamun [3] proposed CNN+DNN hybrid frameworks with improved augmentation and feature
extraction strategies, achieving state-of-the-art achievement.

Moreover, self supervised and transfer learning approaches have also been explored. Gorin
etal. [4] used self supervised learning to leverage unlabeled infant cry datasets, while Anjali et
al. [5] examined the transfer learning approach using pre-trained models for infant cry classifi-

cation.

2.3 Transformer-Based and Attention-Based Models

The current research trend has focused on using transformer-like models for studying infant
cries, which take into consideration larger time-dependent factors when compared to classical
recurrent neural networks.

In addition, transformer models similar to CryFormer and spectrogram fusion attention net-
work have shown great robustness even under noisy recording. Transformer models outperform

classical sequential models in multiple audio classification tasks.

2.4 Data Augmentation Techniques

The application of data augmentation has become an essential method in improving the ro-

bustness and generalization ability of infant cry classifiers. The fact that infant cry databases
usually have limited samples means that data augmentation is used to add variability to the data.

Commonly used augmentation techniques include:
» Noise injection
* Pitch shifting

* Time stretching




* Time shifting
e Gain variation

* SpecAugment

Ko et al. [8] showed the effectiveness of audio augmentation techniques in speech recogni-
tion tasks, whereas Park et al. [9] introduced SpecAugment for improving robustness through
time frequency masking. Generative augmentation techniques additionally had just been ex-
plored to create more realistic synthetic cry samples. Meephiw and Leesutthipornchai [10]
working MFCC based feature selection strategies in order to improve class separation, whereas
Firas et al. [11] integrated LPC and MFCC features about DL models to enhance recognition

performance.

2.5 Oversampling and Class Imbalance Handling

Class imbalance remains among the most significant challenges in infant cry classification. Un-
derrepresented groups such as burping and belly pain often contain very few samples, causing
models to transform into biased toward majority classes such as hungry or crying. In the interest
of this issue, several oversampling techniques have been proposed. SMOTE [2] creates syn-
thetic minority samples using interpolation between neighboring instances. Borderline SMOTE
concentrates on generating samples near decision boundaries, whilst ADASYN adaptively cre-
ates synthetic data for harder to learn minority samples. Random Oversampling furthermore
its extension RMO DA have also shown promising results in enhancing minority class recall.
Lee et al. [13] demonstrated that SMOTE based balancing greatly increases DL performance
in speech related audio tasks. A recent survey suggests that combining imbalance aware over-
sampling with attention based architectures boosts robustness and minority class recognition

performance [ 14, 15].

2.6 Research Gaps Identified from Literature

Despite considerable advancements in the field of baby crying classifications, some issues still
need to be studied further. Current literature focuses more on architecture-based research with-
out comparing CNN, RNN, LSTM, and GRU under equal pre-processing conditions. Further-
more, many studies utilize different datasets, feature extraction techniques, augmentation meth-

ods, and test scenarios, making fair comparison difficult. A more big limitation is the lack of




systematic evaluation of multiple oversampling techniques with DL architectures. Even though
augmentation and balancing methods have improved minority class recognition, one can still
find limited understanding of how different balancing strategies affect various DL models. Be-
sides, most datasets remain small, noisy, and highly imbalanced, reducing the generalizability
and clinical applicability of existing rules. Transformer based and attention driven approaches
have proved promising results, but their integration with imbalance aware frameworks remains
inadequately discussed. Thus, this research aims to address these gaps by systematically evalu-
ating CNN, RNN, LSTM, and GRU models comprising several over%lpling techniques under

a standardized preprocessing, augmentation, and evaluation pipeline in Table 2.1.

Table 2.1: Comparison of Existing Infant Cry Classification Techniques

Author Method Features Used Maodel Balancing  Tech- | Key Findings
nique
Maghfira et al. Hybrid DL MFCC CNN-RNN None Improved  temporal-
spectral learning
Ozseven DNN + Hand- | LPC, MFCC DNN None Better feature repre-
crafied Features sentation
Alam and Ma- | CNN+DNN Hy- | MFCC + Augmen- | CNN+DNN Data Augmentation High classification ac-
mun brid tation curacy
Gorin et al. Self-supervised Spectrogram S5L Model None Utilized unlabeled
Leaming data effectively
Lee et al. Audio Classifica- | MFCC Deep Learning Mod- | SMOTE Improved  minority-
tion els class recall
Hasasneh et al. Vision Trans- | Spectrogram wiT Attention  Mecha- | Improved explainabil-
former nism ity and robustness
Proposed Work Comparative MFCC, ZCR. | CNN/RNN/ SMOTE. ADASYN, | Fair comparison of
Study RMS. Chroma LSTM/GRU Borderline- deep learning  and
SMOTE., RMO-DA balancing techniques




Chapter 3
METHODOLOGY

The proposed methodology is the purpose of developing a robust infant cry classification frame-
work using DL architectures and imbalance handling techniques. The process flow incorpo-
rates dataset collection, preprocessing, feature extraction, data augmentation, oversampling, DL
model training, and performance measurement. Initially, raw infant cry recordings are filtered
using normalization, silence trimming, mono conversion, and resampling techniques. Spectral
and temporal auditory properties such as MFCC, ZCR, RMS, and Chroma are then extracted
from the enhanced signals.

For making the system more robust and to balance out the classes, various methods for aug-
mentation and oversampling are used, such as noise addition, pitch shift, time stretch, time shift,
SpecAugment, SMOTE, ADASYN, Borderline-SMOTE, random oversampling, and RMO-DA.
The final step includes training and evaluation of the CNN, RNN, LSTM, and GRU models us-
ing five-fold cross-validation. Figure 3.1 shows the entire flowchart of the proposed infant cry

classification system.
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Figure 3.1: Proposed method for identifying baby cries




3.1 Dataset

The data set used in this study has been collected from two open Kaggle data sets: Donate a Cry
Corpus [16] and Infant Cry Sounds data set [17]. In both of these data sets, infant cry sounds
are recorded which are affected by various physical and environmental parameters.

The consolidated dataset consists of 873 audio samples distributed across eight different
classes, specifically: hungry (383), burping (9), belly_pain (17), discomfort (28), cry (109),
laugh (109), noise (109), and silence (109). There is significant class imbalance in this dataset,
where some classes, for instance burping and belly_pain, have far fewer entries compared to the
majority classes like hungry.

The sound recordings were all recorded in .wav format and vary in terms of recording en-
vironment, noise, and intensity of crying. This makes the problem of classifying infant cries
difficult in practice.

Figure 3.2 shows the distribution of data classes before applying augmentation or over-
sampling techniques. From the figure, we can see the imbalance among the classes, hence the

need to balance the classes is imperative.
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Figure 3.2: Class distribution of the infant cry dataset prior to SMOTE




3.2 Audio Preprocessing

Firstly, the audio dataset was preprocessed by standardization and mono channelization of the
audio samples. Then, the audio samples were resampled at a rate of 16kHz. The silence trim-
ming technique was applied to eliminate any silent parts in the audio samples.

After this, the audio samples were split into frames of 25ms, and the spectrogram of each

frame was generated using STFT method and a window size of 512 FFT points.

3.3 Feature Extraction

Acoustic feature extraction is vital in order to represent the unique acoustic properties of baby
crying sound signals. These acoustic features have been extracted from the spectrogram images
which have been computed using the Python Librosa package.

The audio features that were extracted include: MFCC, ZCR, RMS, and Chroma Features.
These are some of the key features that are needed to differentiate between different types of

baby cries.

3.4 Data Augmentation

Data augmentation methods were used in order to improve the accuracy of the infant cry clas-

sification model. As there was a limited amount of balanced data available for infant cries, data
augmentation became essential in order to avoid overfitting.

Librosa is a Python library used in this experiment due to its ability to perform numerous
transformations on audio signals. The list of augmentation procedures used in this experiment

is provided below:

1. Noise Injection: Random Gaussian noise was introduced into the audio signal to mimic

environmental effects and improve noise resistance.

2. Pitch Shifting: The pitch of the synthesized audio baby cry was changed without chang-

ing its duration.

3. Time Stretching: The tempo of the audio signal was varied without altering its pitch to

achieve greater temporal variability.

4. Time Shifting: The time shift operation was applied to the waveform to simulate different

timing in recordings.
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5. Gain Variation: The amplitude of the audio signal was raised or lowered to simulate

intensity variations in recordings.

6. SpecAugment: Time masking and frequency masking were imposed directly to spectro-

gram representations in order to be more robust against spectral variations.

The aforementioned augmentation strategies increase the ability of the model to generalize
under different recording environments and also benefit the minority classes. Figures 3.3, 3.4,

3.5, 3.6, and 3.7 provide example data using the above-mentioned augmentation

Audio Waveform After Noise Injection
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Figure 3.3: noise injection to audio of infant cries
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Figure 3.4: Pitch shift augmentation
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Figure 3.5: Time shift augmentation
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Figure 3.6: Augmentation through time stretching
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Figure 3.7: SpecAugment with time and frequency masking

3.5 Class Balancing Techniques

Class imbalance is among major challenges in infant cry classification, as certain cry categories

hold significantly fewer samples compared to majority classes. The imbalance leads to deep

learning being biased towards the majority class, hence reducing the classification of other

minor cry types like burping and belly_pain. To overcome this challenge, several resampling
approaches have been applied in this research paper.

These oversampling approaches have been applied through the scikit-learnand imbalanced-learn

packages due to their accurate resampling algorithms. In the five-fold cross-validation process,

all methods of balancing were performed on the training data only, without touching the test

data at all, in order to avoid any data leakage.

Class balancing was achieved by using the following techniques:

1. Random Oversampling: The strategy ensures balanced data by replicating the data sam-
ples of minority classes randomly until all classes have an equal number of samples.
Although easy to implement, too much replication can make the model susceptible to

overfitting.

2. SMOTE (Synthetic Minority Oversampling Technique): The SMOTE technique cre-
ates artificial samples of minority classes using interpolation of minority class data sam-
ples (please refer to reference [2]). The method ensures class balancing without making

the model prone to overfitting.
3. Borderline SMOTE: The method involves generating synthetic samples in the vicinity

13




of class boundaries. Since errors are more probable in such areas, the technique helps

classify minority classes effectively.

. ADASYN (Adaptive Synthetic Sampling): ADASYN adaptively constructs synthetic

samples for difficult to learn minority instances. greater quantity synthetic data is cre-
ated for samples that are harder to classify, thereby progressing minority class learning

performance.

. RMO-DA (Random Oversampling with Data Augmentation): The RMO-DA method

involves Random Oversampling combined with audio-based augmentations such as pitch
shifting, noise injection, and time stretching. The method achieves two objectives: in-

creasing the sample size of the minority class and improving data diversity.

These oversampling techniques contribute to improving minority class recognition, reduce

classification bias, and strengthen the overall robustness of the infant cry classification sys-

tem. After addressing balancing methods, the dataset turn significantly more uniform across all

classes.

Count

Figure 3.8 illustrates the dataset distribution after applying balancing techniques.
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Figure 3.8: Distribution of balanced dataset post-SMOTE
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3.6 Deep Learning Models

Four distinct DL architectures were implemented and evaluated in this study for infant cry clas-
sification. These models were chosen because of their strong capability in learning temporal and
spectral representations with audio data. All models were trained under identical preprocessing,
augmentation, balancing, and evaluation setups to ensure fair comparison.

After feature extraction, the class labels were converted into integer values using LabelEncoder
and additionally transformed into one hot encoded vector for multi class category. The ex-
tracted feature vectors were normalized and reshaped into three dimensional tensors of magni-

tude [nmmplemnfemu,eﬁ: 1) to make them compatible through DL architectures.

3.6.1 Convolutional Neural Network

C have been extensively used in the application of audio and image classification owing
to their ability to learn spatial and spectral features independently from the representations
such as spectrogram. For the current experiment, the architecture of the CNN involved three
convolutional layers consisting of 32, 64, and 128 filters. After each convolution process, max
pooling layers were added to minimize the dimensions and reduce complexity.

The final outputs from the convolutions were flattened before being connected to dense
layers. The final dense layer was activated by the softmax layer for the purpose of multi-
classification.

3.6.2 Recurrent Neural Network

RNN models are designed specially to work with sequential data and are able to discover tem-
poral dependencies in time series data. As cry signal samples have some kind of temporal
acoustic variation, we used RNN to get sequential data from our feature set.

In the current project, we applied the following conﬁgmatioﬁor RNN: two recurrent layers
with 128 hidden units and a dropout rate of 0.3. Finally, we use the SoftMax activation function
for the output layer.

3.6.3 Long Short-Term Memory

LSTM is an advanced variant of RNN intended to overcome the vanishing gradient problem

faced in traditional recurrent networks. LSTM networks utilize memory cells and gating mech-

anisms in order to stay in long-term temporal dependencies within sequential data.
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In this experiment, an LSTM model was utilized with two LSTM layers, where both layers
had 128 hidden units. Furthermore, a dropout ratio of 0.3 was implemented in the model to
enhance its learning capabilities. This model was capable of recognizing temporal patterns
within infant cry sounds with improved recall ability for minor classes.

3.6.4 Gated Recurrent Unit

GRU is yet another type of recurrent neural network model that offers a simplified structure of
the LSTM model without losing the ability to learn temporal relationships. GRU uses fewer
parameters compared to LSTM, making it possible to compute quickly and consume less mem-
ory.

In this research, the proposed model included two GRU layers with 128 units and a dropout
of 0.3. Even though the model had effective computations and converged faster than LSTM, its
classification accuracy was relatively poorer compared to CNN and RNN models for the task of
infant cry detection.

In this experiment, models were evaluated using ﬁve-folﬁross-validation. In every fold,
there were four folds used for training, and one fold used for testing. Accuracy, Precision,

Recall, F1 score, and confusion matrices were used for evaluating the proposed models.

3.7 Model Training and Validation

All models were trained using five-fold cross-validation in order to provide an unbiased evalua-
tion of their performance. Each iteration included four datasets for training and one dataset for
valiﬁion. All experiments were run on Google Colab with Tensorflow and Keras using GPU.

categorical cross-entropy was applied as a loss function. Batch size was set to 32 and each

The learning rate was set to 0.001 and Adam optimizer was used as an optimizer while

experiment consisted of 50 epochs.

3.8 Evaluation Metrics

The performance of the proposed models estimated using Accuracy, Precision, Recall, and
Fl-score. Confusion matrices and classification reports too generated to analyze class wise

performance, particularly for minority classes.
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Chapter 4

EXPERIMENTAL SETUP AND
RESULTS

All experimental tasks were executed in Google Colab with GPU support enabled. The pro-
posed deep learning approaches were implemented using Python 3.8, TensorFlow 2.19.0, and
Keras 3.10.0. A consistent and unbiased comparison between the considered models was pro-
vided by applying the same data preparation and transformation processes in all experimental
tasks.
To ensure the reproducibility of the experiments, the random number generators were seeded
with the number 42 using Python’s random library, NumPy, TensorFlow, and imbalanced
rn libraries. All experimental tasks were based on fivefold cross-validation, in which 80%
of the data were used for training and 20% for validation in each fold.
hyperparameter optimization was performed by Keras Tuner. All models were trained
with the Adam optimizer and categorical cross-entropy loss, using a lﬁming rate of 0.001. The
chosen batch size was 32, while 50 training epochs were defined for achieving a good balance
between training speed and overfitting risk. Data augmentation and oversampling were applied

only to the training data in each fold.

4.1 Evaluation Metrics

The proposed models were evaluated based on the Accuracy, Precision, Recall, and F1-score

metrics. The choice of such metrics was made with the aim of evaluating both minority and

majority classes in an adequate way.
* Accuracy: measures the overall accuracy of predictions.
* Precision: indicates the proportion of correct positive predictions from all positive pre-

dictions made.

* Recall: Measures the capability of the model to properly identify actual positive samples.
* Fl-score: The harmonic mean of precision and recall; included because it addresses class

imbalance.
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Confusion matrices and classification reports were created in order to measure the perfor-

mance of the classifier for each class separately.

4.2 Performance Comparison of Deep Learning Models

A comparﬁn of the performances of the CNN, RNN, LSTM, and GRU after applying the class

balancing techniques is shown in Table 4.1.

Table 4.1: %mparison of performance among CNN, RNN, LSTM, and GRU

Model | Accuracy | Precision | Recall | Fl-score
CNN 0.93 0.93 0.93 0.93
RNN 0.89 0.88 0.89 0.88
LSTM 0.81 0.80 0.81 0.79
GRU 0.71 0.69 0.71 0.68

From the results, the CNN model performed best with 93% accuracy. The superior per-
formance of the CNN can be attributed to its effectiveness in feature extraction from the cry
spectrograms of infants.

RNN accomplished the second highest performance while demonstrating balanced recall for
minority classes because of its sequential learning capability. LSTM improved minority class
sensitivity but demonstrated slightly reduced precision because of increased false positives.
GRU displayed comparatively lower classification accuracy, indicating limited capability in

handling complex temporal variations existing in infant cry signals.

4.3 Oversampling Analysis

As to measure the influence of imbalance handling strategies, multiple oversampling techniques
as well as Random Oversampling, SMOTE, Borderline-SMOTE, ADASYN, and RMO-DA
were compared with all DL models. The comparative performance achieved by the use of
various oversampling methods is presented in Table 4.2.

The results prove that oversampling significantly improved minority class recognition per-
formance. RMO DA and Borderline SMOTE constantly achieved better performance in com-
parison with other balancing techniques. Sequential architectures such as RNN and LSTM

specifically benefit from imbalance aware augmentation methods.
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Table 4.2: Performance of models under different oversampling techniques

ADASYN Borderline-SMOTE REMO-DA Random Oversampling SMOTE
Maodel

Acc | Prec | Rec | F1 | Ace | Prec | Rec Fl Acc | Pree | Rec | FI Acc | Pree | Rec | FL Ace | Prec | Rec | F1

RNN | 093 [ 093 | 093 (092 (095 | 095 | 095 095 (096 | 0.96 | 0.96 | 095 | 0.89 | 0.88 | .89 [ 0.88 | .93 | 093 | 093 | 093

LSTM | 0.74 [ 071 | 074 (071 {074 | 072 | 074 [ 071 [ 087 | 0.87 | O.88 | 087 | 078 | 077 | 078 [ 0.76 | 0.87 | 0.86 | 0.87 | 0.86

GRU | 082 | 081 | 082 [ (L8] [ 089 | 089 | 089 [ 089 [ 092 (092 | 092 [ 091 [ 095 | 095 [ 0.95 | 0.94 | (.89 | 0.88 | 0.89 | 0.88

CNN | 092092 (092 [09] {086 | 0.87 | 0.87 [ 0.87 | 086 | 0.87 | O.87 [ 087 [ 078 [ 076 [ 078 [ 0.76 | 0.8]1 | 080 | 0.81 | 0.79

4.4 Confusion Matrix Analysis

Confusion matrices had been generated for all implemented models to analyze class wise pre-
diction behavior and incorrect classification trends as illustrated in Figure 4.1.

CNN and RNN displayed stronger diagonal dominance, indicating accurate prediction for
most infant cry classifications. LSTM improved minority class recall with fewer false nega-
tives for classes for instance belly pain and burping. GRU showed comparatively weaker class

distinctions and higher confusion among acoustically similar classes.

4.5 Statistical Validation

In order to examine the efficiency of oversampling techniques, Wilcoxon signed-rank test has
been condygfed on the oversampled data versus non-oversampled data. The results of statistical

validation are shown in Table 4.3.

Table 4.3: Wilcoxon signed-rank test results

Metric Wilcoxon Statistic | p-value

Accuracy 0.0 0.125
a

Precision 0.0 0.125

Recall 0.0 0.125

Fl-score 0.0 0.125

In spite of the fact that oversampling improved average model performance, the obtained
p values surpass 0.05, indicating that the improvements were not statistically significant. This

indicates that larger and more diverse datasets are required for stronger statistical validation.
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Figure 4.1: Confusion matrix for CNN, RNN, LSTM, and GRU models
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4.6 Discussion

The comparative analysis exhibits that DL architectures behave differently under class imbal-
ance conditions. CNN accomplished the highest overall classification accuracy because of its
functions to efficiently capture local spectral patterns from infant cry spectrograms.

Sequential architectures for instance RNN and LSTM improved minority class recall due to
their expertise in modeling temporal dependencies. However, such an improvement is accom-
panied by higher computation complexity as well as a slight decrease in accuracy.

Between oversampling methods, RMO-DA and Borderline-SMOTE provided better results
as both helped achieve class balancing and maintain &l data variability. Random Oversampling
posed an increased danger of overfitting because of the replication of the minority class data.

The study reveals that the use of DL algorithms in combination with methods for addressing
data imbalance is expected to improve the results of classification of infants’ﬁics. To study the
effect of imbalance handling, a comparative analysis was carried out to test the performance of
the model with and wi%ut oversampling. The aim of such a comparison was to investigate
if oversampling affects thaccuracy of the model and its ability to detect the minority classes.

The comparative analysis results are summarized in Table 4.4.

Table 4.4: Model performance with and without oversampling

With Oversampling Without Oversampling
Model

Acc | Prec | Rec | F1 | Acc | Prec | Rec | F1

RNN 0931093 {093]093|081 | 0.76 | 0.81|0.78

LSTM | 0.80 | 0.79 | 0.80 | 0.78 | 0.73 | 0.68 | 0.73 | 0.69

GRU 0.89 | 0.89 [ 0.89 | 0.89 | 0.81 | 0.77 | 0.81 | 0.78

CNN 0.85| 0.84 | 0.85 | 0.84 | 0.83 | 0.78 | 0.83 | 0.80

Average | 0.87 | 0.86 | 0.87 | 0.86 | 0.80 | 0.75 | 0.80 | 0.76

Based on the results, it is evident that the application of oversampling methods contributed

to an increase in performance for all three neural network models. The biggest increase was ob-
served in the case of the RNN model, whose accuracy rate increased by 20% after oversampling
from 81% to 93%. Similar results were observed in the GRU and LSTM models.

From the accomplished goals, it is clear that imbalance-aware learning significantly en-
hances the ability of the classifier to identify the minority classes and minimize any bias to-

wards the dominant cry types. The CNNs were not as effective compared to other deep learning
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Best Accuracy, Fl-score, and Oversampling Method per Model
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Figure 4.2: Best Accuracy and Fl-score per model with corresponding optimal oversampling

method.

approaches because they had a relatively good capability of extracting spectral features even

under imbalanced scenarios.

4.7 Limitations

However, despite producing encouraging results, the suggested model suffers from various lim-
itations. For instance, the data set is quite small and unbalanced. Moreover, the signals used for
analysis have been acquired in an uncontrolled environment, complete with ambient noise.
Even though the use of oversampling methods improved the classification of the minority
classes, the synthetic examples might not fully represent the actual cry variations. In addition,

since the model lacks clinical validation, its implementation in practical applications is limited.

4.8 Societal Impact

This work has the potential to early detect and monitor infant distress, which supports clin-
icians and caregivers to timely alert and respond so as to improve their outcomes. Practical
deployment leads to ethical and societal considerations, such as automated cry classifiers can
produce false positives/negatives that can cause unnecessary alarm or misclassifications, and
the models trained on limited datasets, which lead to risk-biased performance across popula-
tions and recording conditions. Ethical use of the dataset, such as privacy and consent, is most
essential when collecting or deploying audio, where recordings must be stored and transmitted

securely and parental consent is required for clinical use of the audio. To mitigate risks, we
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recommend (i) continued validation on large, diverse, clinically valid datasets, (ii)) ‘human-in-
the-loop” deployments, where automated outputs augment replacing caregiver judgment, and

(iii)strict privacy and data security practices in real-world systems.
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Chapter 5

CONCLUSION AND FUTURE WORK

In this research, the classification performance of four types of deep neural networks, namely,
CNN, RNN, LSTM, and GRU, for infant cries is compared based on different class balancing
techniques. The key problem tackled by this research in infant-cry analysis is class imbal-
ance, where different oversampling methods like random oversampling, SMOTE, Borderline-
SMOTE, ADASYN, and RMO-DA are used for enhancing the classification accuracy of minor-
ity classes such as burping and belly pain in infant cries.

From experimentation, it is evident that oversampling methods improve the classification
ability of minority classes. Among all the deep networks tested in this experiment, the CNN
network produced the best classification accuracy because of its superior feature extraction ca-
pacity from infant-cry spectra. The sequential models like the RNN and LSTM performed better
when it came to minority class recall because of their ability to detect temporal relationships
in the cry signal. The RNN was the best-performing model when paired with the rhythmic
model optimization data augmentation (RMO-DA) approach, while the GRU was less accurate
in classification but consumed fewer resources.

The experiment further highlighted the superiority of imbalance-aware data augmentation
approaches such as RMO DA and Borderline SMOTE compared to conventional oversampling
methods in terms of broadening the data scope and improving boundary learning. While there
were clear performance improvements from oversampling through the Wilcoxon signed-rank
test, the p-value results did not achieve significance because of the small sample size used.
This highlights the importance of combining appropriate deep learning algorithms with proper
balancing techniques for cry recognition system development.

The above framework has several possible applications in various fields including health
care, newborn monitoring system, and intelligent caregiving environment. Automatic analysis
of infant crying can help both the caregiver and clinician in the identification of infant distress

and in continuous monitoring of infants.
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5.1 Future Work

Further analysis can work towards collecting bigger and more diverse infant cry datasets, which
are also clinically validated, thereby reducing the dependency on artificial data samples for
training. Complex architectures, such as transformer and attention, can be helpful in learning
time-dependent features. Pretrained audio models like Wav2Vec, YAMNet, and Whisper using
transfer learning techniques might be more beneficial.

Moreover, multimodal approaches that combine audio, physiological, and visual modalities
could help improve the accuracy of diagnoses and create more precise monitoring systems for
infants. The use of lightweight solutions, designed to be implemented on mobile and IoT plat-
forms, would make it possible to develop infant cry monitoring solutions in real-time. Lastly,
explainable Al technologies combined with clinical validation will be essential for developing

such applications.
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