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Abstract. Monitoring the health status of students within confined spaces is critical for preventing flu outbreaks
and ensuring a healthy educational environment. This proposed Flu Detection model is an innovative approach
designed to swiftly identify instances of flu among students. Which is a supervised learning model enhanced
with Mixture augmentation classifies various flu types with high accuracy, leveraging a robust training dataset.
This comprehensive model yields strong experimental results on flu datasets, demonstrating effectiveness in
identifying flu cases, showcasing its potential for health monitoring in educational facilities.

1 Introduction

The outbreak of pneumonia caused by the novel coron-
avirus was detected in Wuhan, China, in December 2019
[1], and the virus was later named severe acute respira-
tory syndrome coronavirus 2 (SARS-CoV-2) by the WHO.
SARS-CoV-2 exhibits a higher transmission rate com-
pared to SARS-CoV. As of January 31, 2021, over 101.9
million cases and 2.2 million deaths had been reported
globally. The rapid spread of COVID-19 has acceler-
ated the development of deep learning-based healthcare
and surveillance techniques aimed at mitigating the virus’s
spread.

In educational institutions, where large populations in-
teract closely, the risk of disease transmission is signifi-
cantly high. Therefore, developing effective monitoring
systems to detect flu outbreaks in real time is crucial. This
paper introduces a Deep Learning (DL)-based Flu De-
tection model designed to monitor and manage flu out-
breaks in educational settings. By leveraging advanced
deep learning algorithms, the proposed system aims to
provide accurate and timely insights into flu transmission
patterns, enabling proactive measures to mitigate disease
spread.

Recent advancements in health monitoring systems
have focused on various methodologies. An approach for
using audio inputs to classify cough sounds as indicative
or non-indicative of illness was introduced in the FluSense
project [2]. They transformed 1-second audio segments
into spectrograms with a bin size of 257, which were
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then processed using a Convolutional Neural Network
(CNN) [3]. Another notable contribution is the framework
developed by [4], which classifies cough sounds from
COVID-19-positive and COVID-19-negative cases. Their
approach involves converting cough sounds into Log-Mel
spectrograms using the Wavegram-Log-Mel-CNN model.

Despite these advancements, challenges remain in the
deployment of deep learning-based health monitoring sys-
tems. There is a need for a model with high accuracy
and a low number of parameters that is suitable for real-
world applications, such as being embedded in edge de-
vices. Therefore, we propose a deep learning-based flu
detection model to address this issue.

The paper is structured as follows: Section 2 describes
the methodology and architecture of our Flu Detection
model, detailing each phase and the algorithms used. Sec-
tion 4 evaluates the system’s performance through exper-
imentation, presenting results and discussing their impli-
cations. Finally, Section 5 summarizes the findings, dis-
cusses practical implications, and suggests directions for
future research.

2 Proposed Model

As illustrated in Figure 1, our proposed DL-based Flu De-
tection model is a supervised learning model employed for
flu detection. The model comprises our proposed Group-
Net and a stack output layers serving for classification task
include Linear (128 output units), ReLU, Dropout (with a
rate of 0.2), Linear (4 output units), and Softmax layer ar-
ranged in sequential order. The final output is a one-hot
vector representing probabilities.

The proposed GroupNet architecture is inspired by the
MobileNetV2 [5] framework and is designed to achieve a
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Figure 1. The architecture of the DL-based Flu Detection model

lower parameter count while maintaining competitive per-
formance for flu detection. The main modifications intro-
duced in this network are as follows: (1) the adoption of
lightweight Bottleneck blocks with an increasing number
of filters to improve hierarchical feature extraction; (2)
the integration of Group Normalization (GN) layers af-
ter convolutional operations to improve training stability;
and (3) the use of a Global Average Pooling 2D layer to
reduce spatial dimensions before the classification layer,
thereby decreasing model complexity and improving com-
putational efficiency.

Looking in detail at our proposed GroupNet architec-
ture, Conv2d, GN, ReLU, DepthwiseCon2D are repre-
sented for 2D convolution layer, GN layer, Rectified Lin-
ear Unit (ReLU) activation layer, Depthwise 2D convolu-
tion, respectively. In layers, f , g, a indicate filters, groups,
alpha. The notation 3×3 or 1×1 following the layer name
is used to indicate the kernel size (for example, 3×3 means
kernel size is (3, 3)). ReLU6 sets the maximum value of
ReLU activation to 6.

Residual connections are used to combine the outputs
from ReLU6 and the bottneck block, aiming to alleviate
the degradation problem, improve gradient flow and en-
hance learning capacity as well. Moreover, in the botte-
neck block, GN layers are placed immediately after the
Depthwise 2D convolution layer and subsequent 2D con-
volution layer to stabilize the training process, and reduce
internal covariate shift.

The Softmax layer calculates the predicted probabili-
ties for specific groups (Cough, Sneeze, Sniffle, etc). We
employ the Cross-Entropy loss function, represented by
Equation (1), to compare these predicted probabilities (de-
noted as ŷ) with the true labels y.

Lentropy = −
∑

i

yi · log(ŷi) (1)

To enhance the training of the Flu Detection model, the
Mixup algorithm [6] is employed as an augmentation tech-
nique applied to spectrograms. The Mixup algorithm op-
erates as follows: Given a pair of input spectrogram sam-
ples (xi, yi) and (x j, y j), where xi and x j denote the input
spectrograms, and yi and y j represent their corresponding
labels, the algorithm generates a synthetic sample (x̃, ỹ)
through the following operations:

x̃ = λxi + (1 − λ)x j

ỹ = λyi + (1 − λ)y j

Here, λ is a mixing coefficient randomly sampled from
a Beta distribution with parameters α, i.e., λ ∼ Beta(α, α).

2.1 Hyperparameter Optimization

To fine-tune the hyperparameters of our deep learning
model, we employed Bayesian Optimization. This tech-
nique constructs a probabilistic model of the objective
function and uses it to iteratively select promising hy-
perparameter configurations. Specifically, Bayesian Op-
timization aims to minimize the validation loss by opti-
mizing the following acquisition function:

a(x) = µ(x) + λσ(x), (2)

where µ(x) is the mean prediction of the objective
function at hyperparameter configuration x, σ(x) is the
standard deviation (uncertainty) of the prediction, and λ is
a parameter that balances exploration versus exploitation.

For our purposes, we utilized the BayesianOptimiza-
tion tuner to minimize the validation loss. The tuning
process was constrained to a maximum of 50 trials, with
each trial executed three times to ensure reliability. The
search was performed within a designated directory, with
results organized by project name. Bayesian Optimization
capitalizes on previous evaluation results to build a proba-
bilistic model, which guides the efficient exploration of the
hyperparameter space and aids in pinpointing the optimal
model configuration.

3 Dataset

ICBHI 2017 Respiratory Sound Dataset:

The ICBHI 2017 Respiratory Sound dataset [7] is a
comprehensive collection of respiratory sound recordings
gathered from various environments. It contains 6,898 res-
piratory cycles from 126 subjects, comprising a total of
920 annotated recordings. These recordings were sampled
at rates of 4 kHz, 10 kHz, and 44.1 kHz. Each recording
is annotated with labels indicating four respiratory condi-
tions: normal breathing, crackles, wheezes, or both crack-
les and wheezes, with the annotations provided by medical
experts.

FluSense dataset:

The FluSense [2] dataset was compiled from 21,000,000
non-speech audio snippets collected over a 7-month clin-
ical deployment study. These snippets were recorded in
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Figure 2. The GroupNet architecture

four hospital waiting rooms and include actual instances
of coughing. Additionally, the dataset contains precisely
45,550 seconds of audio from the Audioset dataset, featur-
ing labels including speech, cough, sneeze, sniffle, gasp,
silence, and background noise.

4 Performance evaluation

In this section, we detail the experimental setup and the
datasets used to train our proposed architectures. We uti-
lize three datasets: The ICBHI 2017 Respiratory Sound
dataset [8] to evaluate our proposed supervised model and
compare it with state-of-the-art methods, assessing the
performance of our backbone architecture, GroupNet.

4.1 Experimental Setup

In Table 1, the parameters used for the training process
are presented. The Adam optimizer is utilized to optimize
both the supervised and unsupervised models. The learn-
ing rate is set to 10−3, and the epoch and batch size are
configured as shown in Table 1. We will validate the per-
formance of flu detection and occupancy estimation using
various metrics, including Accuracy, Precision, Recall, F1
score, and Specificity.

Table 1. Training Configuration.

Epoch Batch size Optimizer
Flu detection 300 32 Adam

The performance metrics are defined as follows:

• Accuracy is the ratio of correctly predicted instances to
the total instances:

Accuracy =
T P + T N

T P + T N + FP + FN

where T P is true positives, T N is true negatives, FP is
false positives, and FN is false negatives.

• Precision is the ratio of correctly predicted positive in-
stances to the total predicted positives:

Precision =
T P

T P + FP

• Recall (or Sensitivity) is the ratio of correctly predicted
positive instances to all instances in the actual class:

Recall =
T P

T P + FN

• F1 Score is the harmonic mean of Precision and Recall:

F1 Score = 2 ·
Precision · Recall
Precision + Recall

• Specificity is the ratio of correctly predicted negative
instances to the total actual negatives:

Specificity =
T N

T N + FP

4.2 Validation of flu detection

In this section, we first evaluate our proposed supervised
model using the benchmark dataset (ICBHI 2017 Respi-
ratory Sound Dataset) to compare its performance against
other state-of-the-art models, with a particular focus on
validating our proposed GroupNet. Subsequently, we uti-
lize the pretrained supervised model to train and test on
the FluSense dataset.

The results in Table 2 highlight the performance of our
Supervised model with and without the Mixup data aug-
mentation technique, using Mel spectrogram and STFT as
preprocessing methods. Among the evaluated configura-
tions, our Supervised model with Mixup and STFT pre-
processing demonstrates the highest overall performance
metrics: Accuracy (60.71%), Recall (41.21%), and Speci-
ficity (77.85%). This combination consistently outper-
forms other configurations in Accuracy, Recall, and AS.
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Therefore, our Supervised model with Mixup and STFT
is selected as the optimal approach for achieving superior
classification performance and will be used in subsequent
experiments.

Table 2. Performance comparison of our Deep Learning- based
Flu Detection mode model with and without the Mixup data

augmentation technique.

CNNs Score Mel spectrogram STFT

Our Deep Learning-based Flu Detection without Mixup
Accuracy 52.25 59.35

Recall 28.65 36.95
Specificity 72.85 80.55

Our Deep Learning-based Flu Detection with Mixup
Accuracy 58.57 60.71

Recall 35.87 41.21
Specificity 79.59 77.85

Table 3. Performance comparison of our Deep Learning-based
Flu Detection model with other state-of-the-art models using

ICBHI 2017 Respiratory Sound Dataset.

Reference Recall Specificity Accuracy

Official, 4-class

[9] - - 39.56
[10] 20.81 78.05 49.43
[11] - - 49.86
[12] 31.12 69.20 50.16
[13] 41.32 63.20 52.26
[14] 26.00 68.00 47.00
[15] 36.36 71.44 53.90
Our Supervised model 43.52 76.55 55.75

Official, 2-class

[10] 33.15 78.05 55.60
[12] 47.70 69.20 58.45
[14] - - 54.10
[15] 51.40 71.44 61.42
Our Supervised model 53.32 76.12 64.04

Random, 4-class

[16] 58.43 73.00 65.70
[17] 48.63 84.14 66.38
[13] 63.69 64.73 64.21
[15] 54.69 80.45 67.57
Our Supervised model 61.32 83.23 70.12

Table 4. Performance comparison of GroupNet and
MobileNetV2 in terms of model size and accuracy on the

FluSense dataset.

GroupNet MobileNet V2
Size 1.28 MB 9.24 MB
Acc 88.21 86.58

The results in Table 3 demonstrate the effectiveness
of our proposed supervised model with Mixup and STFT
preprocessing compared to other state-of-the-art methods
using the ICBHI 2017 Respiratory Sound Dataset. Fol-
lowing the data splitting methodology of [15], our model
achieves superior performance metrics across all classes.
Specifically, our model shows improvements in recall,
specificity, and accuracy, indicating a more robust and re-
liable classification performance. These findings validate
the efficacy of incorporating Mixup and STFT techniques
in enhancing model accuracy and generalization.

We utilize the FluSense dataset to compare our pro-
posed GroupNet model with the state-of-the-art Mo-
bileNetV2 [5], which is a popular choice for mobile and
microcontroller applications. As shown in Table 4, both
models were trained for 20 epochs. The results indi-
cate that our GroupNet, despite its smaller size, achieves
higher prediction accuracy compared to MobileNetV2.

This makes GroupNet more suitable for real-time precise
predictions on resource-constrained devices

5 Conclusion

In summary, our deep learning-based flu detection model
plays a pivotal role in monitoring people’s health. We em-
ploy supervised learning to classify various types of flu
based on spectrogram analysis. We propose the Group-
Net architecture, which combines large-scale and small-
scale features (kernel sizes of 1 and 3) to achieve strong
performance. The model is significantly lighter than Mo-
bileNetV2 while delivering higher accuracy. Techniques
such as mixup augmentation enhance the model’s robust-
ness. Overall, our model demonstrates effectiveness in
rapidly identifying flu cases. Future work will focus on op-
timizing the model for real-time processing and integrat-
ing it with Internet of Things (IoT) devices for continuous
monitoring.
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