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 A B S T R A C T

Quantitative Lung Ultrasound (LUS) analyses are demonstrating significant improvements in the diagnoses of 
lung diseases. However, recent approaches are limited to the manual segmentation of artifactual patterns (i.e., 
vertical artifacts), whose detection is subjective, dependent on imaging settings, and time-consuming. These 
limitations can be partially addressed by segmenting anatomical patterns [e.g., the pleural line (PL)], which 
are less affected by variations in imaging settings. Additionally, an automated segmentation algorithm would 
reduce segmentation time and subjectivity. In this study, we proposed an Automatic Segmentation Algorithm 
of the Pleural line (ASAP). ASAP was first optimized on one dataset [composed of 52 patients affected by 
Chronic Obstructive Pulmonary Disease (COPD), Pulmonary Fibrosis (PF), and Pulmonary Fibrosis Exacerbated 
(PFE)] and then tested on an external dataset [composed of 34 patients affected by Pneumonia (PNE) and 
Cardiogenic Pulmonary Edema (CPE)]. In total, 12761 multifrequency radiofrequency images from 86 patients 
were segmented into three regions: pre-pleura, pleura, and post-pleura. These regions were quantified with 
five 𝐼𝑇𝑂𝑇𝑅  parameters (where R = 1, 2, 3, 4, and 5), each characterized with three features: Center Frequency, 
Bandwidth, and 𝑚𝑎𝑥 𝐼𝑇𝑂𝑇𝑅 . The discrimination potential of these features was tested through different binary 
classifiers. Results show how ASAP segments in quasi real-time with 10 images/s and achieves a segmentation 
accuracy of 97.70%. The differential diagnosis of lung diseases shows accuracies up to 87.48, outperforming 
the state of the art.
1. Introduction

New horizons in the clinical diagnoses of pulmonary diseases led 
to Lung Ultrasound (LUS). LUS ability to provide real-time imaging 
with non-ionizing radiation makes it a valuable tool in medicine
[1–3]. Nonetheless, LUS can only assess the lung surface and relies on 
the detection of imaging patterns [i.e., Pleural line (PL), vertical arti-
facts, horizontal artifacts, consolidations] [1–5]. The detection of these 
patterns is influenced by different imaging settings (i.e., frequency, 
dynamic range), subjective, and poorly reproducible [6,7]. As other 
lung diagnostic techniques implemented AI based solutions [8–12], 
to mitigate LUS flaws, LUS semi-quantitative AI-based approaches 
have been proposed in literature [13–25]. Although these approaches 
improved reproducibility, they are trained on ground-truths defined 
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by subjective interpretations. Thus, they remain qualitative or semi-
quantitative [26]. To further mitigate subjectivity and improve speci-
ficity, quantitative approaches have been developed [26,27]. Previous 
quantitative studies focused on the spectral characterization of vertical 
artifacts, whose presence is associated to diseases with a reduction of 
the air-spaces dimension [e.g., Pulmonary Fibrosis (PF), Pneumonia 
(PNE), and Cardiogenic Pulmonary Edema (CPE)] [28–34]. These 
studies demonstrated specificity improvements in differentiating these 
diseases [29–31]. However, vertical artifacts were manually segmented 
by human operators, affecting the method reproducibility [29–31]. An-
other study focused on the characterization of lung surface roughness 
by means of a multifrequency approach to indirectly estimates the size 
of alveolar structure along the lung surface [35]. This approach is 
particularly interesting for patients affected by diseases characterized 
by enlarged air spaces dimension [i.e., Chronic Obstructive Pulmonary 
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Fig. 1. (a) LUS Image displayed with a dynamic range of −35 dB. (b) Subdivision of the LUS image into the three regions: Pre-Pleura (𝐼𝑇𝑂𝑇1 ) (yellow), Pleura 
(𝐼𝑇𝑂𝑇2 ) (green), and Post-Pleura (𝐼𝑇𝑂𝑇3 ) (red); ratio 1 (𝐼𝑇𝑂𝑇4 ) (blue) and ratio 2 (𝐼𝑇𝑂𝑇5 ) (pink) are highlighted.
Diseases (COPD)] [35]. However, it was never tested in-vivo, where PL 
segmentation is necessary to analyze lung surface roughness.

In this study, we have three aims. Aim 1: the development of an 
Automatic Segmentation Algorithm of the Pleural line (ASAP) that 
operates in quasi real-time (AIM1). Aim 2: the validation of ASAP with 
respect to the state of the art (consisting in the manual segmentation) 
on one dataset (AIM2). Here ASAP was optimized with a ground-truth 
obtained from the manual segmentation of the PL. To simplify and 
accelerate the ground-truth generation, an assisted manual segmen-
tation algorithm (AMSA) was developed. Aim 3: apply ASAP as the 
basis to perform a quantitative LUS spectroscopy for the differential 
diagnosis of lung diseases, test its performance on a second independent 
dataset and compare the final diagnostic results with the state of the art 
(AIM3) [31].

In this paper, we propose a quantitative approach that includes the 
spectral characterization of both artifactual and anatomical patterns of 
radiofrequency (RF) data. Three LUS image regions, pre-pleura, pleura, 
and post pleura (see Fig.  1), were characterized by center frequency, 
bandwidth, and total intensity to differentiate lung diseases. The effi-
ciency of these features was successively tested through different binary 
classifiers [29,31,36]. This approach focuses on mitigating subjectivity 
and evaluates diseases both characterized by a reduction of air-spaces 
dimension (PF, CPE, and PNE) and by an enlargement of air-spaces 
(COPD). The final results demonstrate a fully automatic quantitative 
LUS approach that works in quasi real-time and improved classification 
performance for all the diseases investigated.

The article is organized as follows. The datasets, ASAP and the 
quantitative approach methodology are described in Section 2. The 
main results are presented in Section 3. To conclude, the observations 
and final conclusions are discussed in Section 4.

2. Materials and methods

2.1. Datasets

Two datasets composed of RF multifrequency data acquired in two 
italian clinical centers were utilized: the Lung Ultrasound Acute Respi-
ratory Disease (LUSARD) dataset. acquired from Humanitas Gavazzeni 
Hospital of Bergamo and SAURON dataset, acquired from Fondazione 
Policlinico Universitario Agostino Gemelli of Rome. For both datasets, 
2 
the acquisitions follow a multifrequency modality based on orthogonal 
sub-bands centered around specific center frequencies [29,37], and 
implemented with an ULtrasound Advanced Open Platform (ULA-OP), 
connected to linear probes [38]. As previous studies demonstrated, 
quantitative LUS spectroscopy applied to RF data from linear probes 
achieves higher performance than convex probes. Precisely, a LA533 
linear probe (Esaote, Florence, Italy) [31] (192 elements, 245-μm pitch) 
was used for LUSARD and a LA523 (Esaote, Florence, Italy) (192 
elements, 245-μm pitch) for SAURON. The orthogonal sub-bands se-
lected were centered at 3, 4, 5, and 6 MHz. A 2-μs-time-length pulse 
was transmitted for each center frequency, guaranteeing, through dif-
ferent sets of number of cycles, a fixed band (1-MHz of bandwidth 
at −10 dB) [29,31,37]. The transfer functions of the probes were 
equalized to guarantee an equalized pressure output at PL [29]. The 
sub-aperture used to transmit and receive was set at 64-elements, 
generating images of the size of 129 lines (along the lateral dimension). 
Each line is independent and is generated by transmitting and receiving 
a 2-μs-time-length pulse (no spatial compounding). In total 129 lines 
were generated to form an image for each center frequency. The Pulse 
Repetition Frequency (PRF) was set at 4 KHz, corresponding to a frame 
rate of 𝑃𝑅𝐹129 = 31 Hz. The focal point was set at PL position (≈ 2 cm)
with a maximum imaging depth of 6.5 cm. A dynamic sinc apodization 
function was applied. A sampling frequency of 50 MHz was utilized 
for digitization [31]. A speed of sound of 1546 m/s was assumed for 
the time-to-space conversion (along the depth) [29]. The time gain 
compensation (TGC) was set to approximately 1.77 dB/MHz cm [31].

2.1.1. LUSARD
This dataset was acquired within Emergency and Urgency Depart-

ment, Humanitas Gavazzeni, Bergamo, Italy, in the context of LUSARD 
study (approved by the Independent Ethics Committee for Clinical 
Studies of IRCCS Clinical Institute Humanitas of Rozzano: protocol 
number 553/21). The dataset is composed of 34 patients, 17 diagnosed 
with PNE and 17 with CPE through standard clinical examinations [31]. 
Data were acquired considering 12 different areas. Only data displaying 
vertical artifacts were stored. A scan consists of a video of 23 multifre-
quency images, each composed by a set of 4 images of the same area 
generated with 4 different center frequencies. This dataset was used in 
a previous study, and would be used to benchmark the results of our 
analysis.
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Table 1
Summary of the data selected from the two datasets as a 
number of patients and images.
 LUSARD Patients Images 
 CPE 17 1426  
 PNE 17 1311  
 SAURON Patients Images 
 COPD 19 3550  
 PF 20 3944  
 PFE 12 2530  

2.1.2. SAURON
This dataset is presented for the first time and represents an im-

proved version of LUSARD. In fact, all the area were acquired inde-
pendently from the presence of specific patterns in the image. As all 
the areas were scanned and data were saved, 10 areas were selected to 
facilitate clinical data acquisition. Is important to clarify that previous 
studied demonstrated how the reduction from 12 to 10 area does not 
compromise the quality of the analysis [39].

The dataset was acquired within Fondazione Policlinico Univer-
sitario Agostino Gemelli (approved by the Ethical Committee of the 
Fondazione Policlinico Universitario Gemelli IRCCS in Rome, protocol 
0002865/22, ID 4710). A total of 51 patients grouped into three 
lung diseases were examined: 20 patients (38.5%) affected by PF (14 
males and 6 females between 46 and 88 years with an average age 
of ≈73.6 years), 12 patients (23.0%) affected by Pulmonary Fibrosis 
Exacerbated (PFE) (8 males and 4 females between 54 and 87 years 
with an average age of ≈72.4 years), 20 patients (38.5%) affected by 
COPD (14 males and 6 females between 45 and 79 years with an 
average age of ≈68.2 years). Diagnoses were made through standard 
clinical examinations (e.g., CT).

2.1.3. Data selection
From LUSARD, interstitial pneumonia, lobar pneumonia, and

COVID-19 pneumonia were aggregated as a unique disease: PNE. 
Successively, the pathologies most represented with linear probe data 
are selected, PNE and CPE (both having 17 patients). From SAURON, 
all the diseases were selected. The obtained dataset is summarized in 
Table  1. To start the analysis, the following preprocessing steps were 
applied to these data. Unwanted frequency components were removed 
by filtering the RF data with a Butterworth filter (1.8 MHz bandwidth) 
centered at the transmitted center frequency. Successively, the signal 
envelope was extracted through the Hilbert transform. Each image was 
then normalized with respect to its maximum value [29,31,36]. As done 
in previous studies, images were displayed in logarithmic scale with a 
35-dB dynamic range [29,31,36].

2.2. Assisted manual segmentation algorithm (AMSA) for ground-truth 
definition

To properly quantify the pre-pleura, pleura, and post-pleura regions 
of LUS images, PL needs to be detected and segmented. This procedure 
is crucial and time-consuming, given that each RF image is usually 
manually segmented by an operator [36]. In this work, we perform an 
assisted manual segmentation to obtain three regions from each LUS 
image for the quantitative analysis, but also to generate a ground-truth 
for the segmented images. Consequently, all the 10,024 multifrequency 
images from SAURON dataset were manually segmented through AMSA 
as follows. From each multifrequency image, the image with the lowest 
frequency is selected (3 MHz), to consider the largest wavelength and 
thus the lowest spatial resolution. From this image, the segmentation 
starts by defining a series of 𝑁𝑝𝑜𝑖𝑛𝑡𝑠 (𝑁 varies from image to image and 
is chosen by the operator) on PL (Fig.  2a). The initial and final points of 
PL are selected as the first and last visible points, respectively, from the 
left side of the lateral dimension. Each pair of points delimit a region 
3 
of PL defined by a rectangle (Fig.  2b). The size of a rectangular box 
is defined as having a width equal to the lateral distance between two 
points and a height equal to the axial space between the two points 
plus 3.08 mm. This added value corresponds to twice the pulse length 
(≈1.54 mm), which defines the axial resolution of the system. This 
value is included to account potential errors in the selection of the 
Npoints from the operator. The height of a rectangle designed between 
a pair of points extends from the deeper point plus 1.54 mm to the 
shallower point minus 1.54 mm (see Fig.  2b). As an example, a rectan-
gular box designed between a pair points positioned at the depth of 100 
and 92 mm will extend from 90.46 mm to 101.54 mm (with a height 
equal to 100−92+3.08 = 11.08 mm). The region of interest (ROI) fully 
containing PL is obtained by merging all the (𝑁𝑝𝑜𝑖𝑛𝑡𝑠 − 1) rectangles. 
However, this ROI is not optimal since other image components may be 
included (e.g., intercostal tissues and artifactual patterns). To remove 
unwanted components, the following strategy is used. Considering that 
the maximum intensity reflection is obtained from the PL, the image 
contained in the ROI is analyzed column-by-column along the depth 
dimension. The most intense point (MIP) depth position of each ROI 
column is used to define the PL. At the end of this process, given a 
ROI of L columns, PL is composed of L points (Fig.  2c). Afterwards, 
a margin is assigned to fully include PL. In this step it is important to 
specify that this margin does not represent the thickness of the physical 
pleural layers, composed by parietal pleura, pleural cavity, and visceral 
pleura. Instead, this layer corresponds to the thickness of the image 
representation of the acoustic interface between the intercostal-tissue 
and the air. While the thickness of the parietal and visceral pleura 
may be altered with different diseases, the acoustic interface thickness 
remains dependent on the axial resolution of the system.

2.3. Automatic segmentation algorithm of the pleural line (ASAP)

2.3.1. Algorithm pipeline
The amount of time required to manually segment PL is not negligi-

ble. This limit can be overcomed with the development of an automatic 
algorithm (AIM1). Although the manual segmentation of PL is realized 
with a AMSA algorithm, this approach continues to present a margin of 
subjectivity. Moreover, the time required to segment image-by-image 
is not negligible (using AMSA ≈ 0.10 images∕s). These flaws can be 
overcomed with the development of ASAP. The aim of this algorithm 
is to automatically detect and segment the PL. Therefore, the following 
steps are deployed to compose ASAP.
Masking. ASAP starts by isolating the region containing PL from other 
LUS imaging patterns. This procedure is performed by masking the orig-
inal images with a weighted ASAP mask (Fig.  3. A.I.a). The weighted 
ASAP mask is obtained as a column-by-column product between two 
components. The first component is an original 2D structural similarity 
(SSIM) mask (Fig.  3. A.I.b), designed for each acquisition. In detail, 
all the images of an acquisition centered at 3 MHz are selected and 
discretized from 0 to 255. To discretize the images, all the pixels with 
an intensity lower than −35 dB are assigned a value of −35 dB. (Fig. 
3. A.I.a). The discretized images obtained are used only to compute 
the SSIM mask. This mask is computed image-by-image, starting from 
image 1 to image 23. For a group of 23 images, 22 masks of depth 
and lateral size of 4019 by 129 pixels are obtained, respectively. The 
masks are averaged and normalized with respect to the maximum 
value. These SSIM masks estimates the perceived changes in structural 
information within an acquisition. The application of SSIM is justified 
by PL movements caused by the respiratory cycle [40], in contrast to 
body tissues that are almost stationary. This will thus result in a low 
similarity in the areas where PL is present. The SSIM is used as follow 
|𝑆𝑆𝐼𝑀 − 1|. The second component is a set of weights computed as a 
1D Rayleigh cumulative density function (RCDF) (Fig.  3. A.I.c). RCDF is 
a function of the 𝜇 parameter (Fig.  3. A.I.d), which is in turn obtained as 
a product between two components. The first component is the average 
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Fig. 2. Pipeline of the AMSA algorithm to detect the PL. (a) Manual part of the algorithm, where a series of points (yellow) defines PL position. (b), (c), and (d) 
Automatic part of the algorithm. In (b) a series of rectangles (yellow) that define the ROI are designed. (c) PL definition (red line) by means of the maximum 
intensity pixel for each column of the ROI defined in (b). (d) Definition of the binary mask (white) with the integration of ±50 points respect to the line defined 
in (c). The first three images are displayed in logarithmic scale with a dynamic range of 35-dB.
depth position of the most intense pixels (MIP) of the original image. 
The second component is a scale factor obtained from three FPs. If the 
area before the depth position of MIP is less than a free parameter (FP) 
named FP1, the scale factor is FP2, FP3 otherwise. The weighted SSIM 
mask, with 1 values representing moving components and 0 values 
representing more static components, is applied to the original outputs 
to isolates PL (Fig.  3. A.I.e)

Edges cancelling. From the isolated PL obtained in block (I), MIPs of 
each column are selected to generate a 1D first approximation of PL 
(Fig.  3. A.II.f). The shape of this line may be unrealistic compared to the 
anatomical shape of a real PL. Indeed, while PL may be partially visible 
in the image, the approximated PL is forced to select a point for all the 
129 image lines. Consequently, this approximated PL may be composed 
by some anatomically unrealistic points (AUPs) (Fig.  3. A.II.f). To 
define a realistic representation of the PL, AUPs need to be removed. 
This is done through two different threshold procedures. Firstly, an 
intensity threshold is applied. The intensity threshold is computed as a 
difference among mean and variance of the approximated PL intensity 
(Fig.  3. A.II.g). The threshold is then applied to the approximated PL. 
Secondly, a spatial threshold is applied (Fig.  3. A.II.h). This threshold 
is obtained by computing the derivative depth position [𝛥𝐷(𝑝)] among 
pairs of consecutive points previously obtained. The number of 𝛥𝐷(𝑝)
points exceeding FP4 are counted. If only one point exceed that value, 
the lateral dimension of 𝛥𝐷 position and the position of the highest 
MPI are compared. If the position of the highest MPI is most-left than 
𝛥𝐷, then the line will start from the beginning to 𝛥𝐷; from 𝛥𝐷 to 
the end, otherwise. If more than one 𝛥𝐷(𝑝) point exceed 8 mm, then 
a spatial filter along the depth dimension is applied. This filter is 
obtained by grouping the series of points into FP5 depth ranges (Fig.  3. 
A.II.h). The depth range presenting the highest number of occurrences 
is selected and FP6 mm are subtracted. The number obtained represent 
the spatial threshold, under which PL points are removed (Fig.  3. A.II.i). 
FP values are finally obtained from the optimization process presented 
in Section 2.3.2.

Mask generation. In this final block, a 1D line is drawn by interpolating 
all the points obtained in block II with the MATLAB function ‘interp1’. 
The line is successively smoothed with the function ‘smoothdata’, using 
the method ‘movmedian’ with window set to 5 (Fig.  3. A.II.j). Finally, 
a 2D mask that fully includes PL is defined. The 2D mask is designed 
by applying to the smoothed line a thickness equal to the pulse length 
in pixels. A total of ±50 points in the depth dimension of the line are 
added to define the PL mask (Fig.  3A.II.g).
4 
Table 2
List of the six free parameters obtained for each outer k-fold and their 
corresponding value after optimization.
 FP Name Value

 Fold 1 Fold 2 Fold 3  
 FP1 Tissues Intensity −35 −35 −35  
 FP2 Scale factor 1 1.75 2 2  
 FP3 Scale factor 2 0.1538 0.1538 0.1538 
 FP4 D(p) threshold 2 2 2  
 FP5 Depth ranges 229 261 269  
 FP6 Depth offset 202 202 206  

2.3.2. Optimization
ASAP was optimized with a nested k-fold cross validation strategy 

on SAURON. Specifically, the dataset was cross validated with an outer 
k-fold partition, with k equal to 3, to split the dataset into training and 
test set. The training set was used to optimize the FPs by applying an 
inner k-fold strategy, with k equal to 3. For each inner k-fold, six FP 
values are obtained by means of the MATLAB function ‘‘patternsearch’’. 
This derivative-free optimization method aims at finding a global min-
imum by analyzing different combinations of input parameters. The 
optimization is set by defining the lower and upper boundaries, as 
well as the starting points of the six parameters. The optimization 
options are set as follows: ‘‘UseParallel’’ = True, ‘‘UseCompletePoll = 
True, ‘‘UseCompleteSearch’’ = True, and ‘‘AccelerateMesh = True. The 
metric to be minimized is the Dice Loss function, computed among 
the masks output from ASAP and the masks from AMSA. The set of 
hyperparameters presenting the best Dice Loss in each inner k-fold is 
selected and used on the test set obtained from the outer k-fold. At the 
end of outer 3-folds, three Dice Loss values are obtained and averaged. 
The algorithm converged towards 55% of Dice loss (AIM2) with a stop 
criteria set when an improvement lower then 1e−4 was achieved. The 
set of six free parameters and their final value are reported in Table  2.

2.4. Features extraction

In the proposed approaches (Sections 2.2 and 2.3), PL position is 
defined with a binary mask. To achieve AIM3, the masks are used to 
segment the image into three regions: pre-pleura, pleura, and post-
pleura. The regions are extracted for each multifrequency image as 
follows. The pre-pleura is defined as the region shallower than the 
segmented mask, the pleura is defined as the region contained in the 
mask, and the post-pleura is defined as the region situated deeper than 
the mask. The three regions have the same width, which is equal to 
the width of the mask. Indeed, the columns of the image not covered 
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Fig. 3. Pipeline of the study, respectively: (A) ASAP pipeline, (I), masking block. The original image is masked with the weighted SSIM mask. The weighted SSIM 
mask represented in the image as a product between lines of the original SSIM mask and a Rayleigh CDF obtained as a function of 𝜇.(II), the edges cancelling 
block describes intensity and spatial thresholds applied to remove unwanted points of PL, (III), the masking generation process, where to the new smoothed and 
interpolated 1D PL is applied a thickness equal to ±50 pixels. In purple, the six free parameters are highlighted, three in block (I) and three in block (II). (B) area 
parameterization and features extraction. The image is parameterized into 4 𝐼𝑇𝑂𝑇𝑛  n = 1, 2, 3, and 4. 3 features are extracted for each 𝐼𝑇𝑂𝑇𝑛  to form the features 
at the frame level. Successively, each feature is average to represent each patient with 12 values. (C) The discrimination potential of the features is analyzed by 
means of 4 elementar classifiers: DT, KNN, NB, and SVM.
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by the mask are neglected from the analysis. The segmented regions 
are parameterized by their 𝐼𝑇𝑂𝑇 . For a multifrequency image, four 
values of pre-pleura, pleura, and post-pleura [𝐼𝑇𝑂𝑇1 (𝑓 ), 𝐼𝑇𝑂𝑇2 (𝑓 ), and 
𝐼𝑇𝑂𝑇3 (𝑓 ) (with 𝑓 = 3, 4, 5, and 6 MHz)] are obtained, respectively. This 
parameter is defined  as follows:

𝐼𝑇𝑂𝑇𝑅 (𝑓 ) = 20 log10

(

𝐴𝑃𝐼𝑋
∑

𝑖,𝑗 10
𝑅𝑂𝐼(𝑖,𝑗,𝑅)

20

)

𝐴𝑃𝐼𝑋 is the pixel  area (≈ 3.7877 × 10−3 mm2 for both LUSARD 
and SAURON), 𝑖, 𝑗 and 𝑅 are the 𝑖th row and 𝑗th column of the pixel 
(with intensity greater than −35) in the 𝑅 region (𝑅 = 1, 2, or 3 
for pre-pleura, pleura, and post pleura, respectively) [6,29,31,35,36]. 
𝑅𝑂𝐼(𝑖,𝑗,𝑅) is the pixel intensity in logarithmic scale. In addition to these 
three parameters, two additional quartets were extracted: 𝐼𝑇𝑂𝑇4 (𝑓 ), 
defined as the ratio between 𝐼𝑇𝑂𝑇1 (𝑓 ) and 𝐼𝑇𝑂𝑇2 (𝑓 ), and 𝐼𝑇𝑂𝑇5 (𝑓 ), 
defined as the ratio between 𝐼𝑇𝑂𝑇2 (𝑓 ) and 𝐼𝑇𝑂𝑇3 (𝑓 ). These two ra-
tios describe the relationship between image intensity over depth and 
PL reflectivity variations. Since the values are in logarithmic scale, 
the ratio is computed as a difference between the two values. The 
ultrasound spectroscopy is performed by extracting from each param-
eter: center frequency, bandwidth, and 𝑚𝑎𝑥

𝑓
𝐼𝑇𝑂𝑇𝑅  [29,31,36], where 

𝑚𝑎𝑥
𝑓

𝐼𝑇𝑂𝑇𝑅 (𝑅 = 1, 2,… , 5) represents the maximum 𝐼𝑇𝑂𝑇𝑅 (𝑓 ) as a 
function of frequency. The center frequency is defined as the frequency 
at which the 𝑚𝑎𝑥

𝑓
𝐼𝑇𝑂𝑇  is obtained (Fig.  3.B). The bandwidth is defined 

as the range of frequencies having a normalized intensity greater than 
−6 dB with respect to the maximum value [31]. All the features were 
extracted from 4 parameters, with 𝐼𝑇𝑂𝑇1  being excluded as it does not 
include ultrasound signal backscattered from the lung. At the end, for 
each patient, we will have 12 values (3 features × 4 parameters). To 
obtain a value for each feature for a given patient, the average with 
respect to all her/his images were computed (Fig.  3.B).

2.5. Classification for differential diagnosis

The differential diagnosis performance of the features extracted 
from the 𝐼𝑇𝑂𝑇𝑅  (Fig.  3.C) parameters are tested through decision tree 
(DT) (with MinParentSize set to 10), Support Vector Machine (SVM), 
k-nearest neighbors (KNN), and Naive Bayes (NB) by the MATLAB 
functions fitctree, fitcsvm, fitcknn, and fitcnb, respectively.

2.5.1. Binary classification
The significance of the extracted features is tested by computing the 

𝑝-value through a Welch’s t-test with the MATLAB function ‘‘ttest2’’. The 
𝑝-value was computed for all the features across different combination 
of diseases.

Afterwards, four different binary classifiers are tested (Fig.  3.c) on 
LUSARD data, as it is the dataset to which we can benchmark [31]. 
Each type of classifier was trained with 7 input combinations [obtained 
from the combination of the three features of an 𝐼𝑇𝑂𝑇𝑅  parameter; 
combination with single feature (3) + combination with features pairs 
(3) + combination of 3 features (1)], resulting in a total of 112 
classifiers (7 combinations × 4 𝐼𝑇𝑂𝑇𝑅 × 4 classifiers). To differentiate 
PNE-CPE, 112 classifiers were trained on LUSARD data. To differentiate 
COPD-PF, COPD-PFE, and PF-PFE, 112 classifiers for each couple of 
diseases were trained on SAURON data. The classifiers were trained 
with a split at the patient-level to avoid leakage from correlated images 
of the same subject. All the classifiers were trained with a repeated k-
fold strategy, where k ranges from 2 to 13. Additionally, possible biases 
caused by the random choice of the samples in the k-fold strategy are 
mitigated by repeating each k-value 20 times. The performance of each 
classifier is evaluated by means of accuracy, specificity, and sensitivity. 
Specifically, the results of each k-value are obtained by averaging the 
20 repeated validations.

Each classifier performance are then described by selecting the 
minimum, mean, and maximum values of accuracy, specificity, and 
6 
Table 3
Evaluation metrics between ASAP (generated data) and 
AMSA (ground-truth) masks.
 Metric Score  
 Intersection over union 35.4% 
 Dice 52.2% 
 Accuracy 97.7% 
 Structure similarity 95.2% 
 Boundary F-measures 70.3% 

sensitivity for each set of k-values. The results obtained are then 
compared with the state of the art [31].

Additionally to AIM3, we tested the differential diagnosis perfor-
mance also on SAURON dataset, showing different classification per-
formance among ASAP and AMSA segmentation approaches. The same 
binary classifier and the same validation strategy were utilized (except 
for the k-fold, which ranges between 2 and 8) for pair of diseases 
(3 combination of pair of diseases, given that SAURON presents 3 
diseases). Results demonstrated improved performance of the proposed 
approach with respect to state of the art and expand the analysis to 
different pathologies analyzed here for the first time.

2.5.2. Multiclass classification
To test the approach capability under a clinically realistic scenario, 

a multiclass classification with the four standard classifiers was per-
formed. Patients from LUSARD and SAURON, along with their spectral 
features were aggregated, forming a single dataset of 85 patients with 
twelve spectral features and affected by five different lung diseases. To 
select the best features we utilized two different approaches. In the first 
approach, all the possible 212 − 1 combinations of input features were 
analyzed [i.e., combination with single feature (12) + combination with 
features pairs (66) + combination of 3 features (220) + combination 
of 4 features (495)... + combination of 12 features (1)], resulting in a 
total of 4095 combinations of features for each standard classifier. The 
best accuracy obtained for each number of input features is selected, 
obtaining in total 12 different accuracies. In the second approach, a 
rank of the most significant features in differentiating the five lung 
diseases was obtained by means of the ReliefF algorithm (implemented 
with the MATLAB function ‘‘relieff’’) [41]. Afterwards, an incremental 
feature addition test was performed, analyzing the performance of a 
classifier by adding different features in order of significance (e.g., 1th 
classifier is trained with the most significant feature, 2th classifier with 
the first two most significant features, 3◦ classifier with the first three 
most significant features. . . 12th classifier is trained with all the 12 
features). The multiclass classifiers were trained following a repeated 
K-fold cross validation strategy, with K equal to 8 and repeated 10 
times. The partitioning of the training samples was set to have an equal 
partition among the five diseases.

3. Results

3.1. Segmentation

Aim 1 and 2 results are reported in this paragraph. ASAP algorithm 
was optimized and tested by means of a nested k-fold cross validation. 
Three Dice loss values are obtained from the test of the outer k-fold, 
utilizing the set of hyperparameter optimized in the inner k-fold (Table 
2). These three Dice loss values are averaged, obtaining a Dice Loss of 
55%.

Table  3 reports the evaluation metrics obtained from ASAP (on 
SAURON) with respect to the ground truth. Intersection over union 
(IoU), Dice score, structure similarity, and the boundary F-measures 
were obtained by means of the MATLAB functions: ‘‘jaccard’’, ‘‘dice’’,
‘‘ssim’’, and ‘‘bfscore’’, respectively. Accuracy was computed as the ratio 
in percentage of the sum of the pixels with the same value among the 
two masks, and the number of all the pixels of an image (129 × 4096).
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Fig. 4. Example of three segmentations excluded from the spectroscopy analysis. Each line represent an example. Example (a), the absence of PL at 3 MHz 
of center frequency. Example (b) absence of LUS images. Example (c), ASAP error. The first four columns of the image depicts the center frequency of the 
multifreqeuncy frame, the last column depicts the mask extracted from ASAP.
LUSARD dataset was segmented with ASAP in ≈ 300 s (≈ 10 images∕s
). In six images, non-utilizable 𝐼𝑇𝑂𝑇  values were found and were 
excluded from the differential analysis (rejection rate of 0.22%).

Fig.  4 illustrates three different reasons for the exclusion of LUS 
images from the classification phase. The first reason is the absence 
of PL at one of the center frequencies. In the first row, the first four 
images representing a multifrequency image show PL at 3, 4, and 5 
MHz; however, at 6 MHz, PL is absent, leading to an 𝑚𝑎𝑥

4
𝐼𝑇𝑂𝑇 = −∞. 

Consequently, the image is excluded from the spectral analysis. The 
second reason is the absence of identifiable LUS imaging patterns. 
In the second row, these images are removed from the spectroscopy 
analysis since they do not display any type of LUS imaging pattern, 
probably due to an erroneous probe placement or an excessive patient 
movement during the acquisition phase. The last reason is due to an 
erroneous segmentation of PL from ASAP. This error is related to the 
shape of PL and its effect on the thresholding system during the edge 
cancelling phase (see Fig.  3.A.II). Indeed, in this scenario the algorithm 
is unable to follow PL shape, incorrectly thresholding PL and cutting it 
off at the wrong depth.

3.2. Classification

3.2.1. Binary classification
Table  4 depicts the p-values obtained from the statistical signifi-

cance test. For the couples PNE-CPE and PF-PFE the test shown no 
7 
significance for the extracted features. Contrary, a couple of diseases 
such as COPD-PF and COPD-PFE presents multiple significant features.

The results of AIM3 are summarized in Fig.  7(a), showing the 
classification performance of PNE vs CPE. Each subplot is divided into 
four colors to represent the type of classifier used among DT (blue), 
KNN (red), NB (green), and SVM (yellow). The performance of each 
classifier are represented by means of accuracy (blue), sensitivity (red), 
and specificity (green). The best accuracy achieved by each classifier is 
highlighted in orange. PNE vs CPE shows classification performance of 
77.28% of accuracy when considering the bandwidth and 𝑚𝑎𝑥

𝑓
𝐼𝑇𝑂𝑇

of 𝐼𝑇𝑂𝑇5 , with sensitivity and specificity values of 73.43 and 80.61%, 
respectively. The proposed approach outperforms the state of the art in 
terms of accuracy and sensitivity [31].

The results of the additional test conducted on SAURON are de-
picted in Fig.  7(b,c,d), showing the differential diagnosis of COPD vs 
PF (a), COPD vs PFE (b), PF vs PFE (c). All these analysis are based on 
segmentations obtained by ASAP. COPD vs PF presents an accuracy of 
78.61% with the SVM classifier, when considering the bandwidth (B) 
of 𝐼𝑇𝑂𝑇3 , with sensitivity and specificity values of 72.26 and 84.64%, 
respectively. COPD vs PFE reaches accuracy values up to 87.48% 
with the KNN classifier, when considering the center frequency (A) 
of 𝐼𝑇𝑂𝑇2 , with sensitivity and specificity values of 80.42 and 87.48%, 
respectively. PF vs PFE reaches accuracy values up to 74.02% with the 
DT classifier, when considering 𝑚𝑎𝑥 𝐼𝑇𝑂𝑇  (C) of 𝐼𝑇𝑂𝑇 , with sensitivity 
𝑓 5
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Fig. 5. Example of segmentations (right) performed on the same LUS image (left) from AMSA (pink) and ASAP (green).
 
 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 
 
 
 
 
 
 
 
 
 
 

 
 
 
 

Table 4
p-values of all the features among different diseases. The 
significant values are highlighted in green.

PNE COPD COPD PF
CPE PF PFE PFE

Ce
nt
er

Fr
eq
ue
nc
y 𝐼𝑇𝑂𝑇 2 7.5e−1 1.9e−3 8.6e−5 5.2e−1

𝐼𝑇𝑂𝑇 3 9.7e−1 3.7e−2 4.5e−2 7.2e−1
𝐼𝑇𝑂𝑇 4 7.2e−1 1.2e−2 5.9e−3 4.5e−1
𝐼𝑇𝑂𝑇 5 7.2e−1 3.8e−2 4.9e−1 6.0e−1

Ba
nd
w
id
th 𝐼𝑇𝑂𝑇 2 4.4e−1 6.2e−2 1.5e−2 8.0e−1

𝐼𝑇𝑂𝑇 3 2.5e−1 7.2e−4 6.6e−3 9.4e−1
𝐼𝑇𝑂𝑇 4 5.6e−1 8.5e−2 1.2e−2 3.6e−1
𝐼𝑇𝑂𝑇 5 2.0e−1 1.7e−1 3.0e−2 2.2e−1

𝑚
𝑎𝑥 𝑓

𝐼 𝑇
𝑂
𝑇 𝐼𝑇𝑂𝑇 2 6.1e−1 4.1e−1 6.7e−1 8.2e−1

𝐼𝑇𝑂𝑇 3 5.5e−1 2.4e−1 5.7e−3 4.9e−2
𝐼𝑇𝑂𝑇 4 6.3e−1 8.5e−1 3.6e−2 7.9e−2
𝐼𝑇𝑂𝑇 5 1.1e−1 3.4e−3 6.2e−5 1.5e−2

and specificity values of 55.18 and 85.32%, respectively. These results
show, for the first time, the potential of the proposed technique to
diagnose COPD and PF and, within PF, to stratify between PF and PFE.

In addition, Fig.  6 depicts the comparison on the classification
performance when segmenting with ASAP and AMSA (SAURON), re-
spectively. Each background color suggests the type of classifier used
among DT (blue), KNN (red), NB (green), and SVM (yellow). Each
sub-figure is divided into three parts, each representing a pair of
diseases (COPD vs PF, COPD vs PFE, and PF vs PFE from left to right,
respectively). The classification performance of ASAP with accuracy
above 70% are highlighted with blue rectangles. The performance
highlighted in yellow represents the best accuracy values above 70% for
each 𝐼𝑇𝑂𝑇𝑅 . The heatmaps represent the difference in accuracy between
ASAP and AMSA. Precisely, a negative value on the graph (red scale)
indicates that ASAP approach performs worse than AMSA. In contrast,
a positive value (green scale) indicates that ASAP outperforms AMSA
approach. For example, the only blue rectangle highlighted from the
classification of PF vs PFE with the KNN (red background) indicates
that ASAP exceeds the 70% of accuracy. This performance is obtained
using 𝑚𝑎𝑥

𝑓
𝐼𝑇𝑂𝑇  (feature C) of 𝐼𝑇𝑂𝑇5 . The cell is also highlighted in yel-

low, indicating the best performance for that classifier. The cell shows
a positive green value of +3.88, indicating a performance improvement
of +3.88% for ASAP compared to the AMSA algorithm.
8 
In Fig.  6d, the SVM classifier presents more similar accuracy values
between the two segmentation approaches, ranging between −15.0
and 12.9%. In contrast, the NB classifier (Fig.  6c), presents larger
differences with values ranging between −23.6 and 23.2%. Among the
diseases, COPD vs PFE presents larger differences between the two
segmentation approaches, ranging between −23.6 and 23.2%. COPD
vs PF instead ranges between −16.2 and 12.5% and PF vs PFE between
−1.79 and 10.4% for all the classifiers. The highest number of cases
presenting an accuracy above 70% (highlighted with blue rectangles)
is achieved for COPD vs PFE (6, 5, 16, 14 for DT, KNN, NB, and SVM,
respectively). PF vs PFE instead presents the lowest number of cases
with accuracy above 70% (3, 1, 0, and 4 for DT, KNN, NB, and SVM,
respectively). For COPD vs PF, the highest number of cases presenting
accuracy values above 70% is achieved using DT. The results depicts
how, in some cases, ASAP outperform AMSA. When AMSA outperform
ASAP, ASAP maintains diagnostic performance with accuracies above
70%.

3.2.2. Multiclass classification
Fig.  8 highlights the results of the multiclass classifiers in differen-

tiating between the five lung diseases. Fig.  8a depicts the best results
achieved from each number of input features through the 212−1 combi-
nations of input features. The best result is achieved utilizing the KNN
classifiers with an accuracy of 65%. This result is obtained utilizing
the Center Frequency of 𝐼𝑇𝑂𝑇 2, 𝐼𝑇𝑂𝑇 4, BW 𝐼𝑇𝑂𝑇 2, 𝐼𝑇𝑂𝑇 3, and 𝐼𝑇𝑂𝑇 5.
The figure shows how the optimal number of features ranges from 4
to 8; beyond this range the classifiers tend to overfit. Fig.  8b shows
the best classification performance of the multiclass classifier trained
through an incremental feature addition test. The classifiers show the
best accuracy of 58% with the combination of 8 features, when the SVM
is utilized. The final results show the best classification performance
with the features obtained from by the feature combination approach,
achieving accuracies of 65% with KNN, against 58% of accuracy with
SVM obtained with the incremental feature addition test.

3.3. Latency test

To test the real-time potential of the proposed methodology, an
end-to-end latency test was performed. We simulate a clinical scenario
of a patient with 12 body areas scanned, each scan composed by
23 multifrequency images. Our proposed methodology proved able to
segment all the 276 images, extract the features, and classify the patient
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Fig. 6. Heatmaps representing the difference of accuracies expressed in percentage between the classifiers trained using ASAP and the AMSA (SAURON). The 
figure shows four heatmaps, distinguished by type of classifier: (a) DT, (b) KNN, (c) NB, and (d) SVM. Each heatmap is grouped into four columns to represent 
the classification between COPD vs PF, COPD vs PFE, and PF vs PFE. Each quadruple depicts 𝐼𝑇𝑂𝑇2 , 𝐼𝑇𝑂𝑇3 , 𝐼𝑇𝑂𝑇4 , and 𝐼𝑇𝑂𝑇5 . The 𝑦-axis represents the features 
used to train the classifier, where A is the center frequency, B the bandwidth, and C is the max 𝐼𝑇𝑂𝑇𝑅 . The colors of the heatmaps range between −25.6 to 23.2. 
The cells highlighted in blue represent the accuracies above 70% reached by ASAP. The cells highlighted in yellow represent the best 𝐼𝑇𝑂𝑇𝑅  accuracy above 70%.
in 19.2 s. This result corresponds an amount of 14.4 images processed 
per second. The test was run on MATLAB utilizing a 13th Gen Intel(R) 
Core(TM) i7-13700T (24 CPUs) with 16 GB RAM.

4. Discussion and conclusion

LUS is an imaging tool used to assess the condition of the lung 
surface in real-time. However, LUS is a qualitative and subjective 
practice that leads to poor diagnostic specificity [1,26]. Novel stud-
ies have focused on the quantification of LUS patterns to improve 
specificity [31,42]. Nonetheless, these approaches were still influenced 
by the subjective and time-consuming detection of LUS imaging pat-
terns [31].

This article addressed three main aims: aim 1, we developed ASAP 
algorithm to automatically segment PLs of RF images in quasi real-time. 
In this process we developed AMSA to manually segment SAURON as 
a ground-truth and optimize ASAP.

In aim 2, we validated ASAP with respect to AMSA. In terms 
of segmentation rate, ASAP segmented 10,024 images in less than 
1000 s, achieving a rate of 10 images/s and ensuring quasi real-time 
performance. AMSA presented an average rate of ≈ 0.10 images/s, 
highlighting how ASAP segments ≈100 time faster than AMSA. ASAP 
accuracy, Dice score, structure similarity, intersection over union, and 
boundary F-measures are respectively 97.7%, 51.0%, 95.2%, 35.4%, 
9 
and 70.3%. The Dice score is computed on masks with maximum size 
101 × 129 in depth and lateral dimension, respectively, corresponding 
to ≈ 2.5% of a whole image.

It is important to clarify that ASAP presented 68 images over 10,024 
(less than 0.68% of the whole dataset) in which the quantification of PL 
gave an 𝑚𝑎𝑥

4
𝐼𝑇𝑂𝑇 = −∞, meaning PL mask was defined in a region not 

presenting values above −35 dB [29,31]. Given the low percentage of 
images that were discarded, it is plausible to expect a negligible impact 
of those images in the final classification. However, these images were 
considered for the computation of the evaluation metrics of aim 2. The 
10,024 images were automatically segmented in less than ≈1000 s (≈10 
images/s).

The masks obtained from both ASAP and AMSA are used to split 
the LUS images into three regions: pre-pleura, pleura, and post-pleura. 
These regions are quantified into five 𝐼𝑇𝑂𝑇𝑅 (𝑅 = 1, 2, 3, 4, 𝑎𝑛𝑑 5) pa-
rameters and three spectral features are extracted from each parameter: 
center frequency, bandwidth, and 𝑚𝑎𝑥

𝑓
𝐼𝑇𝑂𝑇  [29,31,36].

In aim 3, we applied a novel quantitative LUS approach to differ-
entiate lung diseases on LUSARD and we compared the results with 
the state of the art. This dataset is composed of patients affected 
by PNE and CPE. These diseases were of particular interest for their 
histopathology and social impact. Indeed, CPE is a condition that occurs 
with heart failure and is among the leading factors of hospitalization 
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Fig. 7. Four graphs (errorbars) depict the discrimination results in terms of accuracy (blue bars), sensitivity (red bars), and specificity (green bars). Each graph 
show the discrimination performance between two diseases: COPD vs PF (a), COPD vs PFE (b) and PF vs PFE (c) from SAURON dataset; PNE vs CPE (d) from 
LUSARD dataset. Each graph is divided into four colored regions representing a different type of classifier: BT (light blue), KNN (light red), NB (light green), 
and SVM (light yellow). For each classifier, the best result obtain of 𝐼𝑇𝑂𝑇2 , 𝐼𝑇𝑂𝑇3 , 𝐼𝑇𝑂𝑇4 , and 𝐼𝑇𝑂𝑇5  are reported (label on the top x-axis) along with the features 
utilized (bottom x-axis) [(A - center frequency, B - bandwidth, and C - 𝑚𝑎𝑥

𝑓
𝐼𝑇𝑂𝑇 . Multiple features are represented with a comma (i.e., A,B - center frequency 

and bandwidth)]. The 𝑦-axis represents the percentage obtained between 0 to 100%. The best results obtained with each classifier are highlighted with an orange 
elipse and the corresponding value.
among people over 65 [43,44]. PNE is the most common infection 
causing death among children [45].

LUSARD is automatically segmented with ASAP, and center fre-
quency, bandwidth, and 𝑚𝑎𝑥

𝑓
𝐼𝑇𝑂𝑇  were obtained. Thanks to ASAP 

optimization performed only on SAURON, the feature values obtained 
by segmenting LUSARD with ASAP demonstrate a binary classification 
improvement with respect to the state of the art.

The features are tested through four different binary classifiers and 
the results are represented in Fig.  7(a). The best classification perfor-
mance in terms of accuracy, specificity, and sensitivity are obtained 
with KNN and DT. To compare the results of the proposed approach 
with the state of the art, the vertical artifacts of PNE and CPE patients 
are also analyzed [31]. The classification analyses for both approaches 
were performed using the same cross-validation split folds. The vertical 
artifacts approach achieves an accuracy of 71.00% in classifying these 
two diseases. The proposed approach outperformed the state of the art 
by more than 6%, achieving an accuracy of 77.28%, with high levels 
of sensitivity (81%) and specificity (73%). Additionally, our approach 
is based on the detection of anatomical patterns, which, contrary to 
vertical artifacts, are less affected by variation of imaging settings.

The additional analysis performed consisted of applying for the 
first time the differential diagnosis to SAURON, with three new lung 
10 
diseases: PF, PFE, and COPD. PF and PFE represent different stages 
of the same pathology. They both are chronic lung conditions char-
acterized by scarring of lung tissues leading to poor prognosis. PFE 
is a worsening condition of PF [29,32,42,46]. COPD is the fourth 
leading cause of death worldwide, causing 3.5 million deaths in 2021, 
approximately 5% of all global deaths [47]. The binary classification 
results obtained from ASAP segmentation are illustrated in Fig.  7(b,c,d). 
The best classification performance are obtained with KNN and NB 
classifiers, showing accuracies up to 87.48% in discriminating COPD 
vs PFE, up to 78.61% in discriminating COPD vs PF, and up to 74.02% 
in discriminating PF vs PFE.

The results of the Welch’s t-test enforce the results of the classifiers, 
although it was performed over a limited group of patients (most 
populated group is PF with 20 patients), affecting the outcome of the 
test. Additional data are needed to improve the robustness of the test. 
PNE-CPE and PF-PFE respectively show a low number of significant 
features, which may be related to similarities in their histopathology. 
Respectively, PNE-CPE shows classification accuracies up to 77.28% 
when utilizing the combination of bandwidth and 𝑚𝑎𝑥

𝑓
𝐼𝑇𝑂𝑇  of 𝐼𝑇𝑂𝑇 5, 

which represent the two features with the lowest 𝑃 -value (even though 
𝑝-value > 0.05), while PF-PFE shows accuracies up to 74.02% with 
the bandwidth of 𝐼𝑇𝑂𝑇 5, which represents the feature with the most 
significant 𝑝-value for this group of diseases (0.0015).
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Fig. 8. multiclass classifiers representing the best accuracies achieved by number of input feature. In (a), the best input features are selected by analyzing all the 
212 − 1 possible combinations of input features. In (b), the input features are selected by the ReliefF algorithm. In the 𝑦-axis is represented the accuracy, while in 
the 𝑥-axis the number of input features utilized. The graph shows the results of SVM (yellow), KNN (red), DT (green), and NB (blue).
Results depict how this approach can support the clinical diagnosis 
of PF and PFE vs COPD, and stratify two different conditions of the 
same pathology (PF and PFE). Additionally, these results potentially 
confirm the efficiency of KNN with respect to other classifiers in 
differentiating lung diseases with these spectroscopy features [31,36,
42].

A comparison of the differential analysis performance between 
ASAP and AMSA are represented in Fig.  6. The graphs show the 
differences in terms of accuracies, highlighting the results above 70% 
reached from ASAP only. Notably, COPD vs PFE present, for all the 
classifiers, the highest number of cases presenting accuracies above 
70%. Accordingly, the histopathology of PFE presents a reduction of 
the air-spaces dimensions, while COPD an enlargement of the air-
spaces dimensions. This leads to different PL frequency responses that 
can differentiate the two diseases [35]. PF vs PFE presents the lowest 
number of values presenting accuracies above 70%. We expect this 
result, as the two diseases present a similar histopathology.

Possible discrepancies between ASAP and AMSA are dictated by the 
different PL segmentation between operator and algorithm. Indeed, the 
11 
segmentation of PL mask has a strong impact on the discrimination 
performance. The manual segmentation performed through AMSA algo-
rithm could be biased by the interpretation of a video by the operator. 
Indeed, the operator has access to the video and the appearance of PL 
on different images could lead the operator to interpolate and predict 
the position of PL, even with the absence of PL (e.g., if from image 
1 to 10 PL is visible at −15 mm along the lateral dimension, the 
operator may select PL in that part of frame 11, even if PL is not visible) 
(see Fig.  2). This aspect affects the selection of the initial and final 
points of PL, generating a wider PL mask that may include parts of the 
image with intensities below −35 dB. Similarly, in some images, PL 
may appear discontinuous, potentially presenting parts with intensities 
lower than −35 dB, which affect PL detection in that area. Even though 
a rectangular ROI may include a part of the image with intensities lower 
than −35 dB, AMSA remains based on the same pipeline. Specifically, 
AMSA selects the most intense pixel column-by-column, independently 
on the absolute value of the pixel. Notwithstanding the selection of the 
above-mentioned parts, the downstream analysis remains unchanged, 
given that all the points with intensity values lower than −35 dB are 
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later removed from the analysis. An alternative approach to generate 
ground truth would consist of a pixel-by-pixel manual segmentation, 
which would be more subjective and less reproducible compared to 
AMSA.

Contrary, ASAP is not affected by this type of bias, but is based on 
objective evaluations of the images (see Fig.  5. Since these evaluations 
are based on thresholding systems, in some cases the drawn masks 
could be less precise than the manual segmentation. Moreover, the 
maximum dimension of a PL mask corresponds to the 2.5% of the 
pixels composing an image. This highlights the complexity of this 
segmentation task. Differences in the segmentation metrics could be 
dictated by the low percentage of pixels composing the PL, as reported 
also from other articles [17]. In addition to these metrics, both AMSA 
and ASAP segmentations have been validated by three expert clinicians 
with over ten years of experience in LUS (authors AS, RI, TP), which 
confirmed the clinical validity of the segmentations. Indeed, the results 
of the final clinical task, consisting on the differential diagnosis of 
lung diseases, outperform the state of the art, implicitly confirming the 
clinical validity of the proposed approach.

For the first time in literature, a multiclass classification of five 
lung diseases was performed utilizing a quantitative LUS spectroscopy 
technique. The results exceeded the performance of the state of the art 
(obtained with only three diseases) [48] by 5%. Although the multiclass 
classifiers results could be biased by the acquisition phase of SAURON 
and LUSARD, the two datasets have been acquired with the same 
scanner and acquisition settings.

Notably, the latency test was performed on a code not designed at 
the maximum efficiency in term of latency. Different code implemen-
tation may improve the latency performance. Moreover, the test was 
performed on a patient with 12 acquired areas (maximum amount of 
areas following the standardized acquisition protocol) [49]. The final 
end-to-end latency test demonstrate the applicability of our proposed 
technique in a quasi real-time scenario.

In conclusion, in this study we provided a segmentation approach 
along with a new quantitative LUS approach to automatically segment 
in quasi real-time, quantify, and differentiate RF data of patients ac-
quired from different centers and affected by different lung diseases. 
The results show how the proposed technique outperforms the state 
of the art in terms of segmentation time, differential diagnosis perfor-
mance, and reproducibility. Additionally, a new set of lung diseases are 
analyzed for the first time: PFE and COPD.

Some limitations need to be highlighted. The acquisition strategy 
utilized on LUSARD may not reflect routine scans. LUSARD was previ-
ously designed to perform a spectroscopy analysis on vertical artifacts 
only [31]. Nevertheless, this dataset allowed us to compare the results 
of our newly developed approach with the state of the art.

The study focused on the analysis of two different linear probes 
of the same manufacture. Even though a previous study demonstrated 
how the linear probe outperforms convex probe due to its wider avail-
able bandwidth [31], future studies could investigate the performance 
of probes from different manufacturers, as long as they are able to 
cover the same bandwidth, thus allowing a comparable spectroscopy 
analysis. Additionally, the examination of same pathologies acquired 
from different centers can be explored to enforce the validity of this 
multicenter study. Moreover, the quantitative approach can be applied 
to lung diseases never explored with quantitative LUS.
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