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Abstract—This paper presents a supervised contrastive learning
(SCL) framework for respiratory sound classification and the
hardware implementation of learned ResNet on field
programmable gate array (FPGA) for real-time monitoring. At
the algorithmic level, multiple techniques such as feature
augmentation and MixUp are combined holistically to mitigate the
impact of data scarcity and imbalanced classes in the training
dataset. Bayesian optimization further enhances the classification
accuracy through parameter tuning in pre-processing and SCL.
The proposed framework achieves 0.8725 total score (including
runtime score) on a ResNet-18 model in both event and record
multi-class classification tasks using the SJTU Paediatric
Respiratory Sound Database (SPRSound). In addition, algorithm-
hardware co-optimizations including Quantization-Aware
Training (QAT), merge of network layers, optimization of memory
size and number of parallel threads are performed for hardware
implementation on FPGA. This approach reduces 40% model size
and 70% computation latency. The learned ResNet is implemented
on a Xilinx Zynq ZCU102 FPGA with 16ms latency and less than
2% inference score degradation compared to the software model.

Index Terms—Respiratory sound classification, Balanced
sampler, Supervised contrastive learning, MixUp finetuning,
Bayesian optimization, Fixed-point quantization, FPGA.

1. INTRODUCTION

ESPIRATORY diseases such as chronic obstructive
pulmonary disease (COPD) and lower respiratory
infections are the leading causes of death globally [1].
Early detection of respiratory disorders helps clinician to
diagnose and intervene timely for better treatment outcome [2].
Auscultation with stethoscope is the primary diagnosis tool
used by clinician to identify abnormal respiratory sound [3].
The current medical practice requires a clinician to conduct the
auscultation procedure. Due to the varying individual auditory
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systems, the human factor may affect the diagnosis results. To
address the accessibility, reliability, and consistency challenges
in the diagnosis of respiratory diseases, automated respiratory
sound classification has attracted considerable research
interests. Early efforts used machine learning methods such as
support vector machine (SVM) [4], Hidden Markov Model [5],
Naive Bayes [6], and Logistic Regression [7]. More recent
works focus on deep neural networks [8-17]. These methods
convert the one-dimensional time-domain respiratory sound
data to two-dimensional array using spectral transformations
such as log-Mel spectrogram, short-term Fourier transform
(STFT), Mel coefficients (MFCC), and wavelet transformation.
Deep neural networks such as CNN, RNN, attention-based
algorithm and hybrid neural networks are then used to extract
and classify the feature representations [18-20].

The accuracy and robustness of Al algorithm are highly
dependent on the training data quality and the accuracy of
labeling. Common limitations of the existing respiratory sound
databases are data scarcity and class imbalance [21]. Most
labels show normal status in the publicly available databases
such as ICBHI [22] and SJTU paediatric respiratory sound
database (SPRSound) [21]. Imbalanced datasets lead to biases
where the trained neural network favours the majority class. As
most of the minority classes indicate abnormal events, the
biases against the minority classes result in significant false
negatives. The robustness of a learning algorithm can be
enhanced through data augmentation, model pruning and
parameter penalty. The efficacy of the method can be evaluated
using various datasets [23], [24]. Online learning also can be
applied to finetune model parameters with actual data to
improve robustness [25], [26].

In recent years, contrastive learning has emerged as a
powerful technique for representation learning [27]. It has
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Fig. 1. (left) Block diagram of training framework, including 3 stages of pre-processing, SCL and MixUp finetuning. (right) Block diagram of model for inference.

shown remarkable success in unsupervised training of deep
image models [28] and sound events learning [29], [30].
Recently, the introduction of supervised contrastive learning
(SCL) allows better utilization of labelled data, and it is proven
effective in preventing overfitting [31]. Hence, SCL has great
potential in respiratory sound classification to overcome the
challenge of data scarcity and class imbalance. On the other
hand, to enable continuous monitoring outside hospital setting,
the algorithm should be suitable for implementation in portable
devices. Most of the recently reported bio-signal monitoring
hardware designs aims for cardiac monitoring [32],
electroencephalogram (EEG) monitoring [33] and cough
detection [34]. There is very limited literature on hardware
implementation for real-time respiratory sound classification.
In this work, we present a SCL framework for neural network
training with limited and imbalanced dataset as well as the
hardware implementation of the learned ResNet on field
programmable gate array (FPGA) for real-time respiratory
sound classification. The contributions of this work can be
summarized as follows,
(1) The development of a SCL framework that combined
multiple techniques in a holistic manner to address data
imbalance and overfitting in the neural network training
process. More specifically, a balanced sampler is used to
generate more representations from the minority classes to
reduce the bias. Two-view transform with random data
augmentation enhances SCL model’s generalization and
robustness. MixUp is used to fine tune the model and prevent
overfitting. In addition, Bayesian optimization further enhances
the learning and classification accuracy through the tuning of
hyperparameters and pre-processing parameters. These
techniques effectively improve the accuracy and robustness of
the respiratory sound classification algorithm.
(2)  Algorithm-hardware  co-optimization for FPGA
implementation with low hardware cost and latency. By
embedding weight quantization into the network training loop,
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Fig. 2. (a) flow chart of SCL, (b) basic residual block in ResNet-18 network,
(c) Fully connected layer linear classifier in SCL.

lector

the quantization loss can be effectively compensated during
quantization-aware training. The quantized model is further
optimized by merging batch normalization into convolution
layer to reduce the number of MAC operations. The
optimization of memory size and number of parallel threads
reduces latency and improves data throughput. This co-
optimization reduces model size by 40% and computation
latency by 70%.

The proposed SCL framework achieved the best overall
performance in the 2023 IEEE Biomedical Circuits and
Systems Conference (BioCAS) Grand Challenge on respiratory
sound classification using the SPRSound database [35]. This
paper is an extended version of [36] with additional
comprehensive algorithm analysis, details of hardware
implementation and measurement results. The rest of this paper
is organized as follows: Section II introduces the proposed SCL
framework. The details of building blocks are presented in
Section III. Inference and hardware implementation are
elucidated in Section IV. Section V delves into the
classification results, hardware utilization, and performance
benchmarking. Finally, Section VI concludes the work.

II. PROPOSED FRAMEWORK

Fig. 1(left) shows the block diagram of the proposed
framework for model training. It contains three main stages:
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Fig. 3. (left) MFCC feature augmentation techniques for event classification task training. (right) Illustration of how SCL pushes apart positive and negative classes

in the embedding space.

pre-processing, supervised contrastive learning and Mixup
finetuning. The raw respiratory signal is firstly pre-processed
by a balanced sampler to reduce the bias due to imbalanced
dataset. Next, the input signal MFCC feature map is generated
and standardized with Z-score normalization [37]. In Stage II,
MFCC feature map is used to train the neural network using
SCL. Data augmentation techniques are applied to MFCC
feature map to generate two correlated views of the data. The
SCL algorithm flow chart is shown in Fig. 2(a) (details refer to
Section III C). In this work, ResNet-18 [38] is selected as the
backbone of SCL for its relatively simple structure and low
hardware resource requirement. The basic residual block in
ResNet-18 is shown in Fig. 2(b). Guided by the supervised
contrastive loss function (SupCon), embedded data with the
same label are clustered together while data with different
labels are clustered further away, enhancing model’s
generalization capability and robustness. The trained ResNet-
18 network is transferred to Stage III for fine tuning. To
mitigate the risk of overfitting, the MixUp method is employed
during fine-tuning [39]. The embedded vectors are then used
for classification using a fully connected layer linear classifier
shown in Fig. 2(c).

The SPRSound database [21] is used in this work for model
training and performance evaluation. It contains 6656 labelled
events and 1949 labelled recordings. Each recording is
segmented into multiple respiratory events, annotated as
Normal (N, 77.5%), Wheeze (W, 6.8%), Rhonchi (R, 0.6%),
Stridor (S, 0.2%), Coarse Crackle (CC, 0.7%), Fine Crackle
(FC, 13.7%) or Wheeze & Crackle (W&C, 0.5%). Recordings
are labelled as Normal (N, 66.9%), Continuous Adventitious
Sounds (CAS, 6.9%), Discontinuous Adventitious Sounds
(DAS, 12.7%), CAS & DAS (C&D, 4.4%) or Poor Quality (PQ,
9.1%). The audio files are mono-channel recorded and sampled
at 8kHz with 16-bit data resoultion. The four classification tasks
are:

Task 1-1: Binary classification of Normal and Adventitious;

Task 1-2: 7-class classification of N, W, R, S, CC, FC, W&C;

Task 2-1: 3-class classification of Normal, Adventitious and
Poor-Quality;

Task 2-2: Five-class classification of N, CAS, DAS, C&D, PQ.

III. STAGES OF PROPOSED FRAMEWORK

A. Data Pre-processing

Input voice data is firstly processed by time-domain
normalization to scale the signal’s amplitude to +0.5 with zero
mean. Next, MFCC feature map is generated with optimized
hop length and number of filter channels (details refer to
Section III.LE). To ensure uniform input level to the following
SCL model, Z-score normalization is performed to standardize
the MFCC feature map.

With an intrinsically imbalanced dataset, a balanced sampler
is required to reduce the classification bias towards the majority
classes. By assigning each class a weight that is reverse
proportional to the class’s percentage in the dataset, this
balanced sampler ensures that similar number of samples from
each class can be selected in each data batch.

B. Data Augmentation

To generate more data representations from the limited
dataset available for model training, data augmentation is
required to generate subsets of the original training data.
Inspired by the data augmentation techniques proposed in [40],
random cropping, random flipping and random time masking
are applied to the MFCC feature map as shown in Fig. 3 (left).

Random cropping serves two functions. Firstly, a uniform
feature size can be obtained by either trimming away the data
that exceeds the window size or padding the data shorter than
the window size with the mean value obtained from Z-
normalization. Secondly, random cropping emulates event shift
along the temporal axis, enabling the network to develop better
tolerance to temporal variations and shifts. Random flipping
enables the network to learn and generalize from different
directional patterns when data is presented in different
orientations. Random time masking purposely obfuscates a
randomly selected segment of data in the time window. This
method ensures that a model doesn't over-rely on specific time
segments and learns more generalized features.

To preserve the pathological features of the respiratory
sounds, data augmentation is not carried out at the inference
stage. At the training stage, it may appear that the pathological
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feature of the data can potentially be corrupted based on the
augmentations. However, it should be noted that the
augmentation does not alter the signal but is merely providing
an alternative “view” of the signal of the same label. While it is
possible that augmentations such as random cropping can crop
out the critical sections which led to the initial label being
annotated, the augmented data is still derived from the original
signal. This imply that there may be residual features from the
critical section. While it is not the focus of this work, a rigorous
mathematical study can be helpful in determining the presence
of such residue and its impact. The random nature of the
augmentations allows such augmentations to be analogous to
noise to help improve robustness of the model.

C. Supervised Contrastive Learning

Fig. 2(a) shows the SCL algorithm flow chart. The input
respiratory sound feature (x) undergoes data augmentation
(Augment; j(x)) to generate two correlated views (x;, x;), which
contain subset of information from the original sample. The
contrastive representations (v;, ;) are generated through
ResNet-18 as an encoder. The SupCon loss is calculated using
embedding vectors (z;, z;) from the two-view transform together
with the ground truth label. Thus, the process to reduce SupCon
loss in model training also minimize the distance among
different representations with the same type of label, so that
they can be pulled together in the embedding space.

The contrastive loss function, denoted as LS*P as shown
below in (1), governs the learning process.

SW_ELHM

where i is the index of an arbitrary augmented sample within a
training batch I, P (i) is the set of indices of all positives in that
batch except i, and |P(i)] is its cardinality, z is the normalized
embedded vector, T is a scalar temperature parameter, and
A(i) = I\{i}. This loss is used to update the weights of the SCL
model. Supervised by the label and the contrastive loss
generated from two-view transform, clusters of points
belonging to the same class are pulled together in the
embedding space, while simultaneously pushing apart clusters
of samples from different classes as illustrated in Fig. 3 (right).
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D. MixUp Finetuning

The SCL model plays a crucial role in reducing the initial
loss and improving the accuracy during the subsequent fine-
tuning process. However, if the same dataset is used for both
SCL training and finetuning, there is a high risk of overfitting,
particularly when working with limited training datasets. To
address this issue, the MixUp method is used to regularize the
network with new data samples by blending original samples
with the samples from other classes. The labels for the mixed
samples are created based on a combination of their
corresponding labels [39]. The MixUp process is represented as
follows:

%
y

Axi + (1 — A)X] (2)
Ay + (1= Dy, 3)

TABLE I
COMPARISON ON PERFORMANCE OF MIXUP METHOD

Topology  Dataset Task 11 Task 12 Task 21 Task 22
Linear Trai_n 0.998 0.976 0.938 0.895
Classifier Valid 0.898 0.854 0.785 0.708
Test 0.828 0.821 0.746 0.607
Train 0.950 0.924 0.874 0.836
+ MixUp Valid 0913 0.866 0.792 0.711
Test 0.849 0.840 0.763 0.629

where 4 is controlled by the MixUp interpolation coefficient a
and follows a beta distribution X~Beta(a, a). By training the
model on these synthesized samples, the MixUp method allows
the model to learn from the relationships and patterns in
different samples. Although the MixUp method may lead to a
slight degradation of training accuracy, our implementation
shows improvements in both validation and test scores during
the finetuning process, as presented in Table I.

E. Bayesian Optimization

To identify the optimal SCL model configuration, Bayesian
optimization is employed using the open-source code Tune [41].
This optimization process involves the tuning of both the pre-
processing parameters, including hop length, number of MFCC
channel, FFT length and the hyperparameters, including
learning rate, number of convolution layer filters, number of
neurons. For SCL training, the main parameters included in the
search space are the temperature and learning rate.

IV. HARDWARE IMPLEMENTATION

For hardware implementation on resource-constraint mobile
devices, the software algorithms which are commonly trained
in 32-bit floating point (FP32) precision need to be quantized to
lower fixed bit-width. Furthermore, for practical application in
diagnosis and daily monitoring, real-time classification is an
essential feature.

A. Fixed-point Quantization

Both post-training quantization (PTQ) and quantization-aware
training (QAT) [42] are evaluated to compare their performance.
It should be noted that, for both methods, the input MFCC feature
maps are fixed at INT8 for various quantization bit-widths to
prevent excessive loss of information, while model weights, bias,
and activations (interlayer outputs) are quantized to the respective
fixed bit-width.

The PTQ function is implemented in Python as part of the
proposed algorithm framework [43]. The trained FP32 weights
are quantized to fixed-point integer numbers of signed 2x2" states
(), where n denotes the bit length. The quantization procedure
starts with the searching for the maximum and minimum numbers
in the weight matrix, which are denoted as Wua and Wiy,
respectively. These values set the boundaries of states, and the
step size is defined as

Wimax — Wnin
Aw = ST 4)
For each weight entry in the weight matrix, the mapping process

follows (5),
) . Aw
wj = Sjp1, i lwp— (s1+jxAw)| < R (5)

wherej=0,1,2,...,2"— 1.
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The QAT flow chart is shown in Fig. 4. Unlike PTQ, the QAT
process is performed within the training loop [44]. As shown in
Fig. 4, the floating-point training is firstly initiated with random
initial weights. Then, backpropagation computes the loss in FP32
format to guide the adjustment of model weights. The trained
FP32 model sets the range of weights for QAT. To enable a direct
memory mapping to FPGA, all the model parameters,
encompassing the MFCC feature input, layer weights, biases,
and activations (interlayer output), are restricted to radix-2
number format throughout the training process. In addition,
Bayesian optimization helps for the tuning of hyperparameter
such as learning rate to avoid falling into extreme values, which
may cause missing intermediate quantization states or hindering
weight adjustment between states.

The QAT process yields a quantized model accompanied with
a quantization loss in FP32 format. Although the training time of
QAT is longer than PTQ, the classification performance of QAT
is better as the results is less sensitive to the reduction of bit-width
from 32-bit (FP32) to 4-bit (INT4) as seen in Fig. 5.
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Fig. 6. Illustration of sliding-window based real-time respiratory sound signal
recognition.

B. Real-time Inference

An illustration of the sliding-window based real-time
respiratory sound inference process is shown in Fig. 6. The
statistic characteristics of respiratory sound show that events
usually have a duration between one second and three seconds
[21]. Hence, the sliding window length is set as three seconds
and each time step move one second, so that each feature will be
captured by at least one window.

For real-time inference, the quantized model is retrained with
data segmented in three-second length to match with the sliding
window size. Another modification to the real-time inference
algorithm is the number of classes for each task. Grand
Challenge’23 only requires 2-class classification of “Normal”
and “Adventitious” for Task 1-1, 7-class classification of
“Normal” and 6 “Adventitious” events for Task 1-2, omitting
the poor quality class in the SPRSound and Grand Challenge’23
datasets. However, this class is required in real-time inference
for the scenario where the input signal quality is poor. Hence,
the classification requires 3-class for real-time Task 1-1 and 8-
class for real-time Task 1-2. The number of periods to be
evaluated is calculated based on (6).

record length — window size

n= sliding length ] (®)

The conversion between the period and number of frames in
the feature map can be found in (7), where the sampling rate is
8 kHz, and the hop length is 128.

time(s) X SamplingRate(Hz)

F = 7
rame hop length )

By applying the sliding-window technique, real-time
inference can be achieved by continuously analysing the signal
within the sliding window. This allows for the monitoring of
the lung sound status in real-time to provide event outputs with
minimal latency. Additionally, the occurrence of event-level
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labels can be used to further cluster and analyse the record-level
labels, providing valuable insights into the distribution and
occurrence patterns of different events.

C. FPGA Implementation

Fig. 7 shows the high-level system architecture for model
implementation on FPGA with the assistance of existing IPs.
The quantized neural network model in Python is firstly
converted to MATLAB code and then compiled to executable
HDL using MATLAB Deep Learning HDL Toolbox [45]. As
shown in Fig. 7, the ARM core communicates with the host
using a Linux Industrial Input/ Output (LIBIIO) IP via Ethernet
and accesses the DDR4 memory using Datamover IP. The

ResNet-18 network is implemented with Deep Learning IP [46].

The key parameters for MFCC block include 64 MFCC
channels, 512-point FFT and hop length of 128. The extracted
feature maps are streamed to FPGA continuously, and the
output of linear classifier is sent back to host to generate
classification result.

MATLAB code optimizations are performed to further
improve the FPGA inference performance as listed below:
(1) As FPGA only performs the inference task, the batch
normalization layer can be merged into the convolution layer
by embedding the mean and variance parameters used in batch
normalization into the weight and bias parameters of
convolution layer to reduce the number of multiply-accumulate
(MAC) operations, leading to faster inference speed.
(2) Other than using the default size BRAM allocated by Deep
Learning IP, the cache BRAM size for convolution operation is
modified to match with the dimension of input MFCC feature
map. Similarly, the cache BRAM size for fully connected layer
also matches with the number of classes. Additionally, the
number of parallel MAC threads for convolution operation and
fully connected processor are optimized to 64 and 16 to
streamline the process flow to reduce latency and in turn
improve data throughput.

V. RESULTS AND DISCUSSION

A. SCL Training Results

Fig. 8 shows the confusion matrix of four classification tasks
using SPRSound testset. It indicates that the learned model
performs better in event-level classification (Tasks 1-1 and 1-
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Fig. 8. Confusion matrix of four classification tasks using SPRSound testset.

2) compared to record-level classification (Tasks 2-1 and 2-2),
as records typically have longer durations and include more
complex features. The model training results is visualized using
t-SNE plots as shown in Fig. 9. The plots reveal distinct
clustering according to the various sound types across different
diagnostic tasks, demonstrating the SCL’s exceptional ability to
differentiate between the normal respiratory sounds and
pathological respiratory sounds. These visualizations highlight
the efficacy of the SCL embedding model in segregating
complex audio features for potential use in both event and
recording level automated respiratory diagnosis.

The algorithm performance is evaluated based on the
following metrics including Sensitivity, Specificity, Average
Score (AS) and Harmonic Score (HS) [21]. The overall score
for each task is the mean value of AS and HS.

AS + HS

- - 8
Score > (8)

The overall total score is the weighted sum of each task’s score.

Total Score = 0.2 X Score;_; + 0.3 X Score;_, +
0.2 X Score,_4 + 0.3 X Score,_, 9
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Fig. 9. t-SNE Plot for Task 1-1, Task 1-2, Task 2-1 and Task 2-2.
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Fig. 10. Classification scores with proposed techniques.

Fig. 10 illustrates the contribution of different techniques to the
model performance improvement, based on the results using
Grand Challenge’23 testset [35]. It can be observed that SCL
brings the most significant classification improvement, MixUp
alone is beneficial to both the CNN baseline and the
combination of ResNet and SCL.

In addition to classification accuracy, runtime latency is
another important feature for real-time respiratory monitoring.
Runtime score is defined as the normalized runtime compared
to the worst-case baseline reference.

Runtime Score = 0.1 X Norm[log,o(t) — log,(t,) ](10)

where t and t,, are the runtimes of current model and baseline
solution respectively. Fig. 11 compared the total score achieved
on SPRSound testset and Grand Challenge’23 testset from
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Fig. 11. Comparison of total score achieved on two different testsets
(SPRSound testset and Grand Challenge’23 testset).

TABLE II
HARDWARE IMPLEMENTATION PERFORMANCE

Task Real-time Task 1-1 Real-time Task 1-2
as (3 classes) (8 classes)
Quantization FP32 INT8 FP32 INT8
LUT 153,090 249,878 153,090 249,878
Utilization (61.96%) | (91.17%) | (61.96%) | (91.17%)
DSP 807 391 807 391
Utilization (32.02%) (15.52%) (32.02%) (15.52%)
e . 453 583 453 583
BRAM Utilization | 49 6704) | (63.93%) | (49.67%) | (63.93%)
Latency (ms) 61.08 16.18 61.09 16.19
Clock Frequency
(MHD) 220 250 220 250
Dynamic Power 671.5 323.0 671.5 323.0
(mW)
Throughput
(GOPs) 7.25 27.37 7.25 27.35
Energy Efficiency
(GOPs/W) 1.50 6.11 1.50 6.11
SPRSound Score 0.855 0.837 0.790 0.775
Grand Challange23| - 43 0.719 0.601 0.590
Score

different groups. We achieved the highest total score on both
testsets and relatively low score variation between the two
datasets (refer to Section V.C for more details).

B. Real-time Inference Results

A Xilinx Zynq ZCU102 FPGA is used to implement the real-
time respiratory sound inference tasks. As shown in Fig. 12, a
laptop controls and monitors the operation of FPGA via UART
port, while the audio data is streamed continuously to FPGA via
Ethernet port. The classification result and frame latency are
transferred back to the laptop for display.

Both FP32 and INT8 models can be deployed in FPGA for
real-time Taskl-1 and Taskl-2. The measured performances
are summarized in Table II. It can be observed that, for a fixed
quantization scheme (FP32 or INTS), there is no notable
difference in hardware utilization between the two tasks. This
is because the major difference between these two models is the
size of the linear classifier layer, which is only a small portion
of the overall model. Hence, the hardware utilization and
latency are similar.

Compared to FP32 model, the higher utilization of LUT and
BRAM in INT8 model is because of the reduced utilization of
DSP slice. In FP32 model, MAC operation is implemented in
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TABLE III
BENCHMARK TABLE
TBioCAS | BioCAS BioCAS BioCAS BioCAS | BioCAS BioCAS BioCAS This Work
2022217 | 2022 [117 | 2022 [12] | 2022[13] | 2022[14] | 2022 [15]| 2023 [16] 2023 [17]
Feature Feature Wavelet
Extraction MFCC STFT Polymerized Spectrogram | STFT MFCC Transform Spectrogram MFCC
Network Scikit-learn| ResNet | AutoGluon | DenseNet ResNet | 2D CNN Incep tion CNN ResNet
Model Residual
Model
NA 12.2M NA 14.1M 11.5M 0.8M >12M 0.3M 11.5M
Parameters
Represeptatlon NA Focal Ensemble NA NA NA KL-loss Dual input Supervised Cpntrastwe
Learning Loss Learning model Learning
Testset | SPRSound | SPRSound | SPRSound | SPRSound | SPRSound |SPRSound| ., Grand Grand SPRSound Grand
ostse ou ou o ou ou oW Challenge’23 | Challenge’23 ou Challenge’23
Score; 0.7522 0.8886 0.8196 0.8491 0.8926 0.8356 0.8097 0.7560 0.8946 0.7693
Score, ., 0.6157 0.8203 0.7425 0.7473 0.7970 0.7335 0.6666 0.4666 0.8403 0.6318
Scores 0.5671 0.7179 0.7114 0.7013 0.7151 0.6696 0.7443 0.6581 0.7635 0.6615
Score;, 0.3784 0.5331 0.5314 0.5285 0.4543 0.5176 0.6079 0.4583 0.6293 0.5121
Total Score | 5671 | 07273 0.6884 0.6928 0.6969 | 0.6764 0.6932 0.5603 0.7725 0.6293
w/o Runtime
Runtime (s) NA 634 216 443 1456 793 7902 2623 165%* 201
Total Score NA 0.7919 0.7884 0.7692 0.7342 | 0.7336 0.6931 0.5903 0.8725 0.7294
w/ Runtime

*Runtime reported by the grand challenge organizer. **Scaled based on the measurement result using local machine.

Fig. 12. Xilinx Zynq ZCU102 experiment setup.

DSP slices since it has embedded floating-point multipliers and
multiplexers which are suitable to implement FP32 operations.
In INT8 model, instead of using DSP slice, MAC operation is
implemented only with LUT and BRAM in a more energy
efficient way. We want to highlight that the benefit of saving
DSP slice outweighs the higher utilization of LUT and BRAM.
This can also be reflected from the lower dynamic power
consumption and latency of INT8 model.

The FPGA power consumption is measured using AMD-
Xilinx System Controller software. The static power is 4.154W,
and the dynamic power is 671.5 mW and 323.0 mW for FP32
and INTS, respectively. The clock frequencies for FP32 and
INTS are 220 MHz and 250 MHz, and the throughputs are 7.25
GOPs and 27.37 GOPs (27.35 GOPs for Real-time Task 1-2),
respectively. The corresponding energy efficiency is calculated
with the ratio of throughput and total power of respective mode.

Compared to a customized accelerator chip, the major
limitation of FPGA implementation using existing IP library is
the lack of signal flow optimization. For example, the current
MATLAB Deep Learning IP does not support pipeline dataflow,
resulting in relatively longer processing latency. Nevertheless,
FPGA implementation using existing IPs provides a viable
approach for rapid validation of algorithm implementation in
hardware, paving the way for next step hardware
implementation in chip.

C. Benchmarking and Discussion

A summary of the proposed algorithm perfomrnace is shown
in Table III and compared with other recent state-of-the-art
works reported in Grand Challenge’22 and Grand
Challenge’23. All models are trained with the same SPRSound
training dataset. It can be observed that the proposed model
achieved the shortest runtime among all reported models in both
2022 [47] and 2023 [35]. We also obtained the highest
classification score on SPRSound testset. Although [15] and
[17] use less weight parameters than this work, both require a
huge dynamic memory to store the inter-layer output, which
affects the inference speed.

It can be observed that there is relatively large variation
between the achieved total scores using two testing datasets.
This can be attributed to the difference in the testset data
composition. Almost half of the data in SPRSound testset is
intra-patient, which is recorded from the same group of
participants in the SPRSound training dataset [35]. In contrast,
the Grand Challenge’23 testset was constructed with 95 patients
outside of the SPRSound training dataset, hence all data are
inter-patient. Since the model is trained with SPRSound
training dataset, it is reasonable that the total score using
SPRSound testset is higher since there is certain correleation
between training and test datasets.
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Although the proposed framework shows significant
performance improvement, it still shows strong dependency on
the availability and quality of labelled data, which affects the
model's ability to generalize across different respiratory sounds
and conditions. To address this limitation, there are two major
directions we want to pursue. Firstly, model training with other
existing respiratory sound datasets such as ICBHI and
HF Lung V1 [48] should be explored to further enhance the
model generalizability and robustness. Secondly, unsupervised
or semi-supervised learning will be investigated to leverage the
unlabelled data more effectively.

VI. CONCLUSION

In this paper, a SCL-based network training framework for
respiratory sound classification is presented. The accuracy and
robustness of classifier using limited and imbalanced dataset is
enhanced through holistic combination of techniques such as
data augmentation, SCL, and MixUp. The proposed framework
achieved 0.8725 total score (with runtime score) for a ResNet-
18 model in both event and record multi-class classification
tasks using the SPRSound dataset. The ResNet model is
implemented on Xilinx ZCU102 FPGA for real-time
respiratory sound classification through a sliding-window
approach. The hardware implementation achieves a 16ms
latency with less than 2% inference score degradation
compared to the ideal software model.
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