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Abstract 
The COVID-19 pandemic has highlighted the need for rapid, accessible, and non-invasive screening tools to 
complement conventional diagnostic methods. While audio-based analysis of cough signals has emerged as a 
promising approach, most existing studies rely on complex preprocessing pipelines aimed at noise suppression 
and signal enhancement. However, the impact of such preprocessing on model generalisation remains 
insufficiently understood. This study challenges the prevailing assumption that extensive preprocessing is 
necessary for robust audio-based diagnosis. We propose a systematic evaluation of preprocessing strategies, 
investigating whether minimal preprocessing can preserve diagnostically relevant acoustic information and 
improve model performance. Cough recordings were transformed into time–frequency representations using 
short-time Fourier transform (STFT) and Mel-frequency cepstral coefficients (MFCCs) and classified using 
multiple convolutional neural network (CNN) architectures, including ResNet, Inception, and MobileNet variants. 
Experimental results demonstrate that minimal preprocessing using Fast Fourier Transform (FFT) without 
additional filtering consistently outperforms conventional noise-reduction techniques. The best-performing 
model, ResNet50V2, achieved a testing accuracy of 86.79%, with balanced precision, sensitivity, specificity, and 
F1-score. Furthermore, the combination of STFT and MFCC features provided complementary information, 
improving classification robustness. These findings indicate that preserving full spectral information is critical for 
effective deep learning–based audio diagnosis, and that aggressive preprocessing may inadvertently suppress 
subtle pathological signatures. This work establishes a minimal-preprocessing paradigm for cough-based COVID-
19 detection and provides practical insights for developing robust, scalable, and non-invasive diagnostic systems. 

Introduction 
The COVID-19 pandemic has had a profound impact on various aspects of people's lives worldwide, including 
their lifestyle, economy, social interactions, and education. Given its high contagiousness, the symptoms of 
COVID-19 can vary significantly among individuals, often taking approximately 14 days to manifest.  Recent 
data from the last 28 days (8th May to 4th June 2023) reveal approximately 1.7 million new COVID-19 cases and 
10,000 deaths worldwide, indicating a 38% decrease in cases and a 47% decrease in deaths compared to the 
previous 28 days. Reverse transcription polymerase chain reaction (RT-PCR) testing remains the gold standard 
for SARS-CoV-2 detection; however, it is time-consuming, costly, and requires trained healthcare professionals. 
Additionally, discomfort may be experienced by certain individuals, especially children. 

Governments worldwide have provided free RT-PCR tests to combat COVID-19, but the costs are substantial and 
average $23 per test. Researchers and medical practitioners propose alternative, cost-effective, and user-friendly 
methods. One method involves using human audio signals, particularly coughing sounds, to detect COVID-19, 
offering a potential solution to the limitations of RT-PCR testing. This is crucial as the increasing number of cases 
demands more precise, affordable, and efficient testing methods. 

Accordingly, this study addresses the following research questions: 



(1) Can convolutional neural network-based models reliably differentiate between COVID-19-positive and 
COVID-19-negative individuals using cough sound recordings? 

(2) How do different preprocessing and feature extraction strategies influence the generalisation performance of 
CNNs in cough-based COVID-19 detection? 

(3) Does the choice of CNN architecture significantly affect classification accuracy? 

(4) Does the integration of patient demographic data improve diagnostic performance compared to audio-only 
models? 

Based on these questions, the study tests the hypotheses that CNNs trained on cough sound features can achieve 
classification performance above baseline levels, that spectro-temporal feature representations enhance model 
generalisation, that deeper CNN architectures outperform lighter models, and that incorporating demographic 
information improves classification accuracy. While prior studies emphasize noise reduction and signal 
conditioning, this work challenges the necessity of complex preprocessing pipelines. We hypothesize that 
excessive filtering may suppress subtle yet diagnostically relevant acoustic biomarkers. Therefore, this study 
introduces a minimal-preprocessing paradigm, investigating whether preserving raw spectral information can 
improve generalization and robustness in cough-based COVID-19 detection 

Literature Survey 
Recent years have witnessed growing interest in audio-based diagnostic systems for COVID-19, driven by the 
need for scalable, non-invasive, and cost-effective screening tools. Cough sounds, in particular, have been shown 
to encode physiological changes associated with respiratory infections, motivating extensive research into 
machine learning–based cough analysis. While numerous studies report promising results, critical limitations 
remain in terms of robustness, generalizability, and clinical readiness. 

Audio Preprocessing and Signal Variability 

Most existing studies employ preprocessing pipelines involving noise reduction, segmentation, and data 
augmentation to mitigate the effects of environmental noise and device heterogeneity. Techniques such as spectral 
gating, Butterworth filtering [6], and neural-network-based denoising have been shown to improve signal-to-noise 
ratios and classification performance. However, models trained under controlled conditions often degrade 
significantly when exposed to real-world recordings collected using heterogeneous devices and environments. 

Although segmentation of cough events improves interpretability and reduces irrelevant acoustic content, the 
lack of standardized segmentation protocols introduces additional variability across studies. Moreover, 
aggressive preprocessing and augmentation strategies risk suppressing subtle disease-related biomarkers, raising 
concerns about over-optimisation and dataset dependency. 

Feature Extraction Strategies: Strengths and Limitations 

Handcrafted acoustic features such as Short-time Fourier transform (STFT), Discrete Fourier Transform (DFT), 
Discrete Cosine Transform (DCT), Mel-frequency Cepstral Coefficients (MFCCs), Chroma, and spectral contrast 
remain popular due to their interpretability and effectiveness on small datasets. Nevertheless, multiple 
comparative studies highlight their limited robustness to noise and recording variability. Deep learning–based 
feature extraction from time–frequency representations, particularly CNN-derived embeddings from 
spectrograms, has shown strong capability in modelling complex spectral–temporal characteristics of cough 
sounds. Existing studies employ architectures such as 1D-CNNs, CRNNs, and deep CNN models (e.g., ResNet, 
Inception, VGGish), alongside audio texture descriptors including local binary or ternary patterns, fractal 
dimension–based features, and biologically inspired filter banks, to capture fine-scale acoustic structure associated 
with respiratory conditions. However, these methods are highly dependent on dataset size, class balance, and 
preprocessing design, and often sacrifice interpretability, motivating the present study’s systematic, signal-
processing-driven evaluation of spectro-temporal features combined with carefully selected CNN architectures to 
improve robustness and generalisation. 

Hybrid approaches that fuse handcrafted features with deep learning embeddings have emerged as a promising 
compromise, offering improved generalization while retaining partial interpretability. Scopus reports indicate that 
such hybrid representations consistently outperform single-feature strategies, particularly in cross-dataset 
evaluations, suggesting that complementary acoustic cues are critical for reliable COVID-19 detection. 

CNN Architecture and Optimization Challenges 



Convolutional neural networks, including ResNet, EfficientNet, and CNN–LSTM hybrids, dominate the current 
literature. While deeper architectures frequently report high accuracy, these gains often come at the expense of 
increased computational complexity and reduced robustness. Notably, many studies fail to systematically examine 
the impact of architectural optimisation, training dynamics, and hyperparameter selection on generalization 
performance. 

A recurring limitation identified across Scopus-indexed studies is the tendency to report performance on a single 
dataset, without cross-dataset or external clinical validation. This practice inflates reported accuracy and obscures 
the true reliability of the models. Consequently, the absence of optimised CNN frameworks explicitly designed 
to balance accuracy, generalization, and deployability remains a critical research gap. 

Generalization, interpretability, and clinical readiness 

Despite encouraging experimental results, the transition from research prototypes to clinically viable tools remain 
limited. Dataset bias, class imbalance, and evolving virus variants continue to undermine model stability. 
Furthermore, the opaque nature of deep CNN models presents a significant barrier to clinical adoption. While 
explainable AI techniques such as Grad-CAM and attention mechanisms have been explored, their integration 
into cough-based diagnostic systems is still nascent. 

Scopus literature consistently emphasizes that diagnostic accuracy alone is insufficient for clinical acceptance. 
Models must demonstrate robustness across populations, transparency in decision-making, and feasibility for real-
time deployment on resource-constrained devices. 

In summary, existing research confirms the feasibility of audio-based COVID-19 detection but reveals a lack of 
systematically optimised CNN frameworks that address preprocessing variability, feature robustness, architectural 
efficiency, and generalization simultaneously. Table 1 provides a critical synthesis of Scopus-indexed studies 
between 2020 and 2025 on cough-based COVID-19 detection, highlighting persistent limitations in 
generalization, preprocessing standardization, and CNN optimisation. Despite high reported accuracies, most 
existing systems lack robustness and deployment readiness, motivating the optimised CNN framework proposed 
in this study. This gap motivates the development of an optimised convolutional neural network tailored for 
accurate and reliable COVID-19 diagnosis from acoustic cough signatures. 

 

Study 

Category 

Representative 

Methods (Scopus) 

Key Strengths Critical 

Limitations 

Identified Research 

Gaps 

Data Sources COUGHVID, 
Coswara, 
DiCOVA, COVID-
19 Sounds 

Large-scale 
crowdsourced 
data; rapid data 
collection; global 
reach   

Severe class 
imbalance; self-
reported labels; 
device and 
environment bias 

Need for curated, 
clinically validated,  
and demographically 
diverse datasets 

Pre-processing Spectral gating, 
Butterworth filters, 
wavelet denoising, 
SpecAugment 

Improved SNR; 
enhanced 
robustness under 
controlled noise 

No standard 
pipeline; aggressive 
filtering may 
suppress disease 
biomarkers; poor 
cross-dataset 
transfer 

Systematic evaluation 
of minimal yet robust 
preprocessing 
strategies 

Segmentation RMS thresholding, 
hysteresis 
comparator, cough-
event isolation 

Removes 
irrelevant audio; 
improves 
interpretability 

Inconsistent 
segmentation 
criteria; loss of 
temporal cues 

Unified, cough-phase–
aware segmentation 
methods 

Feature 
Extraction 
(Handcrafted) 

MFCC, Chroma, 
ZCR, spectral 
contrast 

Interpretable; 
effective on small 
datasets 

Limited robustness 
to noise and device 
variability 

Deep learning based 
cough detection 
camera, Hybrid 
representations 
combining acoustic 
priors with learned 
features 

Feature 
Extraction 
(Deep) 

CNN spectrogram 
embeddings, audio 
texture analysis 

Captures complex 
non-linear 
biomarkers 

Data-hungry; 
reduced 
interpretability 

Lightweight and 
explainable feature 
learning frameworks 



Classification 
(Traditional 
ML) 

SVM, Random 
Forest, MLP, 
XGBoost 

Efficient; good 
baseline 
generalization 

Limited capacity for 
complex patterns 

Optimised hybrid 
pipelines integrating 
ML and DL 

Classification 
(Deep 
Learning) 

ResNet, 
EfficientNet, CNN-
LSTM, CRNN 

High accuracy in 
controlled settings 

Overfitting; high 
computational cost; 
dataset dependency 

CNN optimisation 
focused on 
generalisation, not 
depth 

Ensemble & 
Multi-modal 

Model ensembles; 
cough + breath + 
speech fusion 

Improved 
robustness and 
accuracy 

Increased 
complexity; 
deployment 
challenges 

Scalable, deployable 
ensemble strategies 

Generalization 
& Validation 

Cross-validation; 
limited external 
testing 

Demonstrates 
feasibility 

Poor real-world 
robustness; lack of 
cross-dataset 
evaluation 

Cross-dataset and 
population-level 
validation protocols 

Explainability Grad-CAM, 
attention maps, 
LIME, SHAP 

Improves trust 
and 
interpretability 

Rarely integrated 
into final systems 

Explainable CNNs for 
clinical acceptance 

Deployment 
Readiness 

MobileNet, 
lightweight CNNs 

Feasible for 
mobile screening 

Accuracy–efficiency 
trade-offs 
unresolved 

Optimised CNNs 
balancing accuracy, 
robustness, and 
efficiency 

Table 1. Study design table for the evaluation of COVID-19 cough-based classification 

 

Methods 
This study adopts a structured signal-processing and deep learning pipeline for classifying COVID-19 and non-
COVID-19 cases using cough audio recordings. As illustrated in Figure. 1, the overall workflow comprises four 
main stages: dataset preparation and cough sound acquisition, minimal and conventional audio pre-processing, 
feature extraction using time–frequency representations (STFT and MFCC), and classification using 
convolutional neural networks (CNNs) such as ResNet50V2. Notably, the framework emphasises a minimal-
preprocessing paradigm, where Fast Fourier Transform (FFT) is applied without additional filtering to preserve 
the full spectral characteristics of cough signals. To systematically evaluate the impact of signal conditioning on 
model performance, multiple preprocessing strategies were investigated and compared under consistent 
experimental settings, highlighting the effect of signal preservation versus noise reduction on classification 
robustness and generalisation. 

 

 

Figure. 1. Overview of methodology for minimal-preprocessing, cough-based COVID-19 classification using 
convolutional neural networks. 



Dataset Protocol 

This work is licensed under a Creative Commons Attribution 4.0 International (CC BY 4.0) License. Project 
Coswara, developed by the Indian Institute of Science (IISc) Bangalore, aims to develop a diagnostic tool for 
COVID-19 detection using audio recordings of breathing, cough, and speech sounds. The data collection stage 
involves participants contributing nine sound samples through the Coswara website. The dataset, collected using 
a specific protocol, serves as the foundation for analysis and mathematical models for COVID-19 diagnosis. 

The project aims to create a comprehensive dataset for analyzing COVID-19 infection patterns in voice samples, 
focusing on privacy and anonymity. Participants are asked to record various audio samples, including breathing, 
cough, and vowel sounds. The dataset will be released on GitHub for collaborative contributions. The long-term 
vision is to develop a web/mobile application as a diagnostic tool, complementing existing testing methods and 
providing a probability score for COVID-19 infection based on recorded voice samples. This tool aims to offer a 
cost-effective and deployable first line of diagnosis during the pandemic. 

Sample Data 

The project analyzes 530 patient audio recordings from the Coswara dataset, covering a seven-month period from 
February to September. The data includes both COVID-19 and non-COVID-19 diagnoses, with a mix of heavy 
and shallow cough recordings, bringing the total to 1060. 

Figure 2(a) illustrates the variation in patient participation month-to-month. The lowest participation occurred in 
February (9 males, 2 females), while the highest was in June (141 patients, 92 males, 49 females). Participation 
declined significantly in July (30 males, 14 females), followed by a slight increase in August (47 males, 31 
females) and September (44 males, 51 females). Figure 2(b) shows that in 2021, there were more male patients 
(329) than female patients (201). Among the male patients, 52% tested positive for COVID-19, while among the 
female patients, 59% tested positive. The remaining patients tested negative. These findings indicate a higher 
prevalence of COVID-19 among male patients and emphasize the importance of considering factors such as age, 
underlying health conditions, and exposure to the virus when analyzing the disease's spread among different 
populations. 

 

 

 (a) Type of Gender Against Months in Year 2021     



 

 (b) Type of Gender Against Type of Diagnoses in Year 2021 

Figure. 2. (a) Type of Gender Against Months in Year 2021 (b) Type of Gender Against Type of Diagnoses in 
Year 2021 

Pre-processing 

Unlike conventional approaches that apply multiple layers of noise reduction, this study explicitly investigates a 
minimal-preprocessing strategy, where FFT is used without additional filtering to preserve the full spectral 
characteristics of cough signals. Audio pre-processing was conducted to improve signal quality and to assess the 
influence of different noise reduction and frequency enhancement techniques on classification performance. Four 
pre-processing strategies were evaluated: (i) Fast Fourier Transform (FFT) without additional filtering, (ii) 
Butterworth filtering, (iii) wavelet denoising, and (iv) pre-emphasis filtering. 

 

Fast Fourier Transform (FFT) 

Fast Fourier Transform (FFT) was applied as a standalone pre-processing approach to convert time-domain cough 
signals into the frequency domain. The discrete Fourier transform of an input signal x[n] is given by: 𝑥[݇] = ∑ 𝑥ே−1௡=0 [݊]݁−ೕ2ഏೖ೙ಿ       (1) 

X[k] represents the frequency component at index k, N is the total number of samples, and j is the imaginary unit. 
FFT enables efficient computation of spectral characteristics with a computational complexity of O(N log N), 
making it suitable for large-scale audio analysis. In this study, FFT was intentionally evaluated without additional 
filtering to examine whether minimal pre-processing could preserve diagnostically relevant acoustic features 
while improving model generalisation. 

 

Butterworth Filtering 

Butterworth filters were employed to investigate the effect of frequency-selective noise suppression on cough 
signal classification. The magnitude response of an ݊-order Butterworth filter is defined as ܪ(݆߱) = ு0√1+ఌ2(ഘೞഘ೛)2೙       (2) 



where 0ܪ denotes the reference gain, ߝ represents passband ripple, and ߱ݏ and ߱݌ correspond to stopband and 
passband cutoff frequencies, respectively. Low-pass, high-pass, and band-pass configurations were evaluated 
using cutoff frequencies informed by prior cough-analysis studies. Lower cutoff frequencies of 45 Hz, 150 Hz, 
and 200 Hz were tested, while the upper cutoff frequency was fixed at 4 kHz [20] to capture dominant cough 
spectral content. An additional upper bound of 10 kHz was examined to assess potential high-frequency 
contributions. 

 

Wavelet Denoising 

Wavelet denoising was applied to suppress non-stationary noise while preserving transient cough characteristics. 
The denoised signal 𝑥denoised is expressed as 𝑥ௗ௘௡௢௜௦௘ௗ = ܹ−1(ܶ(ܹ(𝑥)))       (3) 

where ܹ(⋅) and ܹ−1(⋅) denote the wavelet decomposition and reconstruction operators, respectively, and ܶ(⋅) 
represents the thresholding function applied to wavelet coefficients. Decomposition levels of 2 and 3 were 
evaluated, corresponding to threshold values of 0.01 and 0.1, respectively. This approach enables selective 
attenuation of noise components while retaining clinically relevant time–frequency structures in cough signals. 

 

Pre-emphasis Filtering 

Pre-emphasis filtering was employed to amplify high-frequency components and compensate for spectral 
attenuation introduced during recording. The filter is defined as ݕ[݊] = 𝑥[݊] − ߙ ∗ 𝑥[݊ − 1])     (4) 

where ݕ[݊] is the output signal, 𝑥[݊] is the input signal, and ߙ is the pre-emphasis coefficient, set to 0.9 in this 
study. This operation enhances high-frequency information associated with cough onset and turbulence, which 
may carry discriminative cues for disease classification.  

 

Feature Extraction 

Feature extraction was performed to transform pre-processed cough audio signals into informative time–frequency 
representations suitable for deep learning–based classification. Two complementary spectral representations were 
investigated: Short-Time Fourier Transform (STFT) and Mel-frequency cepstral coefficients (MFCCs). These 
representations were selected due to their demonstrated effectiveness in capturing both transient and perceptually 
relevant acoustic characteristics of cough sounds. 

 

Short-Time Fourier Transform (STFT) 

Short-Time Fourier Transform (STFT) was employed to analyse the non-stationary characteristics of cough 
signals by representing spectral variations over time. The STFT of a continuous-time signal 𝑥(t) is defined as ܵܶܶܨ{𝑥(ݐ)}  =  𝑥(߬, (ݓ  =  ∫ 𝑥(ݐ)ݐ)ݓ −  ߬)݁−௝ఠ௧ ݀ݐ∞−∞       (5) 

where ݐ)ݓ − ߬)is a window function centred at time ߬, and ߱denotes angular frequency. By applying a sliding 
window to the signal, STFT enables localisation of frequency content over time, which is particularly important 
for cough sounds that exhibit rapid temporal variations . The resulting spectrograms were used as two-dimensional 
inputs to convolutional neural networks, allowing spatial feature learning across time–frequency patterns. 

 

Mel-Frequency Cepstral Coefficients (MFCCs) 

MFCCs were extracted to model perceptually relevant spectral features of cough signals. MFCCs approximate 
the human auditory response by mapping linear frequency components onto the Mel scale, thereby emphasising 
frequency regions most relevant to human perception. This representation has demonstrated effectiveness in 
respiratory sound analysis and cough-based disease classification. 



The MFCC extraction pipeline involves segmenting the signal into overlapping frames, applying a Hamming 
window, computing the Fourier transform, mapping the power spectrum to the Mel scale using a filter bank, 
applying logarithmic compression, and finally performing a discrete cosine transform (DCT). The conversion 
from physical frequency ு݂௭to the Mel scale ெ݂௘௟is defined as 

ெ݂௘௟ = 2595 ∗ 1)10݃݋݈ + ௙ಹ೥700)          (6) 

In this study, a Hamming window of 1024 samples with 50% overlap (512 samples) was employed, and 13 
MFCCs were extracted from each frame. These parameters were selected to balance temporal resolution and 
spectral detail while maintaining computational efficiency. An example MFCC representation of the COVID-19 
cough signal is shown in Figure 3. 

 

 

Figure. 3. Example MFCCs Image with Colorbar  

 

Rationale for Feature Selection 

STFT and MFCC representations were selected to capture complementary information from cough signals. STFT 
preserves fine-grained temporal–spectral dynamics, while MFCCs provide compact, perceptually motivated 
features that are robust to minor recording variations. Evaluating both representations enables systematic analysis 
of their impact on classification performance and generalisation in COVID-19 cough detection. 

 

Deep Learning Models 

Convolutional neural networks (CNNs) were employed for classifying COVID-19 and non-COVID-19 cough 
signals based on image-like time–frequency representations. All models were implemented using the 
TensorFlow–Keras framework and trained under consistent experimental conditions to enable fair comparison 
across architectures and configurations. 

Model Input and Transfer Learning Framework 



Feature representations generated from STFT and MFCC processing were resized to 224×224 pixels and treated 
as three-channel images. Pixel intensities were normalized to the range [0,1] to stabilise training. The dataset was 
partitioned into training, validation, and test subsets, and data generators were employed to load samples in batches 
while preserving class labels. 

Batch sizes of 16, 32, and 64 were evaluated to assess their impact on convergence and generalisation. Training 
was conducted for 20, 50, and 100 epochs to examine learning dynamics and mitigate underfitting or overfitting. 

A transfer learning strategy was adopted using pre-trained CNN backbones to leverage robust feature 
representations learned from large-scale image datasets. The following architectures were evaluated: InceptionV3, 
MobileNetV2, ResNet50, ResNet50V2, ResNet101V2, ResNet152V2. 

 

CNN Architecture Descriptions 

InceptionV3 

InceptionV3 employs parallel convolutional paths with different kernel sizes within inception modules, enabling 
multi-scale feature extraction while maintaining computational efficiency. This architecture is effective at 
capturing both fine-grained and global patterns in spectrogram-based cough representations. 

 

MobileNetV2 

MobileNetV2 is a lightweight architecture designed for mobile and edge deployment. It utilises depthwise 
separable convolutions and inverted residual blocks with linear bottlenecks, significantly reducing parameter 
count and computational cost. This makes it suitable for real-time, resource-constrained COVID-19 screening 
applications. 

 

ResNet Architectures (ResNet50, ResNet50V2, ResNet101V2, ResNet152V2) 

ResNet models introduce residual connections that allow gradients to propagate effectively through deep 
networks, addressing the vanishing gradient problem. The V2 variants further improve optimisation by adopting 
pre-activation residual blocks, which enhance convergence and generalisation. Deeper versions (ResNet101V2 
and ResNet152V2) offer increased representational capacity, while ResNet50V2 provides a balance between 
depth, accuracy, and computational efficiency. 

For each architecture, the convolutional base was initialised with pre-trained weights and frozen during initial 
training to prevent disruption of learned low-level features. A custom classification head was appended, consisting 
of a flattening layer followed by a fully connected layer with SoftMax activation to enable binary classification. 

 

Model Optimisation and Regularisation 

Models were compiled using categorical cross-entropy loss and optimised with Adam, RMSprop, and stochastic 
gradient descent (SGD) optimisers. Multiple learning rates were evaluated to identify stable and efficient 
convergence behaviour. 

To improve generalisation and reduce overfitting, L1 and L2 regularisation were applied to the classification layer, 
with regularisation strengths ranging from 10−1 to 10−20. Additional architectural variations, including different 
pooling strategies and dense layer configurations, were explored to assess their influence on classification 
performance. 

 

Training Strategy and Evaluation 

Model training was monitored using validation accuracy, and the best-performing model weights were 
automatically saved via checkpointing. After training, the optimal model was evaluated on an unseen test dataset. 
Performance metrics included accuracy, precision, sensitivity (recall), specificity, and F1-score. A confusion 
matrix was generated to visualise class-wise prediction performance. 

 



Results 

Comparison of Pre-processing Methods 

This section evaluates the impact of different audio pre-processing strategies on model performance, with 
particular emphasis on classification accuracy, robustness, and noise reduction effectiveness. Four pre-processing 
methods were compared: Butterworth filtering (2nd and 4th order), wavelet denoising, and pre-emphasis filtering. 
Testing accuracy, precision, sensitivity, specificity, and F1-score are reported to evaluate the effectiveness of 
Butterworth filtering (2nd and 4th order), wavelet denoising, and pre-emphasis filtering as summarized in Table 
2.  

Butterworth filtering consistently outperformed the other approaches. The 4th-order Butterworth filter (4BF) 
achieved the highest overall performance, with a testing accuracy of 83.96%, precision of 86.05%, sensitivity of 
77.08%, specificity of 89.66%, and an F1-score of 81.32%. This represents a clear improvement over the 2nd-
order Butterworth filter (2BF), which achieved a slightly lower accuracy (83.02%) and F1-score (80.00%). 

 

Pre-processing Accuracy 
(%) 

Precision 
(%) 

Sensitivity 
(%) 

Specificity 
(%) 

F1-score 
(%) 

4th Order Butterworth Filter 83.96 86.05 77.08 89.66 81.32 
2nd Order Butterworth Filter 83.02 85.71 75.00 89.66 80.00 
Wavelet Denoising Filter 77.36 81.58 64.58 87.93 72.09 
Pre-emphasis Filter 80.19 84.62 68.75 89.66 75.86 

  *Note: Mdl.(ResNet50V2), BS(32), Ep.(50), Loss(Categorical), Opt.(Adam) 

Table 2. Impact of audio pre-processing strategies on cough-based COVID-19 detection model testing 
performance. 

 

In terms of specificity, both Butterworth filters (2nd and 4th order) and the pre-emphasis filter, achieved the highest 
score of 89.66%, while wavelet denoising produced a slightly lower specificity at 87.93%. Wavelet denoising and 
pre-emphasis filtering demonstrated inferior performance, particularly in sensitivity and F1-score, indicating 
reduced effectiveness in preserving discriminative cough characteristics. These results suggest that moderate, 
frequency-selective filtering is more suitable for cough-based COVID-19 detection than aggressive denoising or 
spectral emphasis. Overall, the 4th-order Butterworth filter was identified as the most effective pre-processing 
technique and was therefore selected for further analysis. To further understand the observed superiority of 
Butterworth filtering, particularly the 4th-order configuration, it is necessary to examine how frequency selection 
influences model performance. Therefore, the effect of cutoff frequency is analyzed in the following section. 

 

Effect of Cutoff Frequency in 4th-Order Butterworth Filtering 

To further investigate the influence of frequency selection, multiple cutoff configurations of the 4th-order 
Butterworth filter were evaluated, including low-pass, band-pass, and high-pass designs. The results performance 
metrics are reported for low-pass, band-pass, and high-pass configurations to assess the influence of frequency 
range on cough-based COVID-19 detection are presented in Table 3. 

Among all configurations, the low-pass filter with a 10 kHz cutoff frequency yielded the best overall performance, 
achieving an accuracy of 83.96%, precision of 86.05%, sensitivity of 77.08%, specificity of 89.66%, and an F1-
score of 81.32%. These metrics indicate an effective trade-off between false-positive and false-negative rates, 
which is critical for screening applications.  

In contrast, reducing the cutoff frequency to 4 kHz resulted in a substantial decline in accuracy (73.58%) and 
sensitivity (64.58%), indicating the loss of diagnostically relevant high-frequency information. Band-pass 
configurations exhibited moderate performance. For example, the 200–4 kHz band-pass achieved the highest 
sensitivity (95.83%), but it suffered from poor precision (66.67%) and specificity (60.34%), suggesting an 
increased false-positive rate. High-pass filters at 45 Hz and 150 Hz demonstrated competitive accuracy but lower 
sensitivity and F1-scores compared to the low-pass 10 kHz configuration. 

These findings indicate that preserving a broader frequency spectrum, particularly higher-frequency components, 
is critical for capturing discriminative acoustic cues in cough sounds. Consequently, the 4th-order low-pass 



Butterworth filter with a 10 kHz cutoff was selected as the optimal pre-processing configuration for subsequent 
experiments. 

From a signal-processing perspective, cough sounds are broadband signals containing important high-frequency 
components associated with turbulent airflow and airway constriction. Limiting the frequency range to lower 
cutoffs removes these critical features, thereby degrading classification performance. The 10 kHz cutoff 
effectively preserves these components while reducing high-frequency noise. 

Overall, the 4th-order low-pass Butterworth filter with a 10 kHz cutoff provided the most robust and balanced 
performance among filtering approaches and was therefore selected for further comparison. While the 10 kHz 
low-pass configuration demonstrated optimal performance among filtering approaches, the results also suggest 
that preserving a broader frequency spectrum is critical. This observation motivates a direct comparison between 
filtered and non-filtered (minimal preprocessing) approaches, as presented in the next section. 

 

Cutoff Frequency Accuracy (%) Precision (%) Sensitivity (%) Specificity (%) F1-score (%) 
>10kHz 83.96 86.05 77.08 89.66 81.32 
>4kHz 73.58 73.81 64.58 81.03 68.89 
-45-4kHz 78.30 77.78 72.92 82.76 75.27 
-150-4kHz 77.36 80.00 66.67 86.21 72.73 
-200-4kHz 76.42 66.67 95.83 60.34 78.63 
<45Hz 83.02 91.67 68.75 94.83 78.57 
<150Hz 81.13 79.17 79.17 82.76 79.17 
Low-pass “>” Band-pass “-” High-pass “<” 

           *Note: Mdl.(ResNet50V2), BS(32), Ep.(50), Loss(Categorical), Opt.(Adam) 

Table 3. Influence of cutoff frequency configuration in a 4th-order Butterworth filter on model testing 
performance. 

3.3 Comparison of Filtering versus No Filtering in Pre-processing 

This analysis compares two pre-processing strategies: (i) frequency-domain transformation using Fast Fourier 
Transform (FFT) alone and (ii) the combination of a 4th-order low-pass Butterworth filter with FFT 
(4BLPF+FFT). The objective was to determine whether additional filtering provides measurable performance 
benefits over minimal pre-processing. 

As illustrated in Figure 4, the FFT-only approach consistently outperformed the filtered configuration across most 
evaluation metrics. FFT alone achieved the highest testing accuracy (86.79%), exceeding the 4BLPF+FFT 
approach by 0.91%. Similar trends were observed for precision, where FFT attained 86.96%, compared to 86.05% 
for 4BLPF+FFT. Sensitivity improved markedly with FFT-only pre-processing (83.33% versus 77.08%), 
indicating enhanced detection of COVID-19 positive cases. Both approaches achieved identical specificity 
(89.66%), suggesting comparable control over false-positive predictions. The F1-score further favoured FFT-only 
pre-processing (85.11% versus 81.32%).  

These results demonstrate that minimal preprocessing can outperform conventional filtering strategies. While 
Butterworth filtering effectively reduces noise, it may also attenuate high-frequency components that carry 
diagnostically relevant information. In contrast, FFT-only preprocessing preserves the full spectral content of 
cough signals, enabling more effective feature learning by the CNN. This finding challenges the conventional 
assumption that noise reduction inherently improves classification performance and instead highlights the 
importance of signal preservation for robust deep learning-based diagnosis. 

 



 
*Note: Mdl.(ResNet50V2), BS(32), Ep.(50), Loss(Categorical), Opt.(Adam) 

Figure. 4. Comparison of filtering (4BLPF+FFT) and non-filtering (FFT-only) pre-processing strategies for 
cough-based COVID-19 classification. 

 

These results indicate that while Butterworth filtering provides effective noise suppression, it can also attenuate 
diagnostically relevant high-frequency components of cough signals. FFT-only pre-processing preserves the full 
spectral content of cough sounds without introducing frequency-domain bias, enabling more effective feature 
learning by the CNN. Consequently, minimal pre-processing using FFT alone offers superior generalisation 
performance and was selected as the preferred configuration for subsequent experiments. 

Impact of Time–Frequency Feature Fusion on COVID-19 Cough Classification 

This section compares three feature extraction strategies for COVID-19 cough classification: MFCC-only, STFT-
only, and the combined STFT + MFCC representation, to assess whether explicit time–frequency modeling 
improves classification performance. 

As shown in Table 5, STFT + MFCC consistently outperformed both individual feature sets across all evaluation 
metrics. The combined representation achieved the highest testing accuracy (86.79%), compared with 83.96% for 
MFCC-only and 83.02% for STFT-only features. Precision increased from 86.05% (MFCC) and 87.04% (STFT) 
to 86.96%, while sensitivity improved markedly to 83.33%, exceeding MFCC (77.08%) and STFT (81.03%). 
Specificity remained high (89.66%) and identical to MFCC-only performance, indicating improved COVID-19 
detection without increased false-positive rates. The F1-score further confirmed the advantage of feature fusion 
(85.11%) over MFCC (81.32%) and STFT (83.90%). 

 

Feature 

Extraction 

Accuracy (%) Precision (%) Sensitivity (%) Specificity (%) F1-score (%) 

STFT 83.02 87.04 81.03 85.42 83.90 
MFCC 83.96 86.05 77.08 89.66 81.32 
STFT + MFCC 86.79 86.96 83.33 89.66 85.11 

*Note: Mdl.(ResNet50V2), BS(32), Ep.(50), Loss(Categorical), Opt.(Adam) 

Table. 4. Comparison of Feature Extraction Methods 

Among the single-feature approaches, MFCC-only features exhibited high specificity but lower sensitivity, 
reflecting their emphasis on global spectral envelopes and perceptual frequency scaling, which may smooth 



transient cough dynamics. In contrast, STFT-only features improved sensitivity, capturing localized time–
frequency variations associated with cough onset and airflow turbulence, but showed reduced specificity, 
indicating greater susceptibility to false positives. 

The superior performance of STFT + MFCC arises from their complementary characteristics. STFT preserves 
fine-grained temporal–frequency structures, while MFCCs provide compact, perceptually relevant spectral 
representations. Their integration yields a richer and more discriminative feature space, enabling more effective 
learning by CNNs. Overall, these results demonstrate that feature fusion offers a clear and consistent advantage, 
and STFT + MFCC was therefore selected as the optimal feature extraction strategy for subsequent experiments. 

Comparison of Classification Model Architecture and Optimizations 

The initial phase of the study involved benchmarking six distinct CNN architectures under standardized conditions 
(Image size: 224×224, Batch Size: 32, Epochs: 20). Based on Table 5, ResNet50V2 emerged as the optimal 
architecture, achieving a testing accuracy of 84% and a training loss of 0.0118. While ResNet152V2 achieved a 
comparable 83% accuracy, it required a 25% longer training duration (12 min 4 s vs. 9 min 39 s for ResNet50V2), 
making ResNet50V2 the more efficient candidate for edge-deployment in diagnostic tools. In contrast, 
architectures like MobileNetV2 (68% accuracy) and ResNet50 (59% accuracy) exhibited significant performance 
degradation, likely failing to capture the complex spectral features of cough acoustics within this specific dataset. 

 

Models Training Loss Training 

Accuracy 
Validation Loss Validation 

Accuracy 
Testing 

Accuracy  
InceptionV3  0.0300  100.00% 0.9545  62.50% 80.00%  
MobileNetV2  0.0190  100.00% 1.1258  59.38% 68.00%  
ResNet50  0.6095  65.20% 1.0435  44.79% 59.00%  
ResNet50V2  0.0118  100.00% 1.3055  62.50% 84.00%  

Table 5. Comparison of Model Architectures 

Influence of Hyperparameter Tuning on Convergence 

The diagnostic performance of the ResNet50V2 backbone was further enhanced through systematic 
hyperparameter optimization: 

● Batch Size Selection: Utilizing a batch size of 32 minimized validation loss to 1.3055 and maximized 
testing accuracy to 84%, outperforming both smaller (BS=16, 73%) and larger (BS=64, 82%) 
configurations. 

● Distinct Loss: Categorical cross-entropy achieved the best performance, with the highest testing 
accuracy (87%) and validation accuracy, indicating more stable convergence and better generalisation 
compared to other loss functions. In contrast, sparse categorical cross-entropy and Kullback–Leibler 
divergence showed lower validation performance, suggesting less effective optimisation for this 
classification task. 

● Epoch Optimization: Increasing the training duration to 50 epochs improved the testing accuracy to 
87%. However, further training to 100 epochs resulted in overfitting, evidenced by a drop in testing 
accuracy to 79% despite a reduction in training loss to 0.0004. 

● Optimization Algorithms: The Adam optimizer proved superior to RMSprop and SGD, achieving the 
highest testing accuracy (87%) and the lowest validation loss (1.7098) due to its adaptive learning rate 
and momentum capabilities. 

 

Fixed parameters Tuning parameters Training  Validation Testing 

Loss Acc. Loss Acc. Acc. 

Loss: Categorical, 

Ep: 20,   

Opt.: Adam 
Batch Size 

16 0.0009 1.0000 2.2560 0.6042 73% 
32 0.0118 1.0000 1.3055 0.6146 84% 

64 0.0077 1.0000 1.6225 0.5938 82% 
BS: 32  

Ep.: 50 

Opt.: Adam 

Distinct 

Loss 

Categorical  0.0011  1.0000  1.7098  0.6354  87%  
Sparse  0.0012  1.0000  1.6831  0.6146  84%  
Kid  0.0009  1.0000  1.8990  0.5938  84%  



BS: 32,  

Loss: Categorical, 

Opt.: Adam 
Epoch 

20 0.0118 1.0000 1.3055 0.6146 84% 
50 0.0011 1.0000 1.7098 0.6146 87% 

100 0.0004 1.0000 1.8016 0.5938 79% 
BS: 32, 

Loss: Categorical 

Ep.: 50,   

Optimizer 

Adam 0.0011 1.0000 1.7098 0.6146 87% 

RMSprop 0.0000 1.0000 4.1493 0.5625 84% 
SGD 29.4750 0.7794 46.4610 0.6146 65% 

Table. 6. Influence of Hyperparameter Tuning on the ResNet50V2 model 

 

3.3 Regularization and Feature Integrity 

To mitigate the 100% training accuracy observed across several trials—a potential indicator of overfitting—an 
L1 and L2 regularization parameter of 1 × 10-11 was applied to the Softmax activation. This parameter successfully 
regularized the weight distribution, maintaining an 87% accuracy while achieving a lower validation loss (1.5744) 
than the non-regularized baseline (1.7098). Furthermore, the omission of additional pooling and dense layers was 
found to be beneficial. By maintaining a fully convolutional pipeline, the model preserved high-level spatial 
information in the MFCC features, which are critical for distinguishing the "dry" impulsive signals of COVID-19 
from the resonant "wet" sounds of non-COVID cases. 

Figure 5 shows that three regularization parameters, 0.1, 0.01, and 0.001, failed to achieve 80% testing accuracy, 
achieving only 74%, 64%, and 79%, respectively. Only 0.001 achieved 100% training accuracy, while 0.1 and 
0.01 achieved 67.40% and 89.46%, respectively. The training accuracy for other regularization factors was 100%. 
Most tested parameters were within the 80%-85% range, with "none", 1 × 10-8, and 1 × 10-11 achieving the highest 
testing accuracy at 87% and 86%, respectively. The greatest score for validation accuracy was achieved by 1 × 
10-11, which achieved 63.54%, outperforming "none" with a validation accuracy of 61.46%. Additionally, 1 × 10-

11 had a lower validation loss of 1.5744 compared to "none" with a higher value of 1.7098. 

 

Figure. 5 Comparison of Regularization Techniques for SoftMax Activation (*Note: Mdl. (ResNet50V2), BS. 
(32), Ep. (50), Loss (Categorical), Opt. (Adam)) 

 

Comparing Figure 6 and 7, it proves that regularization parameter 1 × 10-11 is the best option, minimizing 
overfitting and achieving the highest testing accuracy of 87%. This parameter performs better and has stronger 
generalization capabilities. 
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             (a) Validation Loss Graph for “None”           (b) Validation Accuracy for “None” 

Figure. 6. (a) Validation Loss Graph for “None” (b) Validation Accuracy for “None” (*Note: Mdl. 
(ResNet50V2), BS. (32), Ep. (50), Loss (Categorical), Opt. (Adam), L1L2 regularization (None)) 

 

 

              (a) Validation Loss Graph for “1 × 10-11”          (b) Validation Accuracy for “1 × 10-11” 

Figure. 7. (a) Validation Loss Graph for “1 × 10-11” (b) Validation Accuracy for “1 × 10-11” (*Note: Mdl. 
(ResNet50V2), BS. (32), Ep. (50), Loss (Categorical), Opt. (Adam), L1 L2 regularization (1 × 10-11)) 

 

The final optimized model with parameter 1 × 10-11 yielded a testing accuracy of 86.79%. Detailed performance 
evaluation revealed a precision of 86.96%, sensitivity of 83.33%, and specificity of 89.66%, resulting in a 
balanced F1-score of 85.11%. These results indicate a robust diagnostic capability that compares favorably with 
existing RT-PCR benchmarks in speed and accessibility. Overall, the findings confirm that a minimal-
preprocessing approach, combined with feature fusion and optimized CNN architecture, provides an effective 
framework for non-invasive, cough-based COVID-19 screening. 

Discussion 
The results of this study provide consistent evidence that challenges the conventional assumption that complex 
preprocessing pipelines are necessary for robust audio-based diagnosis. Across multiple experimental settings, 
minimal preprocessing using Fast Fourier Transform (FFT) alone outperformed traditional filtering approaches, 
demonstrating that preserving the full spectral characteristics of cough signals leads to improved classification 
performance. These findings highlight the importance of signal preservation in deep learning-based diagnostic 
systems. 

From a signal processing perspective, cough sounds are inherently broadband and contain diagnostically relevant 
acoustic energy extending beyond 4 kHz, particularly during the transient and turbulent phases of cough events. 
As demonstrated in Table 3, limiting the frequency range through lower cutoff frequencies resulted in a substantial 



decline in performance, primarily due to the loss of high-frequency components associated with airflow 
irregularities and airway constriction. Although the 4th-order low-pass Butterworth filter with a 10 kHz cutoff 
preserved a wider frequency range and achieved the best performance among filtering approaches, it still did not 
surpass the FFT-only configuration. 

In contrast, alternative filtering strategies either reduced sensitivity due to excessive attenuation of diagnostically 
relevant signal components or increased false-positive rates by amplifying noise and non-cough artefacts. While 
the Butterworth filter benefits from a maximally flat passband that minimises amplitude distortion, even well-
designed filters introduce some degree of spectral bias. The results therefore suggest that any form of signal 
manipulation, even when carefully optimised, may inadvertently remove subtle acoustic biomarkers essential for 
classification. 

These observations lead to a key insight of this study: minimal preprocessing, rather than aggressive noise 
reduction, provides superior generalisation performance. As illustrated in Fig. 4, the FFT-only approach 
consistently outperformed filtered configurations across all major evaluation metrics. This indicates that 
preserving the raw spectral content of cough signals enables convolutional neural networks to learn more 
discriminative and robust features. Consequently, this work supports a paradigm shift from noise suppression 
toward information preservation in biomedical audio analysis. 

From a representation learning perspective, the results in Table 5 further demonstrate that combining STFT and 
MFCC features yields superior performance compared to individual feature sets. STFT captures fine-grained 
temporal–spectral variations associated with cough dynamics, while MFCC provides a compact representation 
aligned with human auditory perception. Their integration produces a richer and more informative feature space, 
allowing CNN models to better capture subtle differences between COVID-19 and non-COVID-19 cough 
patterns. 

In terms of model architecture, ResNet50V2 achieved the best balance between accuracy, computational 
efficiency, and generalisation. Although deeper architectures such as ResNet152V2 offer increased 
representational capacity, the marginal performance gains do not justify the additional computational cost. This 
balance is particularly important for real-world deployment scenarios, where lightweight and efficient models are 
required for real-time screening applications. 

Overall, the findings of this study establish a clear relationship between signal preservation, feature richness, and 
model generalisation. By demonstrating that minimal preprocessing can outperform conventional filtering 
techniques, this work challenges established practices in audio-based disease detection and provides practical 
insights for the development of scalable, non-invasive diagnostic systems. In particular, the proposed framework 
is well-suited for deployment in real-world environments, where variability in recording devices, background 
noise, and user behaviour is unavoidable. 

Conclusion 
Despite these promising findings, several limitations should be acknowledged. First, the study relies on publicly 
available datasets, which may contain label noise, class imbalance, and variability in recording conditions. 
Second, the absence of cross-dataset validation limits the ability to fully assess generalisation across different 
populations and acquisition settings. Third, the proposed framework has not yet been evaluated in clinical 
environments and therefore should be considered as a pre-screening tool rather than a replacement for gold-
standard diagnostic methods such as RT-PCR. 

Future work should focus on cross-dataset evaluation, integration of multi-modal respiratory signals (e.g., cough, 
breath, and speech), and incorporation of explainable AI techniques to enhance interpretability and clinical trust. 
Additionally, lightweight model optimisation and on-device deployment should be explored to enable real-time, 
large-scale screening in resource-constrained settings. 

In conclusion, this study demonstrates that minimal preprocessing can improve generalisation and robustness in 
cough-based COVID-19 detection, challenging conventional assumptions in biomedical signal processing. By 
emphasising signal preservation over aggressive noise reduction, the proposed framework provides a practical 
and scalable pathway toward non-invasive, AI-driven respiratory screening systems. 
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