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Abstract: This work presents a Deep Learning method to automate the interpretation of lung
ultrasound (LUS), aiming to reduce diagnostic subjectivity. A segmentation model was developed
to first identify key artifacts, such as vertical artifacts or consolidations, and then calculate a
corresponding severity score. Its performance was benchmarked against a classification model
across two video datasets. The segmentation model achieved comparable accuracy to the
traditional classification method. Furthermore, the approach proved robust to variations in the
ultrasound probe’s orientation.
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Introduction

Lung ultrasound (LUS) has rapidly evolved into an
essential, non-invasive imaging tool for assessing a
variety of pulmonary conditions. Its interpretation,
however, is not based on a direct anatomical view but
on sonographic artifacts that arise from the interaction
between ultrasound waves and the lung parenchyma.
These artifacts include horizontal A-lines, which are re-
verberations of the pleura indicative of a normal lung,
and vertical B-lines, which appear when alveolar air is
displaced by fluid, suggesting pathological conditions
like pneumonia. As a disease progresses, tissue can
solidify, appearing as hypoechoic consolidations. The
correct identification of these patterns requires sig-
nificant expertise and is susceptible to inter-observer
variability, which limits the broader clinical application
of the technique.

To address these challenges, Artificial Intelligence
(Al) has emerged as a powerful tool to aid diagnosis
by helping less experieced clinicians and reducing
subjectivity. In clinical practice, physicians quantify
lung involvement using a scoring system based on the
presence and extent of key sonographic artifacts. This
study adopts the 4-level scoring criteria proposed by
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Soldati et al. [1]:

= Score 0 (Normal): Characterized by a contin-
uous, regular pleural line with the presence of
horizontal A-line artifacts.

= Score 1 (Mild): Defined by the presence of
vertical artifacts (B-lines) while the pleural line
remains intact and unbroken.

= Score 2 (Moderate): Corresponds to a broken
or irregular pleural line with confluent vertical
artifacts affecting less than 50% of its length.
Small consolidations may also be present.

= Score 3 (Severe): Indicates severe abnormalities,
characterized by widespread, confluent vertical
artifacts affecting more than 50% of the visible
pleura, which may be accompanied by extensive
consolidations.

Automating this process with Al has primarily fol-
lowed two real-time paradigms:

classification models (CM), which are trained to
directly predict a severity score from an image, and
segmentation models (SM), which first delineate the

352



DOI 10.5162/Ultrasonic2025/P1.20

artifacts themselves and then, calculates the score
based on these findings. In this work, we propose and
validate a novel workflow that translates the rich out-
put of an artifact segmentation model into a clinical
severity score. The performance of this segmentation-
to-score approach is evaluated against expert clinician
annotations and benchmarked against a classification
model trained specifically for the scoring task on a
multi-center, multi-scanner dataset.

Datasets and Acquisition Protocols

This international, multi-center study was a collabo-
rative effort analyzing a general dataset of 2219 LUS
videos from COVID-19 patients in Italy and Spain.
All data was acquired in accordance with the Dec-
laration of Helsinki and approved by the respective
institutional ethical committees. The analysis was
performed on two distinct datasets:

= Dataset-1: This dataset comprises 1530 videos
from 83 patients, following a 14-region acqui-
sition protocol [2]. The data was acquired us-
ing three different ultrasound scanners (Esaote
Mylab50, Philips 1U22, CerberoATL) with vary-
ing imaging configurations, including frequencies
from 2.5 to 10 MHz and both convex and linear
probes depending on the patient as ins explained
in [3].

= Dataset-2: This dataset consists of 689 videos
from 30 patients, following a 12-region acqui-
sition protocol [4]. All acquisitions were per-
formed with a single scanner (UltraCOV) using a
3.5 MHz convex probe and a standardized scan-
ning criteria to minimize variability [5]. For each
patient, examinations included both longitudinal
and transversal probe orientations (337 and 352
videos, respectively).

Al Models and Scoring Methodology
Two deep learning models were evaluated.

Classification Model (CM). The classification
model (CM) utilizes a ResNet18 architecture [6], a
convolutional neural network known for its effective-
ness in image classification. It was pre-trained on a
large dataset of 58,924 LUS images acquired from the
same scanner models present in Dataset-1 [7]. The
model is designed to classify LUS images directly into
the 4-level severity score (0-3)

Segmentation Model (SM). The segmentation
model (SM) approach is a complete workflow that
translates segmented artifacts into a clinical score
(Fig. 1). It consists of the following steps:

= Input Data & Model Architecture: The model
uses an Attention U-Net architecture [8] which
was trained on 9,159 LUS images contained in
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Fig. 1: From segmentation to score workflow.

Dataset-2. A key methodological choice was to
use B-scan images (raw data of 128 x 256 pix-
els) as input instead of conventional sector im-
ages (Pre-processing block in Fig. 1), making
the model more robust to scanner-specific ge-
ometries.

From Segmentation to Score: The workflow trans-
lates the SM output into a score by mimicking
clinical reasoning. First, the SM delineates the
pleural line. Then, a post-processing algorithm
calculates the percentage of the pleura affected
by B-lines, by dividing the number of scan lines
where B-lines are detected by the total number of
scan lines where the pleura is visible [9]. Finally,
this metric is mapped to the 4-level clinical sever-
ity score based on established guidelines avobe
mentioned.
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Tab. 1: Video-level performance comparison of CM and SM methods. For Dataset-2, overall results are presented
alongside a breakdown by probe orientation (longitudinal and transversal).

Dataset-1 Dataset-2
CcM SM
Metric CM SM General Long Trans General Long Trans
Accuracy 0.53 0.46 0.55 056  0.54 0.71 0.72  0.70
Accuracy (1 tol.) 0.86 0.87 0.88 0.89 0.88 0.92 0.91 0.93

Cohen's Kappa (Kg4uc) 0.63 0.58 0.66

0.70 0.63 0.79 0.78 0.81

Experimental Setup and Evaluation Metrics

To assign a single score to each video, a 1% thresh-
olding technique was employed [10]. This method
identifies the highest severity score present in at least
1% of the video frames and assigns it to the entire
video. The analysis was conducted at video level using
as primary metric for assessing agreement with expert
clinicians the Quadratic Weighted Cohen's Kappa
(K qwe), which measures inter-rater agreement while
accounting for chance [11]. Also 1 error tolerance
accuracy is performed to account for potential inter-
observer variability in the annotations.

Results

The video-level performance of the Classification
Model (CM) and Segmentation Model (SM) method
are summarized in Table 1. Both method demon-
strated good performance on the standardized
Dataset-2, achieving substantial agreement than the
CM, particularly in transversal acquisitions. A key
finding is the robustness of both models to probe
orientation, with performance on longitudinal and
transversal views being highly comparable, confirming
the method’s flexibility in a clinical setting.

Discussion

The primary finding of this study is that the
segmentation-based workflow (SM) demonstrates a
prognostic capability comparable to a dedicated classi-
fication model (CM) in both datasets. The significance
of this result lies in the inherent interpretability of the
SM approach. Different from a "black box" classifica-
tion model, the SM workflow provides a severity score
based on quantifiable metrics, such as the percent-
age of the pleura affected by B-lines, which directly
mimics the diagnostic reasoning a clinician would ap-
ply. Furthermore, the equivalent performance of both
models on longitudinal and transversal acquisitions
indicates a successful generalization of the problem,
confirming that the Al is robust to this key acquisi-
tion variable. This would have positive implications
for clinical practice, offering greater flexibility during
the examination.
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A key finfing from our analysis is the fundamen-
tal impact of data acquisition standardization on Al
performance. A clear contrast in results was observed
between the heterogeneous, multi-scanner Dataset-1
and the standardized, single-scanner Dataset-2. Al-
though the CM was trained on a dataset with same
scanners to those in Dataset-1, its significant perfor-
mance improvement on Dataset-2 strongly suggests
that variations in image quality, likely caused by dif-
ferent hardware and post-processing filters, are sig-
nificant barriers to generalizability. This leads to the
conclusion that standardizing image acquisition proto-
cols may be as crucial as the Al architecture itself for
achieving reliable and clinically translatable results.

Despite these promising findings, several limitations
of this study must be acknowledged. Its retrospec-
tive nature means we could not control for potential
selection bias. Another significant methodological lim-
itation is the potential for data leakage in the SM
results on Dataset-2, as the segmentation model was
trained on images from 27 of the 30 patients that
comprise this dataset, however, these results are pre-
sented to ensure a comprehensive study that includes
all possible model and dataset combinations despite
this known constraint.

Conclusions

This study demonstrates that a segmentation-based
workflow can be effectively repurposed for severity
scoring in lung ultrasound, achieving a prognostic ac-
curacy comparable to that of a model trained specif-
ically for classification. Furthermore, the results in-
dicate that while these Al algorithms are robust to
variations in probe orientation, their reliable perfor-
mance is fundamentally dependent on high-quality,
standardized image acquisition. This underscores that
the successful clinical translation of Al-assisted diag-
nosis in LUS depends not only on algorithmic innova-
tion, but also on the promotion of consistent clinical
protocols.
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