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Abstract

Deep learning—based respiratory sound classification has emerged as a promising non-invasive and
cost-effective approach to assist clinical diagnosis. However, existing methods often face challenges,
such as sub-optimal feature representation and limited model expressiveness. To address these issues,
we propose an Attention-based Dual-stream Feature Fusion Network (ADFF-Net). Built upon the
Audio Spectrogram Transformer, ADFF-Net takes Mel-filter bank and Mel-spectrogram features as
dual-stream inputs, while an attention-based fusion module with skip connections is introduced
to emphasize pathological spectral regions and preserve multi-scale time—frequency information.
Extensive experiments on the ICBHI2017 database with the official train—test split show that ADFF-Net
achieves superior performance in the four-class classification task, outperforming traditional fusion
strategies and achieving results comparable to state-of-the-art approaches, with specificity of 81.39%,
sensitivity of 42.91%, and overall accuracy of 62.14%. These findings highlight the effectiveness of
dual-stream acoustic feature fusion and demonstrate the potential of ADFF-Net for clinical decision
support in respiratory disease diagnosis.

Keywords: respiratory sound classification; audio spectrogram transformer; attention; acoustic fea-
tures; feature fusion

1. Introduction

According to the World Health Organization, respiratory diseases are among the top global health
threats, ranking as the second (tuberculosis) and third (lower respiratory tract infections) leading
causes of death worldwide [1]. More than one billion people suffer from acute or chronic respiratory
conditions, leading to a substantial burden on healthcare systems and significantly affecting patients’
quality of life and life expectancy.

Among the various indicators of respiratory health, respiratory sounds are particularly important,
as they reflect underlying pulmonary conditions and provide noninvasive, real-time insight into the
state of the lungs. These sounds play a critical role in the early detection and auxiliary diagnosis of
diseases, such as chronic obstructive pulmonary disease (COPD), asthma, and pneumonia. Tradition-
ally, auscultation has been the cornerstone of pulmonary assessment, where stethoscopes are used to
listen to lung sounds and evaluate respiratory conditions [2]. However, this approach is inherently
restricted to clinicians’ experience, perceptual acuity, and subjective interpretation [3]. As a result,
diagnostic accuracy can vary significantly between practitioners. Given these limitations, there is a
growing demand for intelligent diagnosis that is not only automated, accurate, and efficient but also
user-friendly and capable of providing consistent, expert-level assessments across diverse settings.

Recent developments in electronic stethoscope technology have enabled the recording of high-
quality lung sounds, creating new opportunities for automated analysis of pulmonary auscultation. The
International Conference on Biomedical and Health Informatics (ICBHI) launched a scientific challenge
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in 2017 using the ICBHI2017 dataset [4]. This dataset includes respiratory cycles manually annotated by
clinical experts, with labels specifying the presence of crackles, wheezes, their combinations, or normal
breath sounds. Unlike crowdsourced datasets collected online, the ICBHI2017 dataset was curated
in clinical environments under professional supervision, ensuring greater annotation reliability and
clinical relevance [5]. Since its release, the ICBHI2017 dataset has become a benchmark for evaluating
respiratory sound classification algorithms.

Numerous studies leveraging convolutional neural networks (CNNs) have been conducted to
detect and classify abnormal respiratory sounds, achieving promising results. These efforts underscore
the importance of identifying acoustic anomalies, particularly crackles and wheezes, for the accurate
diagnosis of pulmonary diseases [6]. Specifically, crackles are brief, discontinuous, non-musical sounds
typically associated with conditions such as COPD and pneumonia [7], while wheezes are continuous,
high-pitched, musical sounds often linked to airway obstruction, commonly observed in patients
with asthma and COPD [6-8]. Automated detection of these sounds holds great potential for early
screening, remote monitoring, and decision support in clinical practice.

The development of efficient and intelligent methods for respiratory sound classification (RSC) has
become a critical pathway for enhancing early screening and auxiliary diagnosis of pulmonary diseases.
Recently, deep learning has emerged as the predominant approach for modeling and classifying respi-
ratory sounds, with commonly used architectures including CNNs, recurrent neural networks (RNNs),
long short-term memory (LSTM) networks, and Transformer-based models [9-16]. Notably, Audio
Spectrogram Transformer (AST) has shown remarkable effectiveness and adaptability in capturing
temporal and spectral dependencies [9], yielding superior RSC performance. Further, techniques, such
as transfer learning, feature fusion, and attention mechanisms, have contributed to performance im-
provements by leveraging prior knowledge, combining complementary representations, and focusing
on salient signal components [5].

Despite these advancements, current research still faces significant challenges, particularly in
audio feature fusion strategies. Many existing methods rely on simple concatenation of handcrafted
or learned features without adequately modeling the semantic complementarity or interaction dy-
namics between different feature inputs. Consequently, these models may overlook sample-specific
discriminative cues and fail to extract the most informative features. Moreover, such static fusion
schemes lack the ability to dynamically adjust feature importance based on input context, which limits
their effectiveness in capturing diverse acoustic patterns and ultimately constrains real-world RSC
performance.

To address the challenges, we propose an Attention-based Dual-stream Feature Fusion Net-
work (ADFF-Net) enhanced with skip connections. First, acoustic representations of Mel-filter bank
(Mel-FBank), Mel-spectrogram, and Mel-frequency cepstral coefficients (MFCCs), are extracted [17].
Through experiments, Mel-FBank and Mel-spectrogram are found to be particularly discriminative
for representing respiratory sound characteristics. To fully exploit the complementary information
between the dual-stream feature inputs, an attention mechanism is employed for adaptive weighting
of features. In parallel, skip connections are incorporated to retain the original information and to
prevent the loss of important details during feature fusion. The final fused representation, enriched
with both contextual emphasis and original signal integrity, is fed into the backbone AST to perform
the classification of respiratory sound events. The main contributions of this work are summarized as
follows,

1.  An ADFF module is designed which uses an attention mechanism for dual-stream feature fusion
and employs skip connection for detail preservation.

2. An ADFF-Net framework is proposed that utilizes the ADFF module for deep feature representa-
tion and the pre-trained AST for final sound classification.

3.  Extensive experimental results on the ICBHI2017 database verifies the effectiveness of the pro-
posed ADFF-Net framework for classifying respiratory sounds.
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The remainder of this paper is structured as follows. Section 2 reviews the RSC advances in time—
frequency representations, AST-based approaches, and multi-stream feature fusion strategies. Section 3
introduces the ICBHI2017 database, the computation of the three acoustic features, and the proposed
ADFF-Net framework. Section 4 reports the experimental results, including the evaluation of feature
representation capacity, comparisons of different fusion strategies, and benchmarking against recent
state-of-the-art (SOTA) methods on the ICBHI2017 database. Section 5 provides an in-depth analysis
of the findings and discusses potential future research directions. Finally, Section 6 summarizes the
study and highlights the potential of ADFF-Net for advancing biomedical signal analysis.

2. Related Work

This section presents the related work, ranging from two-dimensional (d) representation of
respiratory sounds, application of AST in the RSC task, and the fusion techniques for multi-stream
feature inputs.

2.1. Respiratory Sound Representation

Transforming raw acoustic signals into 2d time—frequency quantification is preferred for res-
piratory sound feature representation. This transformation allows the extraction of both temporal
dynamics and spectral characteristics, while also enabling the adaptation of off-the-shelf deep models
originally designed for 2d image inputs.

Mel-FBank features, Mel-spectrograms, and MFCCs are preferred 2d representations, owing
to their strong biological relevance in capturing acoustic patterns [16-22]. Bae et al. [16] employ
Mel-FBank features and incorporate data augmentation and contrastive learning. Bacanin et al. [18]
utilize Mel-spectrograms and fine-tune the embedding parameters through metaheuristic learning.
Zhu et al. [19] adopt a VGGish-BiLSTM-Attention model by using Mel-spectrogram inputs. Wall et
al. [20] utilize MFCCs in an attention-based architecture for the abnormality diagnosis. Latifi et al.
[21] introduce maximum entropy Mel-FBank features by combining MFCCs and Gabor Filter Bank
features. Li et al. [22] address class imbalance by coupling MFCCs with adaptive synthetic sampling.

2.2. AST-Based RSC Applications

Transformer-based models, particularly AST [9], have established itself as the SOTA approach for
non-stationary sound analysis. Its success is largely attributable to the capacity of modeling long-range
temporal dependencies and global acoustic context through multi-head self-attention mechanisms.
Wau et al. [14] enhance the robustness of AST to background noise by designing a dual-input variant
that simultaneously processes spectrograms and log Mel-spectrograms. Ariyanti et al. [15] introduce
Audio Spectrogram Vision Transformer, which segments Mel-spectrograms into overlapping patches
with positional encoding and applies multi-layer self-attention to capture global acoustic patterns.
Bae et al. [16] show that integrating AST with data augmentation and contrastive learning achieves
superior RSC performance. Neto et al. [23] extract deep features from MFCCs, Mel-spectrograms,
and Constant-Q Transform (CQT) representation for refinement of a Vision Transformer. Kim et al.
[24] employ an audio diffusion model to generate synthetic data, which is combined with AST to
address the problem of limited training samples. Stethoscope-guided contrastive learning is proposed
[25] that mitigates domain shifts caused by differences in recording devices, thereby improving the
real-world applicability of AST in respiratory sound classification. Xiao et al. [26] leverages multi-scale
convolutions for spectral details and feature adaptation into the AST backbone.

2.3. Multi-Stream Feature Fusion Strategies

Single-source features are widely used for their simplicity, even though the representation capacity
is limited by uni-dimensional information coverage [5]. In contrast, fusion of multi-stream inputs
combines complementary acoustic cues, such as spectral structure, temporal dynamics, and tonal
features. A more holistic capture of diverse pathological patterns has been shown to significantly
improve model discrimination.
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Dual-stream feature fusion enhances acoustic separability by combining complementary repre-
sentations. Chu et al. [27] fuse Mel-spectrograms and CQT spectrograms into hybrid spectrograms,
processed by frequency masking and time grouping, and extracted features using a grouped time-
frequency attention network, achieving 71% accuracy on four-class ICBHI2017 classification. Xu et
al. [12] combine MFCCs and Mel-spectrograms as inputs to a residual-attention-enhanced parallel
encoder, achieving 80.0% accuracy for binary and 56.76% for four-class RSC tasks.

Multi-stream feature fusion holds the potential to improve the performance by leveraging multi-
dimensional information. Neto et al. [23] utilize Mel-spectrograms, MFCCs, and CQT to overcome the
limitations of frequency resolution. Borwankar et al. [28] integrate Mel-spectrograms, MFCCs, and
chroma energy normalized statistics to cover spectral, auditory, and pitch features jointly. Roy et al. [29]
combine Mel-spectrograms, CQT, and MFCCs to form comprehensive time-frequency representations
for COPD detection [30]. Wanasinghe et al. [31] organize MFCCs, Mel-spectrograms, and chromagrams
in 3d representation, and a lightweight network is designed to learn spectral, auditory, and pitch
features for balancing model compactness and performance in binary and multi-class prediction. Xu et
al. [32] integrate acoustic features such as MFCCs and zero-crossing rate with deeply learned features,
and a Bi-LSTM is employed to model temporal dependencies that achieves a classification accuracy of
96.33% in cough sound detection.

Fusion of deep learning features are also popular for comprehensive representation and perfor-
mance improvement. Kim et al. [24] design an audio diffusion model to generate realistic respiratory
sound samples and employ adversarial fine-tuning to mitigate distributional discrepancies between
synthetic and real data. Further, they incorporated cross-domain adaptation to transfer learned knowl-
edge from the source to target domain by treating different types of stethoscope as distinct domains in
a supervised contrastive learning manner [25]. Pham et al. [33] implement an ensemble framework
by integrating multiple transferred models. Three levels of feature fusion, including early, middle,
and late, are explored, achieving a maximum ICBHI2017 score of 57.3%. Shehab et al. [34] extract
multi-source features from different pre-trained CNNs and obtain an 8064-d vector. By employing
early fusion through direct concatenation, they achieved an accuracy of 96.03% in classifying eight
categories of pulmonary diseases.

3. Materials and Methods

This section begins with the ICBHI2017 database, followed by the description of computing
features for respiratory sound representation. The proposed ADFF-Net framework is then detailed
from the integration of attention mechanism and skip connections (i.e., the ADFF module) to the use
of AST for sound classification. After that, the experimental design is described, covering a unified
pre-processing pipeline for respiratory cycle segments, evaluation of different feature representations,
and comparison of various fusion strategies. Finally, the evaluation metrics used to assess model
performance is outlined.

3.1. The ICBHI2017 database

Figure 1 illustrates the category-wise distribution of data samples across the officially defined
training and testing sets in the ICBHI2017 database [4]. The database consists of 6898 respiratory cycles,
totally ~ 5.5 hours of recordings. To facilitate fair model evaluation and comparison, the dataset is
officially partitioned into a training set (60% of the samples) and a testing set. Notably, respiratory
cycles from the same patient are assigned exclusively to either the training or the test set, ensuring that
there is no patient case overlap between the two sets to prevent data leakage. This standardized split
supports reproducibility and benchmarking in respiratory sound classification [5].
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Normal Crackle Wheeze Both Total
Category

Figure 1. Category-wise distribution of data samples in the ICBHI2017 database.

As illustrated in Figure 1, each respiratory cycle in the database is annotated as one of the four
categories, “Normal”, “Crackle”, “Wheeze”, or “Both” (i.e., the presence of both crackle and wheeze).
In total, the training set includes 2063 normal cycles, 1215 cycles with crackles, 501 with wheezes,
and 363 with both crackles and wheezes, while the testing set contains 1579 normal cycles, 649 with
crackles, 385 with wheezes, and 143 with both adventitious sounds.

3.2. Feature Representation of Respiratory Sounds

Mel-FBank, Mel-Spectrogram and MFCC features are computed for respiratory sound represen-
tation [17]. Figure 2 shows the procedure, including signal pre-processing, framing and windowing,
short-time Fourier transform (STFT) computation, and power spectrum calculation. Mel-FBank fea-
tures are derived by applying a bank of Mel-scale filters to the power spectrum, Mel-Spectrogram
features are obtained by taking the logarithm of the Mel-FBank energies, and MFCC features are
generated by applying the Discrete Cosine Transform (DCT) to the log-Mel spectrum, providing a
compact representation of the spectral envelope.

. 4 ™ I ] ~ e ~N
resp 1rat(l)ry preprocessing > frgm‘;ng ‘fmd STFT computing
signa 9 ) \_ Windowing ) L )
DCT I (" logarithmi ) ( ) (¢ lculati A
ogarithmic . calculating power
(computing oieration © Mel Filter Bank spectfugi
- J . J o
i i i
v v v
MFCC Mel spectrogram Mel-FBank
features features features

Figure 2. Computation of respiratory sound feature representation.

To enhance the readability and clarity of the feature extraction process, Table 1 provides a summary
of the symbols and parameter definitions used in the computing of Mel-FBank, Mel-Spectrogram, and
MECC features. It facilitates a clear understanding of the underlying mathematical operations and

processing steps.
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Table 1. The definition of symbols in the procedure of feature extraction.

Definition
x(t) The value of an original respiratory sound signal at time ¢
y(t) The pre-emphasized signal value
« The pre-emphasis coefficient
X (1) The n-th windowed sample in the m-th frame
h The hop size or frame shift (interval between adjacent frames)
N The number of samples per frame (frame length)
w(n) The window function (e.g., Hamming or Hanning function)
X (k) The complex value of k-th frequency bin in the m-th frame (spectrum)
Py (k) The power spectrum of the k-th frequency bin in the m-th frame
H;(k) The gain of the i-th Mel filter at frequency bin k
S (i) The response of the i-th Mel filter in the m-th frame
M, (i) The log energy output of the i-th Mel filter in the m-th frame
Cm(q) The g-th MFCC of the m-th frame
L The number of Mel filters
K The number of retained MFCCs

3.2.1. Signal Preprocessing

After loading an original audio signal x(t), pre-emphasis is applied. It employs a high-pass
filter to enhance the high-frequency components of the input signal. Eq. 1 shows the operation of
the pre-emphasis, in which « denotes the pre-emphasis coefficient and its value is defined as 0.97 as
suggested [36].

y(t) = x(t) —ax(t = 1), ©)

3.2.2. Framing and Windowing

Framing refers to segmenting a signal into a series of short frame S, each containing N samples,
and adjacent frames typically overlap to a certain extent. The frame length and shift determine the size
of each frame and the degree of overlap between frames.

Windowing is applied by multiplying each frame with a window function w(#), such as Hamming
window, to reduce spectral leakage. The windowed signal of the m-th frame is calculated as Eq. 2 in
which y(-) is the pre-emphasized signal.

xm(n) =y(m-h+n)-wn), n=01,... N—1 )

3.2.3. STFT Computing

Fast Fourier Transform (FFT) is performed on each frame for obtaining its frequency spectrum.
Eq. 3 defines the operation, in which x,, (1) denotes the windowed time-domain sample at index 7 in
the m-th frame, and X, (k) represents the complex value of the k-th frequency component in the m-th

frame.
N-1

X(k) = Y xp(n) - e 2/N, 3)
n=0
During feature extraction, STFT was applied using a window size of 25 ms and a frame shift of 10
ms, with Hanning window employed to minimize spectral leakage.
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3.2.4. Calculating Power Spectrum

The power spectrum for each frame is calculated by squaring the magnitude of the spectrum.
Eq. 4 shows the formulation of the power spectrum, Py, (k).

2
Pm(k) = %r 4)

3.2.5. Summarizing Mel Filters for Mel-FBank Features

A set of Mel filters { H; (k) } is designed to transform the power spectrum from the linear frequency
scale to the Mel scale. These filters are typically triangular, with center frequencies evenly spaced on
the Mel scale. The output of each filter is the weighted sum of the input power spectrum within that
filter. Eq. 5 shows the operation of the output of each filter, in which S,, (i) represents the frequency
response of the i-th Mel filter.

Suli) = Y0 Pu(k)Hi(K), )

In this study, raw audio waveforms are transformed into a sequence of 128-d Mel-FBank features.
The resulting spectrograms were further standardized with a mean of -4.27 and a standard deviation
of 4.57 for normalization as suggested.

Figure 3 demonstrates representative examples of Mel-FBank features for the four categories
of respiratory sounds. In each spectrogram, the horizontal axis represents time, and the vertical
axis shows the filter bank index. The color bar indicates the amplitude intensity in decibels (dB) for
capturing the temporal and spectral variations of the signal through color mapping.

Mel-band Spectrogram - both Mel-band Spectrogram - crackle
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&
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Mel-band Spectrogram - normal Mel-band Spectrogram - wheeze
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0.7
8
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Mel Frequency Band
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&

5

Feature Value (dB)

Figure 3. Examples of Mel-FBank features of four types of respiratory sounds.

It is observed in Figure 3 that the normal signal is quite different from the other three types of
sounds due to the lowest signal amplitude intensity, while the exemplar signals of the Wheeze and
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the Both category are visually hard to be differentiated from each other, because of perceived similar
patterns and strength.

3.2.6. Logarithmic Computing for Mel-Spectrogram Features

The Mel-Spectrogram is a 2-d time-frequency representation obtained by taking the logarithm of
the Mel-FBank outputs and arranging them sequentially along the time axis. It provides an intuitive
visualization of the time-varying energy distribution of the signal in the Mel frequency domain. Eq. 6
shows the operation of Mel-Spectrogram. The log Mel-spectrograms of each frame are subsequently
arranged sequentially along the time axis to form a 2-d Mel-spectrogram, with the horizontal axis
representing time (frame sequence) and the vertical axis representing Mel frequency.

M, (i) = log sm(i) (6)

In this study, the Librosa [35] is used to extract Mel-Spectrogram features from the raw audio
signals that generates 64-d Mel filter bank feature maps. The parameters are set as the frame length of
1024 samples (=~ 64 ms), frame shift of 512 samples (~ 32 ms), Hanning window function, frequency
range from 50 to 2000 Hz, and FFT size of 1024 points as suggested [36]. The extracted spectrograms
are log-power scaled and normalized to the [0,1] range, then converted into image format for model
input.

Figure 4 illustrates example Mel-Spectrogram features of different categories. The horizontal axis
represents the time, and the vertical axis denotes the Mel frequency index. The color bar intuitively
reflects the intensity of frequency components over time, with color saturation corresponding to signal
power in dBs.

Mel Spectrogram - both Mel Spectrogram - crackle
1.00 1.00
0.75 0.75
] H ] 2
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a A a A
z ] z 3
5 0.50 H g 0.50 H
E PUE E -
2 3 2 3
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025 025
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0 0.00 0.00
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Time (s) Time (s)
Mel Spectrogram - normal Mel Spectrogram - wheeze

0.50 0.50

Mel Frequency Band
Normalized Mel Feature Value
Mel Frequency Band

0.00 0.00

.
3
Time (s) Time (s)

Figure 4. Examples of Mel-Spectrogram features of four types of respiratory sounds.
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It is found in Figure 4 that the normal signal is quite different from the other three types of sounds
due to the lowest signal amplitude intensity, while the exemplar signals of the Wheeze and the Both
category are visually similar because of similar pattens and strength in the feature map.

3.2.7. DCT Computing for MFCC Features

MEFCCs are are obtained by applying DCT to the log Mel frequency spectrum, and a set of cepstral
coefficients are generated. Typically, only the first K coefficients are retained as the final output of a
MEFCC feature vector, reducing feature dimensionality while preserving the essential characteristics
of the input signal. Eq. 7 shows the operation of the MFCC features, in which C,,(q) denotes the g-th
cepstral coefficient of the m-th frame, L is the number of Mel filters, and K is the number of retained
cepstral coefficients. In this study, the MFCC function in the Librosa [35] is employed to extract 13-d
MECC features of the input audio signals.

M] 4=01,. K—1 %

Culg) = 3 M) |
mq_i:o (1) - cos 57

Figure 5 shows MFCC features of the categories of respiratory sounds. The horizontal axis
represents time, and the vertical axis shows the 13 coefficients, each capturing the energy variation of
the signal within a specific frequency band. The color map provides an intuitive visualization of the
temporal dynamics of each coefficient, where the intensity of the color indicates the magnitude of the
coefficient values. This representation effectively reveals the time—frequency structure of the audio

signal.
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Figure 5. Examples of MFCC features of four types of respiratory sounds.

As illustrated in Figure 5, the normal respiratory sound shows highest coefficient intensity;,
particularly in the lower-order MFCC dimensions from MFCC-1 to MFCC-5, while the other categories
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of sounds demonstrate highest coefficient values in the MFCC-1 and MFCC-2. Notably, the sounds of
Both, Crackle and Wheeze show similar patterns which are hard to differentiate from each other.

3.3. The Proposed ADFF-Net Framework

The proposed framework integrates both the ADFF module and the AST, as illustrated in Figure 6.
The ADFF module is designed to fuse dual-representative features effectively for enhancing the
expressiveness of the input data, and the AST is responsible for the final classification of respiratory
signals. In the example shown in Figure 6, Mel-FBank features and Mel-Spectrogram features are used
to show the processing workflow, and the matrix structures are detailed at each step in which b, C, H
and W correspond to the batch size, the number of input channels, the input height and width.
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Figure 6. The proposed ADFF-Net framework. It designs the attention module and skip connection for dual-
representative feature fusion, followed by AST-based signal classification.

It is important to noted that, the novelty of the framework lies primarily in the ADFF module,
which introduces an attention mechanism to weight and integrate complementary features. Addi-
tionally, a skip connection structure is used to preserve low-level feature information and improve
gradient flow during model training. Together, these designs enhance the capacity to capture both
global and local patterns in respiratory sounds, ultimately boosting classification performance.
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3.3.1. Attention Mechanism

Attention was introduced in machine translation, and has since become a fundamental component
in deep learning architectures [10]. It assigns learnable weights to different parts of the input sequence
and enables the model to dynamically focus on regions most relevant to the current task. This enhances
the model’s ability to capture both local and global contextual information and is particularly valuable
for complex and sequential data analysis. A typical attention mechanism consists of three key steps.
First, attention scores are computed by measuring the similarity between query (Q) and key (K)
vectors. Second, these scores are normalized into a probability distribution using the Softmax function,
yielding attention weights. Finally, a weighted sum of the value (V) vectors is computed using the
attention weights, producing context-aware representation vectors. This process allows the network to
selectively emphasize informative parts of the input while suppressing less relevant components. In
Eq. 8, the dimensionality, d, of the Q, K and V performs as the scaling factor, ensuring the output of the
self-attention mechanism that maintains a distribution consistent with the input, thereby enhancing
the model’s generalization capability.

Attention(Q, K, V) = softmax (Q\deT> Vv 8)

3.3.2. The ADFF Module

The ADFF module combines an attention mechanism with skip connection for dynamic represen-
tation of multi-source features. The attention mechanism allows adaptive focus on critical correlations
between different features for enhancing feature relevance and interaction. Meanwhile, the skip
connection preserves low-level feature information that helps to mitigate degradation during feature
propagation and enriches the overall multi-level semantic representation.

As shown in Figure 6, different feature types, such as Mel-FBank and Mel-Spectrogram features,
are extracted, each with a shape of [b, C, H, W] (here, C = 1). To facilitate the computation of attention
weights, the Mel-FBank features are reshaped to [b, H x W, C]|, and the Mel-Spectrogram features
are reshaped to [b,C, H x W]. Attention weights are then computed as the similarity between the
two feature sets using the torch.bmm function, resulting in an attention weight matrix sized [b, H x
W, H x W] where each element quantifies the correlation between pixels across the feature types.
After that, the attention weights are normalized to ensure numerical stability by using the nn.Softmax
function along the second dimension, producing a valid probability distribution. Next, the attention
weights are used to perform as a weighted summation of the features. The normalized attention
matrix is multiplied with the reshaped Mel-FBank features, producing a fused feature tensor of shape
[b,C, H x W] that enhances the discriminative capability. At last, the fused tensor is reshaped back
to its original dimensions [b, C, H, W] to maintain compatibility with the subsequent layers of the
network.

3.3.3. Audio Spectrogram Transformer

AST adopts Transformer architecture to overcome the limitations of local receptive fields in CNNs
and the sequential inefficiency of RNNs [9]. It leverages cross-modal transfer learning by adapting
Vision Transformer [37] which is pre-trained on the ImageNet dataset [38] to the audio domain by
fine-tuning on the AudioSet database [39]. The Transformer architecture based on self-attention allows
for parallel processing of sequential data. It generally consists of an input module, an encoder, a
decoder, and an output module. Notably, the input module includes an embedding layer and a
positional encoding (PE) mechanism. The embedding layer converts input tokens (e.g., spectrogram
patches) into dense vector representations. To address the lack inherent awareness of token order,
PEs are added to the token embeddings to preserve sequence information. These PEs have the same
dimensionality as the token embeddings and can either be learned during training or computed using
a fixed formula (e.g., sinusoidal functions). By incorporating positional information, the model can
better capture the sequential structure of the input data.
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3.4. Experiment Design

A unified respiratory signal pre-processing pipeline is designed for standardizing respiratory
cycle segments for subsequent analysis. Meanwhile, different feature fusion strategies are designed
and compared. In addition, algorithm implementation and parameter settings are provided.

3.4.1. Unified Respiratory Signal Pre-Processing

To enhance model robustness, a unified pre-processing pipeline is designed for the respiratory
cycle segments [5]. All segments are first resampled to 16 kHz. Given the substantial variability in
segment durations, each recording is then normalized to a fixed length of 8 seconds (=~ 798 frames)
using truncation or padding. Furthermore, to mitigate boundary artifacts caused by abrupt truncation
or repetition, linear fade-in and fade-out techniques are applied at the beginning and end of each
segment, which help suppress high-frequency transients and reduce spectral discontinuities. This
unified pre-processing pipeline ensures that all segments are consistent in length, facilitating fair and
reproducible model training, evaluation, and benchmarking in respiratory sound classification.

3.4.2. Analysis of Feature Representation Performance

Three features, including Mel-FBank, Mel-Spectrogram, and MFCCs, are investigated for repre-
sentation performance in respiratory signal classification. The goal is to assess the representational
capacity and complementarity of each features, thereby informing the design of subsequent feature
fusion strategy. Both individual features and combinations of two different feature inputs are evaluated
to assess their effectiveness in capturing discriminative patterns from respiratory sounds, highlighting
their individual and complementary contributions to model performance.

3.4.3. Comparison of Different Feature Fusion Strategies

Several feature fusion strategies are compared, including (1) two concatenation-based fusion
methods, (2) attention mechanism-based fusion, and (3) the proposed ADFF module. To ensure fair
comparison, all experiments are conducted using the same pre-trained AST as the backbone model.

The first concatenation-based fusion approach, referred to as Concat-AST shown in Figure 7,
involves concatenating two feature inputs prior to classification using the AST model. To ensure
dimensional compatibility with AST input requirements, the concatenated features are compressed
along the height (H) dimension before being fed into the model.

Mel-FBank features

[b, C, H/2, W]

Concatenation

[b,C, H, W]

prediction results

Mel-Spectrogram

[b, C, H/2, W]

Figure 7. Concat-AST. Feature concatenation is followed by the AST module.

The second concatenation-based fusion approach, referred to as AST-Concat shown in Figure §,
processes each input feature independently through the pre-trained AST model. The output repre-
sentations from each stream are then concatenated and passed through a linear classification layer to
perform respiratory signal prediction.
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Mel-FBank features

[b,C, H, W]

Concatenation

prediction results

Mel-Spectrogram

[6,C,H, W]

Figure 8. AST-Concat. The AST module is prior to feature concatenation.

Additionally, an attention mechanism-based fusion approach, implemented using the proposed
ADFF module without the skip connection as shown in Figure 6, is introduced to evaluate the
individual contribution of the skip connection. This setup is intended to verify the importance
and effectiveness of skip connections in enhancing feature representation.

3.4.4. Parameter Settings

In the experiments, model training was performed on a Linux system (Ubuntu 20.04) equipped
with an NVIDIA GTX 2080 Ti GPU. The network was implemented with PyTorch, where pre-processed
respiratory sound data were fed into the model for feature extraction and classification. The learning
rate was set to 0.00005, with a training batch size of 4 and a total of 50 training epochs. The classification
task used the standard cross-entropy loss function and the Adam optimizer. Hyper-parameters were
primarily selected based on best practices reported in related literature. The configuration was used to
evaluate the effectiveness of the proposed network and feature fusion strategy.

3.5. Evaluation Metrics

In this four-class prediction task, Py, P, Py, and P, correspond to the number of correctly predicted
samples in the “normal,” “crackle,” “wheeze,” and “both” categories, and N;,, N;, Ny, and Nj, to the
number of samples for the classes.

Evaluation metrics used in this study include Specificity (SPE), Sensitivity (SEN), and the ICBHI
score (HS), as established in the ICBHI 2017 Challenge [4]. The metric SPE measures the capacity of a
model to correctly identify healthy samples, and Eq. 9 shows how to compute the metric,

SPE = —. )

The metric SEN measures model capacity to correctly identify pathological samples, which can be
computed as shown in Eq. 10,

P+ Py + Dy
SEN= —————. 10
N¢+ Ny + Np (10)
The metric HS concerns both specificity and sensitivity to evaluate the overall performance as shown
in Eq. 11,
HS = % X (SPE + SEN). (11)

The metrics are widely used for performance evaluation that can be computed in a similar way
for binary, ternary, and multi-class classification tasks [40,41].

4. Results

This section presents the evaluation results on feature representation capacity, comparisons of
various feature fusion strategies, and a summary of SOTA results on the ICBHI2017 database. For
ease of comparison, the highest and lowest values of each metric are highlighted in red and blue,
respectively.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202510.1498.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 21 October 2025 d0i:10.20944/preprints202510.1498.v1

14 of 21

4.1. Evaluation of Feature Representation Capacity

Feature effectiveness is evaluated through the four-class RSC task. When a single feature is used,
classification is performed using the AST model. For combinations of two feature types, the proposed
ADFF-Net framework (Figure 6) is applied. Experimental results are presented in Table 2.

Table 2. Experimental results using individual and combined feature types.

SPE (%) SEN (%) HS (%)
Mel-FBank 76.63 38.74 57.69
Mel-Spectrogram 77.83 23.36 50.60
MEFCC 88.16 9.43 48.79
Mel-FBank + Mel-Spectrogram ~ 81.38 4291 62.14
Mel-FBank + MFCC 75.17 41.04 58.11
Mel-Spectrogram + MFCC 68.71 23.53 46.12

As shown in Table 2, when using a single feature, MFCCs yield the highest SPE but the lowest
SEN and HS. Notably, the SEN value is 9.43%, significantly lower than that of the other two features.
In contrast, Mel-FBank features achieve the highest SEN and HS values but have the lowest SPE.
When combining two types of features, the combination of Mel-FBank and Mel-Spectrogram features
produces the highest values across SPE, SEN, and HS, suggesting this fusion provides the most
discriminative representation. In addition, combining the two features achieves a better balance
between the SEN and SPE metrics, with a notable improvement in the SEN value. Therefore, Mel-
FBank and Mel-Spectrogram features are combined for respiratory sound representation.

4.2. Performance Comparison of Various Feature Fusion Strategies

Based on the Mel-FBank and Mel-Spectrogram features, different fusion strategies are conducted
for verifying the effectiveness. As shown in Table 3, ADFF-Net achieves the best performance across all
evaluation metrics among the four feature fusion strategies. This demonstrates that the combination of
attention and skip connections enables more effective and balanced feature fusion. Specifically, Concat-
AST yields the lowest SPE and HS values, although its SEN is slightly higher than that of AST-Concat.
In contrast, AST-Concat shows relatively high SPE but suffers from the lowest SEN, which limits
its applicability in clinical scenarios where correctly identifying positive cases (i.e., high sensitivity)
is critical. Without skip connection, the ADFF-Net module outperforms both concatenation-based
methods in terms of HS (58.49%) and SEN (42.06%), indicating that the attention mechanism alone
contributes meaningfully to feature fusion effectiveness.

Table 3. Experimental results using different feature fusion strategies.

SPE (%) SEN (%) HS (%)
Concat-AST 74.29 41.80 58.04
AST-Concat 79.80 36.53 58.17
ADFF-Net (w/o skip connec- 74.92 42.06 58.49
tion)
ADFF-Net (ours) 81.38 4291 62.14

Overall, the results reveal the importance of integrating attention mechanisms with skip con-
nections in the proposed ADFF-Net framework. This combination not only enables the model to
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dynamically focus on informative regions but also preserves low-level features, leading to more robust
and generalizable representations. Such capabilities are especially beneficial in medical applications
where maintaining high SEN and SPE is essential for reliable diagnosis and decision-making.

4.3. Current Achievement on the ICBHI2017 Database

Table 4 presents a comparative evaluation of recent RSC models using the ICBHI2017 database.
All models were trained and evaluated under identical experimental conditions, using the official data
splittings to ensure the reproducibility and fair comparison.

Table 4. Performance Comparison on the ICBHI2017 Dataset

Year SPE (%) SEN (%) HS (%)

AFT + AST [24] 2023  80.72 42.86 61.79
SG-SCL + AST [25] 2024  81.19 42.31 61.75
LungAdapter [26] 2024  80.43 44.37 62.40
BTS [42] 2024  81.40 45.67 63.54
CL + AST [43] 2024  81.66 43.07 62.37
CycleGuardian [44] 2025 82.06 44.47 63.26

ADFF-Net (ours) 2025  81.38 4291 62.14

The proposed framework achieves comparative SOTA performance across all metrics, and its HS
value verifies the effectiveness of the ADFF-Net module. BTS [42] obtains the highest HS (63.54%),
primarily driven by its highest SEN and strong SPE. This suggests BTS is well-balanced and especially
suitable for scenarios where high SEN is critical (e.g., detecting as many abnormal cases as possible).
CycleGuardian [44] obtains the highest SPE (82.06%), indicating excellent capability in correctly
identifying normal samples. It also maintains strong SEN and HS values, slightly behind BTS. The
other models [25,26,43] all show balanced performance that typically integrate contrastive learning,
data augmentation, or domain adaptation, showing how leveraging large-scale or cross-domain
techniques improves robustness.

5. Discussion

Despite the easy computing of diverse quantitative features, respiratory sound classification
remains challenging [5]. The proposed ADFF-Net framework achieves competitive SOTA performance
on the ICBHI2017 database in the four-class classification task by using the official training and
testing splits. This improvement is largely attributed to the introduced attention mechanism and
skip connections, which effectively integrate both Mel-FBank and Mel-spectrogram features. When
combined with AST [9] pre-trained on the AudioSet database [39], these components substantially
enhance the performance.

5.1. Our Findings

The strong performance of the proposed ADFF-Net framework can be attributed to two key as-
pects, the use of dual-stream acoustic feature inputs and the novel architectural design of the attention-
based fusion module with skip connections. First, combining Mel-FBank and Mel-spectrogram features
effectively balances the classification metrics (Table 2). For example, MFCC features yield the highest
specificity (88.16%) but extremely low sensitivity (9.43%), reflecting a severe imbalance. By contrast,
Mel-FBank features achieve a higher HS score (57.69%), slightly outperforming Mel-spectrogram
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features. Importantly, the combination of Mel-FBank and Mel-spectrogram features consistently
outperforms any single feature input or other pairwise combinations, demonstrating their strong
complementarity. Second, the ADFF-Net module achieves superior performance compared to baseline
fusion strategies such as Concat-AST, AST-Concat, and ADFF-Net without skip connections (Table 3).
While simple concatenation remains a common approach for feature integration, it often lacks the
capacity to exploit complex dependencies between features. More advanced strategies, such as feature-
wise linear modulation for context-aware computation [45] or cross-attention fusion for integrating
multi-stream outputs [46], highlight the need for principled fusion mechanisms. ADFF-Net addresses
this by leveraging attention-guided fusion and skip connections to enhance feature interactions and
stabilize learning. Overall, by jointly incorporating dual-branch acoustic inputs and an advanced
fusion architecture, ADFF-Net achieves a balanced trade-off between sensitivity and specificity, while
maintaining SOTA performance. This indicates strong generalization capability even under class
imbalance conditions.

On the ICBHI2017 database, there is still considerable room for improvement in the four-class
classification task (Table 4). The HS values remain below 65.00%, with the best performance (63.54%)
achieved by the BTS model [42], which introduces a text-audio multi-modal approach leveraging
metadata from respiratory sounds. Specifically, free-text descriptions derived from metadata, such
as patient gender and age, recording device type, and recording location, are used to fine-tune a pre-
trained multi-modal model. Meanwhile, similar advanced techniques are commonly adopted in recent
SOTA methods, including large-scale models [24,26,43], contrastive learning [25,43,44], fine-tuning
strategies [24,26], and data augmentation or cross-domain adaptation [24,25,43]. A key limitation
underlying the low HS values is the poor SEN, which typically ranges between 42.31% and 45.67%. In
clinic, low SEN is particularly problematic in disease diagnosis because it implies failure to detect a
substantial portion of true patients, leading to missed diagnoses that may delay treatment, worsen
outcomes, or even pose life-threatening risks. On the other hand, even with high SPE, such low SEN
undermines clinical trust, as both doctors and patients prioritize avoiding missed disease cases. Thus,
improving SEN remains critical. Promising directions include enhancing data balance, applying careful
threshold tuning, designing architectures that better capture fine-grained features, and conducting
multi-center validation with additional related databases [5].

5.2. Future Directions

While substantial improvement in structural design and classification performance is achieved in
the four-class prediction task on the ICBHI2017 database, several directions remain open for future
investigation.

An important direction is balancing the number of patient cases across categories in respiratory
sound databases [4]. Imbalanced datasets often bias models toward majority classes, resulting in
poor sensitivity for minority categories [5]. Several strategies can be considered to address this
issue. First, expanding clinical collaborations can help collect more recordings from underrepresented
disease categories, ensuring a more representative distribution of patient conditions. However, this
approach is resource-intensive, requiring significant time, expert involvement, and funding. Second,
data augmentation can be applied using signal processing techniques such as time-stretching, pitch
shifting, noise injection, or spectrogram-level transformations to artificially increase the diversity of
existing samples [5]. Third, generative modeling offers a promising direction, where realistic synthetic
respiratory sound samples are produced to enrich minority categories while maintaining clinical
validity [47,48]. In addition, domain adaptation provides another feasible solution by mitigating
distribution shifts across recording devices, patient populations, or clinical centers [9,24-26,43]. This
can effectively increase usable data samples and improve the generalization of deep learning models.

Diverse signal collection is another direction essential for advancing respiratory sound analysis.
Relying solely on acoustic signals may restrict a model’s ability to capture whole relevant information.
Four complementary directions can be considered. First, fully exploiting acoustic signals remains
fundamental. High-quality respiratory sound recordings are the core modality, and improvements
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such as multi-site recordings and standardized acquisition protocols [4,5] can enhance reliability
while reducing noise-related biases. Second, incorporating additional modalities can provide richer
diagnostic context. For instance, integrating physiological signals or chest imaging data can comple-
ment acoustic features and improve robustness in clinical decision-making [41]. Finally, leveraging
contextual metadata, including patient age, gender, medical history, recording device type, and auscul-
tation location, provides valuable cues that refine model predictions and support more personalized
assessments [42]. Besides, the transformation of respiratory sounds into diverse quantitative forms,
not limited to MFCCs, Mel-spectrograms and deeply learned features [16-26], facilitates comprehen-
sive information representation [5], enabling more effective discriminative feature identification and
knowledge discovery.

Advances in network design are also key to driving further improvements in RSC performance.
First, Transformer architectures remain the dominant backbone, often outperforming traditional deep
networks. Their self-attention mechanisms allow models to capture long-range temporal dependencies
in acoustic signals and highlight subtle but clinically relevant sound events [14-16,23-26]. Second,
extending large multi-modal models to integrate respiratory sounds, free-text patient descriptions,
additional modalities, and acoustic feature interpretations can provide more comprehensive and
context-aware representations [42,49]. This integration bridges the gap between signal-level patterns
and clinical knowledge, thereby enhancing model robustness and generalization. In addition, other
advanced strategies hold significant promise for boosting performance and clinical applicability. These
include multi-task learning, which enables joint optimization of related tasks such as RSC and disease
diagnosis [50]; contrastive learning, which facilitates the extraction of discriminative embeddings
under limited labeled data [25,43,44]; and domain adaptation, which mitigates distribution shifts
across recording devices, patient populations, and clinical centers [9,24-26,43].

6. Conclusion

This study introduces the ADFF-Net framework, a dual-stream feature fusion approach designed
to advance RSC performance by overcoming limitations in modeling semantic complementarity across
diverse features. By integrating attention mechanisms and skip connections, ADFF-Net effectively com-
bines Mel-FBank and Mel-Spectrogram representations while preserving fine-grained spectral details.
The framework achieves competitive SOTA performance on the ICBHI2017 database, demonstrating
its capacity to extract more informative and clinically relevant acoustic features. Beyond its empirical
results, ADFF-Net highlights the importance of feature complementarity and architectural design
in biomedical acoustic analysis, offering insights that can inspire future respiratory sound research.
Promising directions for further work include balancing patient distributions across categories to
reduce data bias, expanding signal collection and feature diversity to improve generalizability, and
developing advanced network designs to further enhance robustness and clinical applicability.
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Abbreviations

The following abbreviations are used in this manuscript:

ADFF-Net  Attention-based Dual-stream Feature Fusion Network
COPD Chronic Obstructive Pulmonary Disease
ICBHI International Conference on Biomedical and Health Informatics

ICBHI2017 ICBHI 2017 database

CNN Convolutional Neural Network
RSC Respiratory Sound Classification
RNN Recurrent Neural Network
LSTM Long Short-Term Memory

AST Audio Spectrogram Transformer

Mel-FBank  Mel-Filter Bank

MFCC Mel-Frequency Cepstral Coefficient
SOTA State-Of-The-Art

CQT Constant-Q Transform

STFT Short-Time Fourier Transform
DCT Discrete Cosine Transform
FFT Fast Fourier Transform

dB decibel

PE Positional Encoding

SPE Specificity

SEN Sensitivity

HS The ICBHI score
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