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 A B S T R A C T

Rheumatoid arthritis is an autoimmune disease impacting around 1% of population. One of the most severe 
comorbidity is interstitial lung disease. Currently, the treatment is effective only in the very early stages of 
the disease. Symptoms appear late in the clinical history and are not useful for diagnosis. A routine use of 
high resolution computer tomography for screening programs is not advisable for both exposition to ionizing 
radiation of patients and high costs to be sustained by the national health system. Lung auscultation can 
reveal the so called ‘‘velcro crackle’’ associated to different radiological patterns. In this work we propose a new 
pipeline for pre-processing and classification of lung sounds suitable to the detection of interstitial lung disease 
in patient affected by rheumatoid arthritis. The data set has been collected in a clinical study at the university 
hospital of Modena (Italy). Ground truth is represented by the high resolution computer tomography report. 
Accuracy and F1-score of our solution are 83.2% and 77,9% in the classification of lung sounds, respectively. 
Combining the predictions of the classifier for distinct auscultations of the same patient, the accuracy and 
F1-score get as high as 87.8% and 87,1%, respectively. Considering that physical lung auscultation is safe for 
the patient and cheap for the national health system, the proposed solution can pave the way for a screening 
campaign aimed at the early detection of interstitial lung disease secondary to rheumatoid arthritis.
1. Introduction

Rheumatoid arthritis (RA) is an autoimmune disease impacting 
around 1% of population [1]. The first symptom to appear is swelling 
of the joints; then the disease progressively leads to pain, chronic 
pain and even deformity of joints. The most severe comorbidities are 
cardiovascular disease and interstitial lung disease (ILD). Posterior 
statistics and retrospective studies have shown that the life expectation 
of patients affected by ILD secondary to RA (RA-ILD) is very poor, 
on the order of 3–8 years [2,3]. In practice, the lung parenchyma 
is replaced by fibrotic tissue with a reduced capability to exchange 
oxygen and carbon dioxide between blood and air. Currently, one drug 
is capable to stop the progression of the ILD, but only if the treatment 
is dispensed in the very early stages of the disease. The pathogenesis of 
RA and RA-ILD is almost unknown, as well as the onset of RA-ILD is not 
predictable. Symptoms appear late in the clinical history and are not 
useful for diagnosis. In fact, patients can be asymptomatic at the early 
stages of the disease, and some suggestive clinical manifestations, such 
as fatigue, dyspnoea and cough, can also derive from extra-pulmonary 
causes. High-resolution computed tomography (HRCT) remains the 
gold standard for the diagnosis of ILD and it is mandatory in case of sus-
pected ILD. Nevertheless, a routine use of HRCT for screening programs 
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is not advisable for both the high costs to be sustained by the national 
health system (NHS) and the exposure to ionizing radiation of patients. 
To improve the prescriptive appropriateness of HRCT for the early 
diagnosis of ILD, physical lung examination has been proposed as an 
easy and repeatable screening. In fact, lung auscultation can reveal fine 
bibasilar, end-inspiratory, ‘‘velcro-like’’ crackles, which may precede 
the development of clinically overt ILD. Velcro crackles generated in 
the lung parenchyma has been independently associated with different 
radiological patterns, namely honeycombing, ground glass and traction 
bronchiectasis [4].

The detection and/or classification of abnormal lung sounds repre-
sents a well consolidated field of research. On the one hand, several 
works aim at the classification of lung sounds collected in heteroge-
neous data sets. We mean heterogeneous data set a collection of lung 
sounds coming from distinct sources that have not been systematically 
recorded with the same formality. The ICBHI 2017 data set [5] consists 
of 6898 respiratory cycles, of which 1864 are labeled as crackles, 
886 are classified as wheezes, and 506 belong to both crackles and 
wheezes classes, for a total of 920 audio samples recorded from 126 
subjects. The data set of [6] is composed by 532 samples of which 
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60 healthy and 472 abnormal with crepitation or wheezing. The so 
called HF_Lung_V1 includes 9765 audio files [7], with 34095 labels 
from inhalation, 18 349 labels from exhalation, 13883 labels are listed 
as continuous adventitious sound (8457 wheeze sounds, 686 samples 
of stridor, 4740 rhonchi), and 15606 are discontinuous adventitious 
sounds, all of which are crackles. Shi et al. proposed a pipeline based on 
a combination of wavelet coefficients, high-pass filtering and Mel spec-
trogram with transfer learning on VGGish model and a bidirectional 
gated recurrent unit neural network [8]. The data set was collected in 
hospital and is composed by 120 normal lung sounds, 156 pneumonia 
sounds and 108 asthma sounds suitably selected among those of the 
better quality. The accuracy was of 87.4%. Phetton et al. [9] worked 
on abnormal lung sounds characterized by crackles or wheezing. Spec-
trograms provided by the short-time Fourier transform (STFT) were 
analyzed through the convolutional neural network (CNN) GoogleNet 
achieving an accuracy of 85.3%. Majzoobi et al. [10] focused of classi-
fying asthma and chronic obstructive pulmonary disease (COPD) with 
an hybrid neural network. Long-short term memory (LSTM) blocks 
were embedded in a CNN to achieve an accuracy of 97.4%. Roy and 
Satija investigated the identification of ILD from respiratory sounds 
through the use of a dedicated framework [11]. Pre-processing is based 
on band-pass Butterworth filtering, sample cutting and z-score normal-
ization. Classification relies on a new sinc convolution-based residual 
CNN characterized by 48914 parameters. The new architecture named 
ILDNet has been tested on a combination of the two public data sets 
BRACET [12] and KAUH [13]. The accuracy, sensitivity and specificity 
are of 81,3%, 78,9% and 83,3%, respectively. Roy and Satija devised 
also new frameworks for the detection of COPD [14,15]. The work [14] 
is based on the YAMNet, a model pre-trained on the AudioSet data 
set [16]. The proposed solution achieved an accuracy of 99.3% on 
the RespiratoryDatabase@TR [17]. The approach [15] exploits multiple 
time-frequency representations of respiratory sounds, namely Mel spec-
trogram, constant-Q transform and Mel frequency cepstral coefficients. 
The devised multi-head self-organized operational neural network has 
been tested on three publicly available data set including the ICBHI 
2017 [5], the Chest Wall Lung Sound Database [13] and the Respirato-
ryDatabase@TR [17]. The proposed solution can provide an accuracy 
as high as 99,8%. Roy and Satija worked also on the classification of ad-
ventitious respiratory sounds correlated to various lung disorders [18]. 
The approach is based on Mel spectrogram chunks feeding different 
pre-trained audio neural networks like VGGish, YamNet and OpenL3. 
Performance assessment on the public ICBHI 2017 data set [5] lead to 
sensitivity and specificity of 79.6% and 82.7%, respectively.

It is worth pointing out that in all these works the ground truth is 
represented by subjective annotations of physicians or general doctors. 
On the other hand, few works deals with the detection of pathological 
lung sounds included in a clinical study where the ground truth is given 
by the HRCT report of the radiologist. Pancaldi et al. [19] proposed 
a processing pipeline based of time-frequency analysis through STFT, 
identification of the inspiration period, bandwidth computation and 
hard thresholding. The overall accuracy over a RA-ILD data set of 137 
patients was 83.9% [20]. Manfredi et al. [21] employed an algorithmic 
approach to the diagnosis of ILD secondary to connective tissue diseases 
(CTD). The idea behind the work [21] consists of considering velcro 
crackles as voiced/unvoiced sounds and filtering them through linear 
predictive coding. Principal component analysis and hard thresholding 
is used for classification. The flow chart of the processing chain is 
described in detail in [22]. The overall diagnostic accuracy was 82.6%. 
Dianat et al. [23] designed a pipeline for pre-processing lung sounds 
collected from patients affected by CTD-ILD. Variational mode decom-
position (VMD) [24] is exploited to highlight pathological lung sounds 
still suppressing background noise and artifacts evidenced in ‘‘bad’’ aus-
cultations. Mel filterbank is used for time-frequency analysis. Various 
deep neural network (DNN) architectures are adopted for the classifica-
tion of Mel spectrograms. The overall diagnostic accuracy for CTD-ILD 
was 91%. Fava et al. [25] investigated an algorithmic approach to clean 
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the data sets of lung sounds from ‘‘bad’’ auscultations. We mean for bad 
auscultation a lung sounds where the useful respiratory signal is absent 
or is overwhelmed by noise or artifacts. Pre-processing is based on VMD 
and harmonic-percussive source separation (HPSS) [26]. Classification 
into good and bad signal is performed through the k-nearest neighbors 
algorithm. The overall accuracy of the DNN developed in [23] applied 
to the clean data set in the diagnosis of CTD-ILD and RA-ILD is 97% 
and 68%, respectively. Unlike the impressive performance of the DNN 
proposed in [23,25] for the diagnosis of CTD-ILD, the overall accuracy 
of the same DNN for the diagnosis of RA-ILD can be deemed quite poor.

The scope of this work consists of designing a new pipeline capable 
to raise the diagnostic accuracy for RA-ILD at a level suitable to be em-
ployed in the clinical practice. The proposed pipeline is based on high 
pass filtering and variational mode extraction (VME) [27] for signal 
denoising. Sample cutting is adopted as a simple and easy approach to 
data augmentation. STFT and HPSS are employed for time-frequency 
analysis and to highlight harmonic components related to pathological 
lung sounds, respectively. The HPSS filtered spectrograms feed a CNN 
for binary classification. The CNN is trained through transfer learning. 
The performance of the pipeline is assessed with respect to its capability 
in the classification of single auscultations and patients. The two output 
classes include elements, i.e. auscultations or patients, either positive 
or negative to RA-ILD. The ground truth is represented by the HRCT 
report.

The remaining of this paper is organized as follows. The clini-
cal study is described in Section 2. The developed pipeline is ex-
plained in Section 3. Numerical results are presented in Section 4. Some 
conclusions are offered in Section 5.

2. Clinical study

The data set considered in this study is described in detail in [20]. 
In this Section we recall some information relevant to the scope of this 
work. The data set includes 137 RA patients classified according to 
1987 or 2010 American College of Rheumatology criteria [28,29]. All 
consecutive RA patients with a recent HRCT evaluation were eligible 
for the study and enrolled in a six-month period. According to clinical 
history, HRCT should have been performed within 12 months in the 
absence of the subsequent appearance or variation of signs or symptoms 
suggestive of lung disease (cough, dyspnoea, velcro sound at routine 
clinical examination). Exclusion criteria were: (a) significant variations 
in respiratory symptoms after HRCT imaging (when possible, a new 
HRCT was requested); (b) presence of pleural effusion or pneumothorax 
at HRCT; (c) a diagnosis overlapping with CTD. All HRCT images were 
transferred on DICOM format, anonymized, coded and evaluated in a 
blind manner by an expert thoracic radiologist for the assessment of 
ILD. Respiratory sounds were recorded in 3 pulmonary fields bilaterally 
(1 at the basal field in paravertebral position, 1 at the basal field in 
axillary position, 1 at the middle field in paravertebral position), for 
a total of 6 auscultations per patient. Lung were acquired in a silent 
environment through the commercial electronic stethoscope Littmann 
3200. The sampling frequency is 𝑓𝑠 = 4 kHz. Audio files are saved in 
.wav format. The study [20] was approved by the ethical committee of 
Modena (number 2636, July 9, 2014, Italy) and all patients signed an 
informed consent form.

The radiologists’ reports represent the ground truth for this work; 
78 patients were classified as negative to ILD and 59 as positive to ILD. 
Other relevant clinical features extracted from the study [20] are shown 
in Table  1, namely number of smokers, male/female proportion, mean 
age of patients, rheumatoid factor and forced vital capacity.

3. Pipeline for data pre-processing and deep learning

The pipeline developed in this study is shown in Fig.  1. The ac-
quired signal is firstly high-pass filtered to suppress low frequency 
components that do not carry useful information about pathological 



F. Pancaldi and L. Dibiase Biomedical Signal Processing and Control 119 (2026) 109864 
Table 1
Clinical features of our data set extracted from the study [20].
 Total Negative Positive  
 Number 137 78 59  
 Smoker 51 31 20  
 Sex M/F 48∕89 22∕56 26∕33  
 Mean age (years) 56, 1 ± 12, 9 55, 3 ± 12, 3 57, 0 ± 13, 6  
 Rheumatoid factor (%) 78,6% 81,1% 75,4%  
 Forced vital capacity 91, 8% ± 22, 3 93, 1% ± 21, 3 90, 3% ± 23, 7 

Fig. 1. Pipeline for the classification of lung sounds.

sounds, like for instance heartbeat and artifacts related to stethoscope 
handling (rubbing the diaphragm on the skin, tapping fingers on the 
case, pushing buttons, changing grip, . . . ). This approach was suggested 
in [23,25]. We denote with 𝑓𝐻𝑃 = 80 Hz the cutting frequency of 
the high-pass filter of the first order. VME [27] has been employed 
for signal decomposition, i.e. for separating components that evidence 
a given mathematical structure. VME has been introduced in [27] 
to overcome some issues of VMD [24]. In fact, VME attempts the 
separation of a single compact signal around a trial center frequency 𝑓𝑐 , 
rather than concurrently decomposing a given number of modes as in 
VMD. The scope of this step consists of further denoising the signal and 
focusing as much as possible on respiratory sounds useful for diagnosis. 
Under the VME approach, the original signal 𝑠 (𝑡) is represented as the 
superposition of the desired mode 𝑢𝑑 (𝑡) and the residual signal 𝑠𝑟 (𝑡), 
i.e. 
𝑠 (𝑡) = 𝑢𝑑 (𝑡) + 𝑠𝑟 (𝑡) . (1)

The desired mode takes the form of an amplitude-modulated-frequency-
modulated signal as 
𝑢𝑑 (𝑡) = 𝐴𝑑 (𝑡) cos

(

𝜑𝑑 (𝑡)
)

(2)

where 𝐴𝑑 (𝑡) is the envelope and 𝜑𝑑 (𝑡) is the phase. The desired mode 
𝑢𝑑 (𝑡) shall evidence two properties. Firstly it shall be compact around 
its center frequency 𝑓𝑐 . Consequently, it shall minimize the metric 

𝐽1 =
‖

‖

‖

‖

‖

𝜕𝑡
[(

𝛿 (𝑡) +
𝑗
𝜋𝑡

)

∗ 𝑢𝑑 (𝑡)
]

∗ exp
(

−𝑗𝜔𝑑 𝑡
)

‖

‖

‖

‖

‖

2

2
, (3)

where 𝛿 (𝑡) is the Dirac distribution, ∗ denotes convolution, ‖⋅‖2 denotes 
the 𝐿2 norm and 𝜔𝑑 = 2𝜋𝑓𝑐 . Secondly, the spectral overlap of the 
residual signal 𝑠𝑟 (𝑡) with the desired mode 𝑢𝑑 (𝑡) should be minimized, 
i.e. the energy of the residual signal should be minimized at frequency 
band where the desired mode lies. Practically, a filter with impulse 
response 𝛽 (𝑡) and frequency response 𝛽 (𝜔) is considered to guarantee 
that the energy of 𝑠𝑟 (𝑡) at 𝜔𝑑 is zero. This constraint leads to the penalty 
function 
𝐽 = ‖𝛽 𝑡 ∗ 𝑠 𝑡 ‖2 . (4)
2 ‖
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Fig. 2. Signal acquired from an RA patient negative to ILD.

The work [27] suggests the use of the filter characterized by frequency 
response 

𝛽 (𝜔) = 1

𝛼
(

𝜔 − 𝜔𝑑
)2

. (5)

Hence, the problem of finding the desired mode can be expressed as 
the minimization problem 
min

𝑢𝑑 ,𝜔𝑑 ,𝑠𝑟

{

𝛼𝐽1 + 𝐽2
}

(6)

subject to Eqs. (1) and (2). The parameter 𝛼 practically controls the 
compactness of the extracted mode. Figs.  2 and 3 show two examples 
of acquired signals negative and positive to ILD, respectively, whereas 
Figs.  4 and 5 show the related components after high-pass filtering and 
VME. The effectiveness of this approach is witnessed by the signals 
reported in Fig.  5 sounding at the human ears as the so called velcro 
crackles.

Sample cutting is performed on the basis of frames lasting a time 
of 𝑡𝑠𝑎 = 4 s with an overlapping of 𝑡𝑜𝑣 = 1 s, as suggested in [23]. 
This approach allows to extend the data set for classification and con-
sequently to minimize overfitting. HPSS [26] is exploited to suppress 
the percussive component and to highlight the harmonic component, 
since some residual noise may remain from strong impulses, like for 
instance coughing fits. We denote with 𝑡ℎ = 0.5, 𝐿𝑡 = 0.2 s and 
𝐿𝑓 = 100 Hz the threshold, the length of the median filter along time 
and the length of the median filter along frequency, respectively. Time-
frequency analysis is performed through STFT mainly because of its 
close affinity to HPSS. The window length is 𝑁𝑤 = 1024 samples, the 
number of overlapping samples is 𝑁𝑜𝑣 = 256 and the order of the fast 
Fourier transform (FFT) is 𝑁𝐹𝐹𝑇 = 1024. Spectrograms are resized to 
images of 224 × 224 pixels in RGB format with depth of 8 bits.

The CNN employed in this work is Googlenet [30]. It is charac-
terized by 22 layers, a mini batch size 𝑀𝑏𝑠 = 96 and more than 7 
million of parameters. ReLu rectifier is used as activation function. The 
CNN is pre-trained with the widely adopted ImageNet data set [31] 
including more than 14 millions of images labeled in about 20.000 
classes. Then, transfer learning is applied exploiting the experimental 
data set described in Section 2. To this aim, the last layer of the 
Googlenet including the ImageNet classes is substituted with a blank 
layer characterized by 2 classes (negative and positive to RA-ILD) 
before training. Classification is based of images, i.e. spectrograms, 
rather than lung sounds for two main reasons. Firstly, the data sets 
of images are by far larger than the audio counterparts, so transfer 
learning from a limited data set like ours can be more effective. 
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Fig. 3. Signal acquired from an RA patient positive to ILD.

Fig. 4. Signal related to an RA patient negative to ILD after high-pass filtering 
and VME.

Fig. 5. Signal related to an RA patient positive to ILD after high-pass filtering 
and VME.
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Secondly, we deem that time-frequency analysis can highlight and steer 
the deep neural network to the features that are more relevant for 
the diagnosis of velcro crackles. These thoughts are corroborated by 
the results of the work [18], where various pre-trained audio neural 
networks cannot achieve sensitivity and specificity larger than of 80% 
and 83%, respectively, when other pipelines can achieve an accuracy 
of about 99% on the ICBHI 2017 data set. Furthermore VGGish and 
YAMNet are tied to Mel Spectrogram, so limiting the options on time-
frequency analysis. ADAM scheduler is adopted with an initial learning 
rate 𝜆 = 10−4. The data set described in Section 2 is divided into 
training, validation and test set composed by the 75%, 20% and 5% of 
elements, respectively. The modest data imbalance is handled through 
random splitting with stratification sampling; this technique allows to 
preserve the proportion of negative and positive patients over a pool of 
2024 signals. The number of epochs for training is 6; for each epoch, 
15 iterations are performed to train the net. The number of epochs 
for training is small as a consequence of transfer learning and it has 
been empirically adjusted by monitoring the loss curve and selecting 
the most suitable parameter to prevent overfitting. The dropout is 
set to 40% and the corresponding validation accuracy is 67.4%, as 
shown in Fig.  6. The limited validation accuracy can be explained 
by the complexity in the classification of spectrograms. Nonetheless, 
overfitting is prevented.

The STFT of two auscultations acquired from a patient negative and 
positive to RA-ILD are shown in Figs.  7 and 8, respectively. In both 
Figures, the periodic alternation between inspiration and expiration 
breath cycles are observable. On the contrary, the spectra are quite 
different. In fact, considering the expiration periods, the band of the 
negative auscultation is approximately 80−300 Hz, whereas the band 
of the positive auscultation is approximately 300−800 Hz. From a qual-
itative point of view, the harmonic components in the band 300−800 Hz
of the positive auscultation correspond to the so called velcro crackles, 
which is by now widely considered as an early marker of ILD.

4. Numerical results

The complexity and toughness of the data set described in Sec-
tion 2 deserve a first discussion. Taking inspiration from [14], the 
two-dimensional t-distributed stochastic neighbor embedding (t-SNE) 
visualization [32] of the original lung sounds and of the harmonic 
components at the output of the HPSS are shown in Figs.  9 and 10, 
respectively. Fig.  9 evidences the randomness of the data set, since no 
cluster can be easily identified, as well as patients positive and negative 
to RA-ILD are widely mixed. The proposed pre-processing techniques 
play an important role in facilitating classification, in fact small clusters 
can be identified in Fig.  10. Nonetheless, patients positive and negative 
to RA-ILD are still mixed. This behavior can be easily interpreted. In 
many data sets like for instance the RespiratoryDatabase@TR [17], 
healthy auscultation records are selected among volunteers who have 
never used cigarettes or tobacco products, as well as have no diagnosed 
chronic lung history. Despite this, in our data set all the patients are 
affected by RA and present comorbidities, so none of them can be 
defined ‘‘healthy’’ in a strict sense.

The data set is described in Section 2 and further commented 
in Section 3. The parameters relevant for the proposed pipeline are 
introduced in Section 3 and summarized in Fig.  1. The confusion matrix 
of the proposed pipeline for the classification of the test set is shown in 
Fig.  11, whereas the related metrics are summarized in Table  2. TP, 
TN, FP and FN denote true positives, true negatives, false positives 
and false negatives, respectively. Firstly, it is worth pointing out that, 
generally speaking, patients negative to ILD can take more deep breaths 
than patients positive to ILD. Consequently, the data set in terms of 
samples of lung sounds is more unbalanced towards negative elements 
than the data set expressed in terms of patients (see Section 2). In the 
considered clinical problem, the number of FN should be minimized, 
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Fig. 6. Training curves in terms of accuracy and loss. Blue solid line denotes training accuracy, orange solid line is the training loss, black dotted lines represent 
the corresponding validation accuracy and loss.
Fig. 7. STFT of an auscultation acquired from a patient negative to RA-ILD.
Fig. 8. STFT of an auscultation acquired from a patient positive to RA-ILD.
since this number refers to patient affected by RA that are not undergo-
ing the proper followup for ILD. However, patients in advanced stage 
of ILD cannot breath deeply and the fibrotic pulmonary tissue is not 
‘‘stimulated’’, so pathological lung sounds are not generated and cannot 
be detected. This turn in a fair sensibility of 73.2%. The number of 
FP should be minimized as well, since this number refers to patients 
5 
undergoing an unnecessary HRCT. The proposed pipeline has evidenced 
a very good specificity of 90%. Negative and positive predictive values 
are quite balanced and are equal to 83.1% and 83.3%, respectively. 
The resulting overall accuracy is 83.2% and the F1-score is 77.9%. 
The robustness of the proposed approach can be also appreciated from 
the ROC diagram [33] of Fig.  12. The AUC is about 85%. Positive 
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Fig. 9. t-SNE visualization of the original (acquired) data set.

Fig. 10. t-SNE visualization of the harmonic components after HPSS.

and negative model operating points are evidenced for the sake of 
completeness. The explainability of the pipeline is investigated through 
the gradient-weighted class activation mapping (Grad-CAM) [34]. Figs. 
13 and 14 show the Grad-CAM for the negative and positive STFT of 
Figs.  7 and 8, respectively. Considering the resizing of the STFT before 
feeding the CNN, we can infer that the Grad-CAM of the negative STFT 
is focused on the highest band of the spectrogram, i.e. 800−2000 Hz, 
where the absence of components with a relevant power can be in-
terpreted as a lack of abnormal lung sounds. On the contrary, the 
Grad-CAM of the positive STFT denotes an attention to the middle 
band of the spectrogram, i.e. 300−1000 Hz, where the components of 
velcro crackles are significant. These results are consistent with those 
of previous works [19,23].

The pipeline shown in Fig.  1 has been compared with 3 distinct 
versions embodying well known components. The former is composed 
by high-pass filtering, VME and continuous wavelet transform (CWT). 
The second includes VME and gammatone filterbank based on 32 
filters. The latter employs the ResNet-18 [35] as CNN in place of 
the Googlenet. All the solutions have been tested on the same data 
set described in Section 2. The ILDNet [11] has been also considered 
for comparison as state of the art. In fact, this framework has been 
designed to detect the abnormal respiratory sounds related to ILD. In 
6 
Fig. 11. Confusion matrix of the proposed pipeline for the classification of 
lung sounds over the test set.

Table 2
Accuracy, sensitivity, specificity, precision and F1-score of the proposed 
pipeline for the classification of lung sounds.
 Metric Result  
 Accuracy 𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
= 83.2%  

 Sensitivity 𝑇𝑃
𝑇𝑃+𝐹𝑁

= 73.2%  
 Specificity 𝑇𝑁

𝑇𝑁+𝐹𝑃
= 90.0%  

 Precision 𝑇𝑃
𝑇𝑃+𝐹𝑃

= 83.3%%  
 F1-score 2∗𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛∗𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑃 𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
= 77.9% 

Table 3
Performance of the proposed pipeline (with Googlenet) compared to 3 distinct 
variants. The ILDNet [11] has been considered as state of the art. 
 Acc. Sens. Spec. Prec. F1-score 
 Proposed pipeline of Fig.  1
with Googlenet as CNN

83, 2% 73.2% 90.0% 83.3% 77.9%  

 Proposed pipeline of Fig.  1
with ResNet-18 as CNN

83.2% 75, 6% 88, 3% 81, 6% 78, 5%  

 High-pass filter, VME, 
CWT, Googlenet

81, 2% 68, 3% 90, 0% 82, 4% 74, 7%  

 VME, gammatone 
filterbank, Googlenet

81, 2% 80, 5% 81, 7% 75, 0% 77, 7%  

 ILDNet [11] 81, 3% 78, 9% 83, 3% 80, 4% 79, 6%  

particular, the data set of [11] is composed by the respiratory sounds 
of 17 patients affected by ILD and of 8 healthy subjects, all collected in 
the BRACET [12] data set. Further healthy sounds are picked from the 
KAUH [13] to balance the overall data set. The performance of these 
pipelines are summarized in Table  3. The proposed solution outper-
forms its counterparts in terms of accuracy, specificity and precision. 
This approach suffers in terms of sensibility with respect to the gam-
matone time-frequency analysis, probably because the filterbank is able 
to evidence some features given bands. The robustness of our technique 
is witnessed by the F1-score similar to that of its counterparts. The 
influence of adopting the ResNet-18 for classification in place of the 
Googlenet is minimal.
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Fig. 12. ROC diagram and AUC of the test set.

Fig. 13. Grad-CAM for the negative STFT.

From a clinical perspective, the ultimate scope of the proposed tool 
consists of raising the diagnostic suspicion of ILD for each patient, 
rather than for each auscultation. To this aim, the test set has been 
composed by 108 auscultations related to 18 patients, 9 negative and 
9 positive to RA-ILD. The 18 patients of the test set are randomly picked 
out from the whole data set. The auscultations related to the remaining 
119 patients are employed for training and validation. The classifica-
tion of each patient in the test set is given by averaging the prediction 
probabilities of the 6 auscultations (per patient). This approach has 
been repeated for 5 distinct test sets, where each test set is perfectly 
7 
Fig. 14. Grad-CAM for the positive STFT.

Table 4
Accuracy, sensitivity, specificity, precision and F1-score of the proposed 
pipeline for the classification of patients. T. set stands for test set.
 Metric T. set 1 T. set 2 T. set 3 T. set 4 T. set 5 Average 
 Accuracy 83.3% 88.9% 83.3% 88.9% 94.4% 87.8%  
 Sensitivity 77, 8% 88.9% 77, 8% 77, 8% 88, 9% 82, 2%  
 Specificity 88, 9% 88.9% 88, 9% 100% 100% 93, 3%  
 Precision 87, 5% 88.9% 87, 5% 100% 100% 92, 5%  
 F1-score 82, 4% 88.9% 82, 4% 87, 5% 94, 1% 87, 1%  

uncorrelated to the other ones, in the sense that each patient may 
appear in one test set only. The results of this approach are summarized 
in Table  4. We refer to the average performance, i.e. to the last column 
of Table  4, in the following to generalize the discussion as much as 
possible. Sensitivity, specificity and f1-score are all enhanced by the 
decision fusion on patients with respect to the corresponding metrics 
devised for single auscultations. Sensitivity, a very important feature 
for the considered clinical problem, is increased to 82,2%. Specificity 
is raised to 93,3%, the F1-score is largely improved to a competitive 
87,1%. Another improvement entailed by combining the auscultation 
predictions of the same patient is precision, that is increased from 
83,3% to 92,5%. This remarkable result can be motivated as follows. 
Auscultations misclassified into FP are mostly generated by artifacts 
or physiological reasons, like for instance cough and sputum. These 
noise sources usually do not affect more than 1 or 2 auscultations 
per patient. Then, TN predictions are capable to compensate for FP 
predictions within the lung sounds of the same patient. The significant 
improvement in the sensitivity results in an overall accuracy of 87.8% 
in the detection of ILD in RA patients. Finally, it is worth pointing out 
that the performance achieved over all the 5 test sets is similar to or 
better than that obtained in the classification of single samples of lung 
sounds (see Table  2). This means that the proposed pipeline is capable 
to handle the whole available data set, i.e. in other words there are no 
subset of ‘‘unmanageable’’ data.

5. Conclusions

This work presents a pipeline for pre-processing and classification 
of lung sounds aimed at the detection of ILD in patients affected by 
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RA. The pipeline is composed by high pass filtering and VME for 
denoising, sample cutting for data augmentation, STFT and HPSS for 
time-frequency analysis and enhancement of pathological lung sounds, 
CNN trained with transfer learning for binary (positive or negative 
to RA-ILD) classification. The proposed solution has been tested on 
a data set of lung sounds collected in a clinical study performed at 
the university hospital of Modena (Italy). The data set consists of 137 
patient affected by RA, with 6 auscultations per patient. The ground 
truth is represented by the HRCT report. Our system evidenced an 
overall accuracy of 83.2% in the classification of lung sounds, with a 
F1-score of 77,9%. Combining the predictions provided by the CNN on 
the 6 auscultations per patients, the overall accuracy is increased to 
87.8% with a F1-score of 87,1%. This performance makes the proposed 
solution a formidable candidate tool for screening ILD in patients 
affected by RA. In fact, physical lung auscultation followed by digital 
signal processing is: (a) safe for patients that are not exposed to ionizing 
radiation; (b) cheap for the national health system with respect to 
HRCT. Consequently, our approach has the potential to improve the 
follow-up and life expectation of RA-ILD patients, as well as the quality 
of life of RA patients.
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