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Abstract—This paper proposes a strategy of combining 
multiple techniques to classify paediatric respiratory sound 
(PRS) from the Open-Source SJTU Paediatric Respiratory 
Sound Database. Inspired by recent successes in image 
classification, this work focuses on improving audio 
classification with limited and imbalanced datasets through 
Residual Networks (ResNet). These techniques include 
augmentations applied to audio features, supervised contrastive 
(SupCon) pretraining, and MixUp. These three techniques 
helped reduced overfitting due to imbalanced dataset. To 
further enhance accuracy, pre-processing, and training 
hyperparameters were optimized through Bayesian 
Optimization. The proposed strategy achieved over 95% 
training accuracies for the four tasks (11, 12, 21, and 22) in the 
IEEE BioCAS 2023 grand challenge. Through this strategy, the 
four tasks achieved calculated scores of 0.769, 0.632, 0.662 and 
0.512 respectively using the test dataset. The total score is 0.729 
including 0.1 obtained from the runtime bonus. 

Keywords—Supervised contrastive learning, MixUp 
finetuning, Respiratory sound classification 

I. INTRODUCTION 
With one of the highest mortality rates, early detection of 

respiratory diseases is pivotal in both the treatment and the 
maintenance of health conditions [1]. Auscultation can be used 
to identify abnormal respiratory sounds for diagnosis but is 
limited in its effectiveness. Auscultation requires experts with 
relevant experience, and even then, variability exists across 
multiple experts due to varying individual auditory systems 
[2]. Furthermore, intermittent abnormalities in some of these 
respiratory diseases make continuous monitoring required but 
challenging for conventional auscultation approaches [1]. 

To address the accessibility, reliability, and consistency of 
respiratory disease diagnosis, many studies on automated 
respiratory sound classification systems have been done as 
listed in [3], [4]. From the 2022 BioCAS Grand Challenge [4], 
Convolutional neural networks (CNN) and ResNets were 
popular among the top few winning teams. By converting to 
frequency-based features such as Mel-Cepstral Frequency 
Coefficients (MFCCs) or Short-time Fourier Transform 
(STFT), CNNs can extract key feature representation through 
the deep layers. For instance, [5] and [6] proposed ResNet 
while [6] and [7] proposed CNN.  

However, one pertinent issue with the existing respiratory 
sound databases is the class imbalance problem, where the 
normal audio heavily dominates the dataset. This imbalance 

leads to biases and low recall. To circumvent this problem, 
data augmentation techniques have been commonly 
employed. In last year’s grand challenge, [5], [6], [8] proposed 
samplers and different loss functions to reduce class 
imbalance. Nonetheless, current work is still lacking in 
imbalanced datasets, which better represents the                                 
real-world data. 

Building on previous works, this study seeks to improve 
the effectiveness of paediatric respiratory sound classification. 
With ResNet being highly successful such as in [5], we 
similarly propose a ResNet architecture. In addition to 
exploring various preprocessing methods, we focused on 
alleviating the impact of limited and imbalanced datasets in 
this work. Originally designed for vision tasks with limited 
data [9], the SupCon approach improved classification 
capability by being more sensitive to the subtle variations in 
the MFCC for the respiratory sound of different anomalies. 
Furthermore, the MixUp method showed potential in previous 
studies for imbalanced data [10], [11], and we saw similar 
positive outcomes with respiratory audio data [12]. The 
contributions of this work are summed up as followed: 

• We illustrate the use of image augmentation techniques 
for MFCC augmentation, namely random crop, and 
random flip in the preprocessing step. 

• We implemented SupCon to improve the performance 
of ResNet using a limited respiratory sound dataset. 

• We implemented MixUp to further enhance 
classification ability with the imbalanced dataset. 

The strategy achieved competitive performance in the four 
tasks listed under the IEEE BioCAS Grand Challenge [4]. To 
our best knowledge, there has not been any work exploring the 
combination of the three techniques in addressing imbalanced 
respiratory audio dataset. This paper is organized as follows: 
Section II introduces the proposed models and techniques. 
Section III discusses the results of PRS classification and 
benchmarks against comparable works. Section IV 
summarises and concludes the work. 

II. PROPOSED MODELS 
The block diagram in Fig. 1 illustrates the full flow of our 

proposed strategy, including the SupCon pretraining and 
MixUp finetuning steps. First, the raw PRS signal was 
preprocessed to extract MFCC feature with augmentation 
techniques. The SupCon pretrained model encoded the feature 
into a high-dimensional embedding vector where data with the 
same label are close together while the distance between 
different labels are further apart. The linear classifier was used 
for classification and where finetuning can be done. The 
MixUp method was employed during finetuning to mitigate 
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overfitting caused by the limited training data. By specifying 
different tasks, a different configuration can be used to 
configure the model and the hyperparameters. For the 
classification of the entire recording (record level) instead of 
clipped audio (event level), we attempted real-time inference 
using a sliding-window approach. This is further explained in 
Section III.C. 

A. Data Processing and Balanced Sampler 
Pre-normalization in the time domain was used to scale 

each signal to an amplitude of ±0.5 and a mean of 0. Following 
this, MFCC was extracted with optimized hop length and 
number of filter channels (elaborated further in Section III.B). 
To ensure equalized input levels when feeding the data into 
the cascaded SupCon pretrain model, Z-score normalization 
was performed on the feature.  

 To reduce biases due to an imbalanced dataset, a balanced 
sampler was used in the construction of DataLoaders. For 
balanced samplers, a weight is assigned to each class 
reciprocal to the amount of sample present in the dataset. The 
weighted random sampler ensures that every batch includes a 
similar number of samples from each category by randomly 
selecting samples from each class based on the weights. 
Moreover, to prevent the selection of identical samples 
through repeated sampling, various transforms, such as 
random crop and random flip, were implemented in the collate 
function during the generation of DataLoaders. These 
transforms introduce diversity and variation into the samples 
within each batch. 

Each MFCC initially had the same number of channels, but 
a different number of elements along the time axis. Random 
cropping provided two-fold advantages in this context. Firstly, 
it allowed us to crop every sample to a consistent length for 
feeding into the subsequent neural network. For samples that 
exceeded the desired window size, random cropping trimmed 
them to a shorter length randomly. Similarly, for shorter 
samples were randomly padded with zeroes, represented by 
the mean value after z-score normalization. The second 
advantage of random cropping is that it increased the 
robustness of the neural network. Random cropping simulated 
event shift along the temporal axis, enabling the network to 

develop increased tolerance to temporal variations and shifts 
within the PRS signals.  

Despite the variation in the order between exhale and 
inhale signals, the label for each breath should remain the 
same. To enable the model to effectively recognize this 
bidirectional information, random flipping was applied as a 
data augmentation technique. Random flipping allowed the 
model to learn and generalize better to the different directional 
patterns present in the PRS data. This enhanced the model's 
ability to accurately classify respiratory sounds regardless of 
the breathing cycles. 

However, to ensure the integrity and accuracy of the test 
results, the DataLoader for the test dataset retained the default 
sampler without any repetition or shuffling. This ensures that 
each sample in the test set is presented in its original order, 
without any randomization that may introduce bias or affect 
the evaluation of the model's performance. By maintaining the 
default sampler, we could obtain reliable and unbiased test 
results for the PRS classification model.  

B. Supervised Contrastive Pretraining 
In recent years, contrastive learning [13] has emerged as a 

powerful technique in the field of representation learning. 
While contrastive learning initially gained prominence in self-
supervised settings, it has shown remarkable success in 
unsupervised training of deep image models [14]–[16] and 
even learning sound events [17]. Modern batch contrastive 
approaches have not only surpassed but also significantly 
outperformed traditional contrastive losses. [9] extended the 
application of contrastive learning from self-supervised to the 
fully-supervised setting, enabling us to effectively leverage 
label information when available. By applying SupCon 
pretraining, the pretrained model became adept at learning 
robust and discriminative representations, which are crucial 
for accurate PRS classification.  

The SupCon DataLoader was created using two crop 
transformations, where each feature map passed through a 
composed data augmentation process. This augmentation aims 
to increase the variability within signals sharing the same label. 
This pair of contrastive data passes through the pretrain model 
during each iteration of pretraining to give embedding vectors 

 
Fig. 1. Schematic diagram for overall model, which includes data pre-processing, supervised contrastive pretraining and MixUp finetuning.  



as the output, where contrastive loss can be calculated. This 
loss was then used for updating the weights of the pretrained 
model.  In the pretrained model, audio samples with the same 
label were clustered together in the embedding space, while 
simultaneously maximizing the distance between different 
labels. The representation of each signal was captured as an 
embedded array, and the projection diagram illustrating these 
embeddings can be visualized using t-SNE plots, as shown in 
Fig. 2. 

III. OPTIMIZATION 
To further improve the performance of the proposed 

network, optimization was done to further address data 
scarcity and to choose the right parameters in preprocessing 
and training. 

A. MixUp Finetuning  
SupCon pretraining played a crucial role in significantly 

reducing the initial loss and improving the accuracy during the 
subsequent fine-tuning process, which involves the 
classification using a linear classifier. Furthermore, a recent 
paper has also confirmed the success of SupCon for 
respiratory audio [18]. However, if the same dataset is used for 
both pretraining and finetuning, there is a risk of overfitting, 
particularly when working with limited trainable data. To 
address this issue, the MixUp method was used. The MixUp 
method was initially introduced to regularize the network and 
demonstrated its efficacy in enhancing the performance of 
classification models [11], [12]. The regularization effect 
helped in preventing overfitting, especially with a limited 
dataset. The MixUp method involves creating new samples by 
combining original samples with others, wherein the labels for 
the mixed samples are also generated based on their 
constituent labels. The MixUp process is represented as 
follows [11]: 

𝑥𝑥� = 𝜆𝜆𝑥𝑥𝑖𝑖 + (1 − 𝜆𝜆)𝑥𝑥𝑗𝑗  (1) 

𝑦𝑦� = 𝜆𝜆𝑦𝑦𝑖𝑖 + (1 − 𝜆𝜆)𝑦𝑦𝑗𝑗  (2) 

Here, 𝜆𝜆  is controlled by the MixUp interpolation 
coefficient α and follows a beta distribution  𝑋𝑋~𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵(𝛼𝛼,𝛼𝛼). 
By training the model on these synthesized samples, the 
MixUp method encourages the model to learn from the 
relationships and patterns present in different samples. 
Although the MixUp method may lead to a slight degradation 
in training accuracy, it showed improvements in both 
validation and test scores during the finetuning process for our 
implementation. The specific results can be observed in Table 
I. We focused on inter-test scores as the due to increased 
variability across patients. 

B. Tuning of Preprocessing and Hyperparameters 
We employed Bayesian optimization to further improve 

our model using Tune [19]. This optimization process 
involved tuning both the hyperparameters and the 
preprocessing parameters to maximize performance. For the 
hyperparameters, the search space included important factors 
such as the learning rate (1e-4, 1e-1) the number of 
convolution layer filters, and dense layers (in power of 
two’s). In the case of supervised contrastive training, the main 
parameters considered in the search space were the 
temperature (0.1, 0.9) and learning rate. 

Preprocessing parameters including the hop length, the 
number of MFCC coefficients, and the FFT length, were also 
optimized to enhance the preprocessing stage. Eventually, the 
MFCC features were extracted using the optimal parameters. 
This systematic tuning of both network and preprocessing 
hyperparameters allowed us to identify the optimal 
configuration that maximized the performance of our model 
for PRS classification.  

C. Real-time Inference for Record level Task 
 For task 2, the classification of PRS signals can be 
performed in real-time by implementing a sliding-window 
approach instead of classifying with the full audio recording. 
The label assigned at the record level is closely related to the 
event level classification within each record.  

 The events can be categorized into Continuous 
Adventitious Sounds (CAS), and Discontinuous Adventitious 
Sounds (DAS). CAS includes include Rhonchi, Wheeze, and 
Stridor, while DAS includes Coarse Crackle and Fine Crackle. 
If any of these adventitious events are detected within a PRS 
record, the record is classified accordingly as CAS or DAS. 
Conversely, if no normal or adventitious events are identified 
in the entire record, it is classified as a “Poor Quality” record. 
By applying the sliding-window technique, real-time 
inference can be achieved by continuously analyzing the 
signal within the sliding window. This allows for the 
monitoring of the lung sound status in real-time, providing 
event outputs with minimal latency. Additionally, the 
occurrence of event level labels can be used to further cluster 
and analyze the record level labels, providing valuable insights 
into the distribution and occurrence patterns of different events 
within the PRS recordings. 

To implement the proposed algorithm, we retrained the 
event level model by extending the event shape to match the 

 
Fig. 2. t-SEN Plot for Task 11, 12, 21 and 22 on validation datasets. 

TABLE I  COMPARISON ON PERFORMANCE OF MIXUP METHOD  

Topology Dataset Task 11 Task 12 Task 21 Task 2-2 

Linear 
Classifier 

Train 0.998 0.976 0.938 0.895 
Valid 0.898 0.854 0.785 0.708 

Inter-Test 0.836 0.801 0.731 0.557 

+ MixUp 
Train 0.950 0.924 0.874 0.826 
Valid 0.913 0.866 0.792 0.711 

Inter-Test 0.851 0.816 0.745 0.579 
 



window size. Additionally, we introduced a new category for 
poor-quality events. When a record is labelled as poor quality, 
the isolation function selects a poor-quality event using 
random cropping to reduce repetition within batches. 
Considering the characteristics of different events [1], where 
most events have a duration of fewer than three seconds, we 
set a window length of three with a one-second overlap 
between consecutive windows. This design choice helped 
prevent accidental identifications and increased the model's 
tolerance for event recognition. Specifically, for a positive 
classification at record level, two consecutive repeated events 
must be detected. If abnormal events are present in the record, 
the record is classified as an adventitious event. Furthermore, 
we checked for the presence of normal events. If there are only 
poor-quality events in a record, it is classified as poor quality. 

IV. RESULTS AND DISCUSSION 

A. Classification Results 
The performances of all four tasks (without real-time 

inference) are shown in the confusion matrix in Fig. 3, with 
the scores calculated based on [4] shown in following 
subsections. Some of the events have zero samples in provided 
inter-test dataset, leading to rows of zeros.  

B. Real-time Inference Challenges 
Fig. 4 shows an example of the sliding-window and the 

classification for each window, whose window size is three 
seconds, and the corresponding sliding length is one second. 
The conversion between the period and number of frames in 
the feature map can be found in equation (3), where the 
sampling rate is 8000 and the hop length is 128.  

𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹 =  
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡(𝑠𝑠) × 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 (𝐻𝐻𝐻𝐻)

ℎ𝑜𝑜𝑜𝑜 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ
 (3) 

While the sliding-window approach incur delay in overall 
computation, it offers real-time classification and accurately 
indicates the exact occurrence time of adventitious events as 
in Fig. 4. The average score obtained for task 21 and 22 for 
both inter- and intra-classification are 0.835 and 0.680 
respectively. However, the decision-making process to 
integrate the event level classification into a record level 
classification remains challenging. The average final record 
level score of 0.539 And 0.436 are obtained for task 21 and 
task 22 respectively as shown in Table II. In this study, the 

naive algorithm to check for consecutive classifications may 
fail for real-life implementation due to variability of the 
anomalies in respiratory sound. As such, we decided that our 
sliding-window approach is not mature enough for PRS 
classification and reverted to stand-alone record level 
classification for task 2, with the inter-test results shown in Fig. 
3 and final test results shown in Table III. 

C. Benchmarking and Discussion 
As seen in Table I, the training accuracy decreased with 

the use of MixUp while test accuracies increased, confirming 
the problem of overfitting. Table III further shows how the 
different techniques contributed to the improvement in 
performance (final test score).  

SupCon and MixUp simulated effects of having a larger 
dataset, making the proposed approach well-suited for 
constructing a pretraining model with high specificity and 
precision. To address the issue of limited data, we enhanced 
the algorithm by incorporating MixUp into the supervised 
contrastive loss. This approach effectively tackles the problem 
of data insufficiency during the pretraining process. 

V. CONCLUSION 
In this paper, a comprehensive approach to PRS 

classification is introduced. Using augmentation, SupCon and 
MixUp, we were able to improve the network’s robustness 
against overfitting due to a limited dataset. The sliding-
window approach provided valuable information on the 
occurrence of adventitious events and enabled real-time 
classification. However, real-time classification remains 
challenging. Furthermore, developments on decision-making 
for the sliding-window approach will improve the real-time 
classification performance. Access to larger datasets will also 
contribute to refining and expanding the applicability of our 
approach in clinical settings.   

TABLE III BENCHMARK TABLE  

Topology Task 11 Task 12 Task 21 Task 22 
CNN 0.728 0.526 0.537 0.413 
   + MixUp 0.744 0.552 0.531 0.415 
ResNet 18 0.708 0.576 0.557 0.443 
   + SupCon 0.754 0.617 0.648 0.490 
   + SupCon + MixUp 0.769 0.625 0.658 0.494 
   + SupCon + MixUp + Tune 0.762 0.632 0.662 0.512 

 

 
Fig. 3. Confusion Matrix for Task 11, 12, 21 and 22 on inter-test datasets. 

 
Fig. 4. Example of sliding-window based PRS signal recognition. 

TABLE II SLIDING WINDOW SCORES 

Classification Level Task 21 
(intra) 

Task 22 
(intra) 

Task 21 
(inter) 

Task 22 
(inter) 

Event level 0.840 0.660 0.830 0.700 
Record level (integrated) 0.548 0.431 0.530 0.440 
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