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 A B S T R A C T

Lung ultrasound (LUS) is an essential tool for diagnosing lung diseases. However, its effectiveness is often 
limited by its reproducibility, making interpretation challenging for clinicians. LUS diagnosis typically relies 
on subjective assessments of pleural line and vertical artifacts. To address this limitation, we introduce a novel 
quantitative approach aimed at reducing the need to rely on human operators (HOs) for LUS data assessment 
(i.e., improving the reproducibility). In the first phase of our study, we propose a hybrid method that integrates 
motion estimation and K-means clustering for automated segmentation of LUS images. The technique utilizes K-
means clustering to identify pleural line based on intensity variations, while motion estimation detects vertical 
artifacts by analyzing motion vectors between consecutive frames. Rather than employing a conventional 
learning-based classification model, we develop an interpretable scoring framework that assigns scores to 
individual video frames according to standard scoring criteria. A threshold-based approach is then applied to 
aggregate frame-level scores, determining the final score for each video. We evaluated our method on a clinical 
dataset comprising 420 neonatal LUS videos from 70 patients, with annotations provided by three HOs. When 
using the majority vote among HOs as the reference standard, our method achieved a video-level accuracy of 
0.72. For cases with full agreement among HOs, accuracy improved to 0.77. These results demonstrate that 
our approach offers comparable or superior performance to state-of-the-art deep learning (DL)-based methods 
in terms of scoring consistency, while reducing the need for a huge training dataset.
1. Introduction

Ultrasound imaging is gaining increased attention due to its af-
fordability, safety, real-time capabilities, and widespread availability. 
Among its applications, lung ultrasound (LUS) is becoming a key tool 
in point-of-care settings for detecting and managing acute respiratory 
conditions [1,2]. In certain cases, LUS has shown greater sensitivity 
than chest X-rays [3]. Recently, its use in emergency rooms for the 
prognosis of COVID-19 patients has been explored, with studies iden-
tifying LUS characteristics and imaging biomarkers associated with 
COVID-19 patients [4,5]. These biomarkers can aid both in early de-
tection and in monitoring the respiratory effectiveness of mechanical 
ventilation [6]. The versatility and cost-effectiveness of ultrasound 
imaging make it particularly valuable in situations where patient de-
mand exceeds hospital imaging capacity. Additionally, its affordability 
enhances accessibility in low- and middle-income countries. However, 
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interpreting ultrasound images remains challenging due to the steep 
learning curve, which increases the risk of diagnostic errors [7].

In standard ultrasound imaging, a quasi-homogeneous speed of 
sound is typically assumed. However, in the lungs, this assumption 
does not hold due to the presence of air, which significantly disrupts 
the propagation of ultrasound waves. This interaction generates dis-
tinctive artifacts, including horizontal (A-lines) and vertical (B-lines) 
patterns, which are characteristic of LUS imaging and provide valuable 
diagnostic insights [8,9]. Horizontal artifacts appear as parallel lines to 
the pleura that repeat throughout the image due to ultrasound wave 
reflections from the pleural surface and their repeated return to the 
probe. In contrast, vertical artifacts manifest as bright lines extending 
from the pleura [2]. These phenomena arise when ultrasound waves 
interact with fluid in the interstitial space or thickened tissue due 
to swelling or inflammation. Additionally, some LUS images reveal 
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a consolidation zone, which occurs when air in the small airways is 
replaced by fluid. The presence of consolidation suggests abnormal 
lung tissue or fluid accumulation, which is associated with conditions 
like pneumonia, pulmonary hemorrhage, or certain lung tumors. In 
such cases, ultrasound waves generate specific artifacts that aid in 
identifying affected areas [8]. However, the variability in experience 
among clinicians analyzing ultrasound images makes reproducibility 
challenging. Therefore, an automated system that assists clinicians by 
leveraging the statistical properties of these artifacts could be useful.

In the last decade, several valuable research works have been 
conducted for the semi-quantitative analysis of lung-related pathologies 
based on LUS imaging. Their techniques rely on visual analysis of LUS 
patterns, where a score is assigned based on the detected patterns, 
reflecting the condition of the lung. The adoption of these approaches 
has rapidly increased, particularly following the COVID-19 pandemic, 
which led to a significant portion of the literature on semi-quantitative 
LUS focusing on COVID-19 applications [5,10–14]. However, these 
techniques often exhibit variability and are affected by confounding 
factors such as imaging frequency, focal depth, and the type of probes 
used. These limitations were addressed by implementing a standardized 
imaging protocol and developing a 4-level scoring system (Score 0 to 
3) that incorporates technical factors such as imaging parameters [5].

Furthermore, artificial intelligence (AI) has been utilized to auto-
matically classify LUS data based on scores, leading to a more reli-
able and reproducible semi-quantitative method [7,15–17]. In partic-
ular, [15] introduced a support vector machine (SVM)-based method 
for frame-level classification of pleural line features to detect lung 
alterations associated with COVID-19. Their approach incorporated 
pleural line detection and feature extraction using a Hidden Markov 
Model and the Viterbi algorithm. However, the non-linear SVM model 
may be susceptible to overfitting. Earlier, Brattain et al. [18] developed 
one of the first automated vertical artifacts scoring systems in thoracic 
sonography. [7] suggested a regularized spatial transformer network to 
classify LUS frames into four scores [5]. Furthermore, a uninorm-based 
aggregation technique was employed to compute the video-level score 
by aggregating the predicted frame-level scores. Using the frame-level 
scores provided by the network [7], a benchmark study was per-
formed to evaluate various aggregation techniques, such as a threshold 
approach [16], grammatically evolved decision trees [19], and cross-
correlation [20], for determining video and exam-level scores with 
prognostic value [21]. Although the cross-correlation technique pro-
duced the best results, it sacrificed the simplicity and interpretability of 
the features used. [22] proposed deep learning-based methods for the 
automated classification of neonatal LUS image frames to support the 
diagnosis of respiratory conditions in newborns. They assessed human-
to-AI interrater agreement by evaluating their proposed approach on 
LUS data from 34 neonatal patients. Their results demonstrated about 
72% agreement with expert evaluations and highlighted the potential 
of AI for improving neonatal respiratory assessment.

Differently, [23] introduced a deep learning-based approach for 
automatically detecting and localizing vertical artifacts in ultrasound 
scans. They trained a fully connected convolutional neural network 
(CNN) on B-mode images, using both in vitro ultrasound phantoms 
and in vivo patient data. Their results confirm the capability of their 
proposed model to identify and localize the presence of vertical artifacts 
in clinical LUS images. [24] proposed another method to automati-
cally detect and localize vertical artifacts in LUS videos using deep 
learning networks trained with weak labels. Their approach combined 
a convolutional neural CNN with a long short-term memory (LSTM) 
network and a temporal attention mechanism, which was evaluated 
on LUS scans. Their proposed technique led to a localization accuracy 
of 67.1%. [25] employed a CNN to quantify vertical artifacts in a 
LUS dataset comprising 4,864 clinician-labeled images. They also in-
vestigated the correlation between the automated counts and clinical 
parameters. Their intra-class correlation (ICC) analysis indicated a 
strong agreement between the human count and the neural network’s 
2 
output, with an ICC value of 0.791. Baloescu et al. proposed both deep 
learning and classical machine learning frameworks for the automated 
detection of vertical artifacts [26,27]. Moreover, the authors in [28] 
proposed a deep learning pipeline for multi-class segmentation of lung 
objects (ribs, pleural line) and artifacts (horizontal and vertical arti-
facts) in LUS images of a lung training phantom. Although they claim 
promising segmentation results, their lung data type is restricted to the 
phantom type, and the small number of image frames in the training 
reduces the generalizability of their approach in clinical settings. Chen 
et al. [29] proposed a contrastive self-supervised learning framework 
to capture spatio-temporal patterns in LUS videos, reinforcing the 
importance of dynamic information in video-level analysis.

Indeed, the application of the aforementioned AI-based techniques 
requires a large training dataset to improve adaptability and generaliz-
ability. The high computational complexity of deep learning methods, 
along with their lack of explainability, limits their use in real-time and 
clinical applications. To address these challenges, this study proposes 
a direct video-level scoring approach based on frame-level scores de-
rived from segmentation. The proposed method is applied to neonatal 
LUS data. The process begins with segmenting the pleural line and 
vertical artifacts. For segmentation, we introduce a novel segmentation 
approach utilizing motion estimation for detecting the vertical artifacts. 
The key hypothesis behind segmenting vertical artifacts through motion 
estimation is that these artifacts exhibit greater motion magnitudes 
than other lung structures. Additionally, pleural line extraction is per-
formed using K-means clustering on intensity values, leveraging the 
prior knowledge that the pleural line typically has the highest intensity. 
After completing the segmentation, we introduce a novel rule-based 
and explainable model, utilizing the key definitions in the scoring of 
the data introduced in the state of the art (i.e., in [22]), for the frame 
level scoring. Finally, we employ a well-known, simple threshold-based 
technique [16] to aggregate frame-level scores and compute the final 
video-level score. The proposed method provides a low-complexity and 
straightforward approach, eliminating the need for a huge training 
dataset and parameter settings, as required in machine learning and 
deep learning-based strategies. To the best of our knowledge, this 
research is the first study to leverage dynamic information for the 
segmentation of LUS image components and subsequently use the 
segmentation results for scoring.

The remainder of the paper is structured as follows: Section 2 
presents the proposed methodology, detailing the datasets used and the 
hybrid approach for segmentation and the scoring protocol. Section 3 
provides results obtained from the LUS dataset, specifically focusing on 
segmentation and scoring. A discussion of these findings is included in 
Section 4. Finally, Section 5 concludes with a summary of key remarks.

2. Methodology

In the following, first, we introduce the main elements of the 
proposed segmentation technique, including the motion estimation for 
detecting the vertical artifacts and K-means clustering for pleural line 
detection. Before estimating motion, the input video was preprocessed 
using a 2D median filter with a window size of [50, 2], applied 
over all frames. This step reduces frame to frame noise and stabilizes 
motion patterns while preserving vertically structured features relevant 
to artifact detection. Next, we provide the proposed technique for 
the frame-level scoring based on the segmentation results from the 
previous stage. Finally, we utilize the threshold-based technique [16] 
to aggregate the frame level scores to obtain the video level score. Fig. 
1 provides the block diagram of the whole framework.

2.1. Motion estimation

Motion estimation is a key technique in computer vision used to 
track movement in image sequences [30]. One of the earliest ap-
proaches for motion estimation is the Lucas–Kanade optical flow al-
gorithm [31]. Ideally, for motion estimation, the image pixels in the 
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Fig. 1. (a) Examples of different components in LUS images, including pleural line, horizontal artifacts, vertical artifacts, and consolidations (b) Block diagram 
of the proposed hybrid pipeline for LUS video segmentation and scoring.
sequence adhere to two main assumptions: intensity constancy and 
small motion. We utilize these two main assumptions to formulate 
our proposed motion estimation technique. To this end, consider an 
imaging pixel 𝑝(𝑥, 𝑦) with an intensity value 𝐼(𝑥, 𝑦, 𝑡), where 𝑥 and 
𝑦 indicate the lateral and axial positions of the image pixel, and 𝑡
representing the slow time (i.e., temporal frame index). As indicated 
in Fig.  2, the first assumption implies that the image pixel’s intensity 
value in frame 𝑡, 𝐼(𝑥, 𝑦, 𝑡), and frame 𝑡+𝛿𝑡, 𝐼(𝑥+𝑢𝛿𝑡, 𝑦+𝑣𝛿𝑡, 𝑡+𝛿𝑡), should 
be equal. Thus, the statement can be formulated as follows: 

𝐼(𝑥, 𝑦, 𝑡) = 𝐼(𝑥 + 𝑢𝛿𝑡, 𝑦 + 𝑣𝛿𝑡, 𝑡 + 𝛿𝑡), (1)

where 𝛿𝑡 represents the time difference between consecutive temporal 
frames in motion estimation. Additionally, 𝑢 and 𝑣 denote the lateral 
and axial velocity components, respectively, while their displacements 
are given by 𝛿𝑥 = 𝑢𝛿𝑡 and 𝛿𝑦 = 𝑣𝛿𝑡. Under the second assumption, 
i.e., the assumption of small motion (𝛿𝑥, 𝛿𝑦, and 𝛿𝑡→ 0), we can expand 
the right-hand side of Eq. (1) using a two-dimensional Taylor series. 
Neglecting higher-order terms (> 1), we obtain:

𝐼(𝑥, 𝑦, 𝑡) = 𝐼(𝑥, 𝑦, 𝑡) + 𝜕𝐼
𝜕𝑥

𝛿𝑥 + 𝜕𝐼
𝜕𝑦

𝛿𝑦 + 𝜕𝐼
𝜕𝑡

𝛿𝑡 +⋯

⇒
𝜕𝐼
𝜕𝑥

𝛿𝑥 + 𝜕𝐼
𝜕𝑦

𝛿𝑦 + 𝜕𝐼
𝜕𝑡

𝛿𝑡 = 0

⇒
𝜕𝐼
𝜕𝑥

𝑢𝛿𝑡 + 𝜕𝐼
𝜕𝑦

𝑣𝛿𝑡 + 𝜕𝐼
𝜕𝑡

𝛿𝑡 = 0. (2)

By dividing both sides of Eq. (2) by 𝛿𝑡 and defining 𝐼𝑥 = 𝜕𝐼
𝜕𝑥 , 𝐼𝑦 = 𝜕𝐼

𝜕𝑦 , 
and 𝐼𝑡 = 𝜕𝐼

𝜕𝑡 , we have the following fundamental relationship, referred 
to as the constraint equation: 

𝐼𝑥𝑢 + 𝐼𝑦𝑣 + 𝐼𝑡 = 0. (3)

It is important to note that solving Eq. (3) requires at least two 
neighboring image pixels around the 𝑝(𝑥, 𝑦) to estimate the possible 
displacement in the next frame. However, for a more reliable estimation 
of 𝑢 and 𝑣, we consider a window of size 𝑛×𝑛 centered at the target pixel 
𝑝(𝑥, 𝑦). This approach allows us to incorporate additional pixels within 
the window to form a more complete and stable system for motion 
estimation. By analyzing the image pixels within the selected window 
3 
Fig. 2. A visualization of pixels displacement in the proposed motion estima-
tion technique. Two consecutive frames at time window [𝑡, 𝑡+𝛿𝑡] is used in the 
proposed model. 𝑢 and 𝑣 indicate the velocity components along lateral and 
axial directions in LUS image, respectively.

and applying Eq. (3) to each pixel, we obtain the following system of 
equations: 
⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝐼𝑥(𝑝1)𝑢 + 𝐼𝑦(𝑝1)𝑣 = −𝐼𝑡(𝑝1)
𝐼𝑥(𝑝2)𝑢 + 𝐼𝑦(𝑝2)𝑣 = −𝐼𝑡(𝑝2)
⋮

𝐼𝑥(𝑝𝑛2 )𝑢 + 𝐼𝑦(𝑝𝑛2 )𝑣 = −𝐼𝑡(𝑝𝑛2 ),

(4)

where 𝑝1, 𝑝2,… , 𝑝𝑛2  are the pixel intensities inside the window. The 
above system can be written in the matrix form 𝐀𝑛2×2 × 𝑉2×1 = 𝐈𝑛2×1, 
where 

𝐀 =

⎡

⎢

⎢

⎢

⎢

⎣

𝐼𝑥(𝑝1) 𝐼𝑦(𝑝1)
𝐼𝑥(𝑝2) 𝐼𝑦(𝑝2)

⋮ ⋮
𝐼𝑥(𝑝𝑛2 ) 𝐼𝑦(𝑝𝑛2 )

⎤

⎥

⎥

⎥

⎥

⎦

,𝐕 =
[

𝑢
𝑣

]

, 𝐈 =

⎡

⎢

⎢

⎢

⎢

⎣

−𝐼𝑡(𝑝1)
−𝐼𝑡(𝑝2)

⋮
−𝐼𝑡(𝑝𝑛2 )

⎤

⎥

⎥

⎥

⎥

⎦

. (5)

Solving the abovementioned equation, we may reach the infinite 
number of solutions for 𝐕. However, to calculate the best possible 
solution, we propose using the least square minimization problem as 
follows: 
𝐕∗ = 𝑎𝑟𝑔min ‖𝐀𝐕 − 𝐈‖2. (6)
𝐕
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To solve the minimization problem, we multiply 𝐀𝐕 = 𝐈 by 𝐀𝑇  as 
Eq. (7). 

𝐀𝑇𝐀𝐕 = 𝐀𝑇 𝐈 ⇒ 𝐕∗ = (𝐀𝑇𝐀)−1𝐀𝑇 𝐈. (7)

Therefore, we can compute the vector 𝐕 = [𝑢, 𝑣]𝑇  as the expanded 
version as follows:
[

𝑢
𝑣

]

=

[

∑𝑛2
𝑖=1 𝐼

2
𝑥 (𝑝𝑖)

∑𝑛2
𝑖=1 𝐼𝑥(𝑝𝑖)𝐼𝑦(𝑝𝑖)

∑𝑛2
𝑖=1 𝐼𝑦(𝑝𝑖)𝐼𝑥(𝑝𝑖)

∑𝑛2
𝑖=1 𝐼

2
𝑦 (𝑝𝑖)

]−1

×

[

−
∑𝑛2

𝑖=1 𝐼𝑥(𝑝𝑖)𝐼𝑡(𝑝𝑖)
−
∑𝑛2

𝑖=1 𝐼𝑦(𝑝𝑖)𝐼𝑡(𝑝𝑖)

]

. (8)

2.1.1. Error analysis
The pair of equations that should be solved to obtain 𝑉 = [𝑢, 𝑣]𝑇  for 

the point 𝑝(𝑥𝑖, 𝑦𝑖) at temporal frame 𝑡𝑖 can be expressed as Eq. (9). 
{

𝐼 (𝑖)𝑥 𝑢 + 𝐼 (𝑖)𝑦 𝑣 = −𝐼 (𝑖)𝑡

𝐼 (𝑗)𝑥 (𝑢 + 𝛥𝑢) + 𝐼 (𝑗)𝑦 (𝑣 + 𝛥𝑣) = −𝐼 (𝑗)𝑡
. (9)

Here, 𝑗 refers to the neighbors of image pixel 𝑝(𝑥, 𝑦). However, the 
method assumes that the velocity is constant within the window, so 
the system of Eq. (9) can be changed to the following system: 
{

𝐼 (𝑖)𝑥 𝑢 + 𝐼 (𝑖)𝑦 𝑣 = −𝐼 (𝑖)𝑡

𝐼 (𝑗)𝑥 𝑢 + 𝐼 (𝑗)𝑦 𝑣 = −𝐼 (𝑗)𝑡
. (10)

However considering the uncertainty in the approximation of intensity 
gradients 𝐼𝑥, 𝐼𝑦, and 𝐼𝑡, we are essentially dealing with the following 
system: 
{

𝐼 (𝑖)𝑥 𝑢 + 𝐼 (𝑖)𝑦 𝑣 = −𝐼 (𝑖)𝑡

𝐼 (𝑗)𝑥 𝑢 + 𝐼 (𝑗)𝑦 𝑣 = −𝐼 (𝑗)𝑡 .
(11)

To calculate the error related to the approximation 𝐼𝑥, we expand the 
𝐼(𝑥 + 𝛿𝑥, 𝑦, 𝑡) with respect to 𝑥 and producing: 

𝐼(𝑥 + 𝛿𝑥, 𝑦, 𝑡) = 𝐼(𝑥, 𝑦, 𝑡) + 𝐼𝑥𝛿𝑥 + 𝐼𝑥𝑥𝛿
2𝑥 +⋯ , (12)

where 𝐼𝑥 and 𝐼𝑥𝑥 are the first and second partial derivatives of intensity 
in the 𝑥 direction. By rearranging the above relation, we obtain the 
following relationship: 

𝐼𝑥 =
𝐼(𝑥 + 𝛿𝑥, 𝑦, 𝑡) − 𝐼(𝑥, 𝑦, 𝑡)

𝛿𝑥
= 𝐼𝑥 + 𝐼𝑥𝑥𝛿𝑥 +⋯ . (13)

Then, Eq. (13) defines a unique approximation, and the resulting error 
𝑒𝐼𝑥 = 𝐼𝑥 − 𝐼𝑥 satisfies: 

‖𝑒𝐼𝑥‖ = ‖𝐼𝑥 − 𝐼𝑥‖ ≤ ‖𝐼𝑥𝑥𝛿𝑥‖ = ‖𝐼𝑥𝑥‖𝛿𝑥. (14)

Where ‖.‖ denotes the norm. In a similar way, the error obtained from 
approximation 𝐼𝑦 and 𝐼𝑡 is as follows: 

‖𝑒𝐼𝑦‖ ≤ ‖𝐼𝑦𝑦‖𝛿𝑦, ‖𝑒𝐼𝑡‖ ≤ ‖𝐼𝑡𝑡‖𝛿𝑡. (15)

Taking partial derivatives of the constraint equation, Eq. (3), with 
respect to 𝑥, 𝑦 and 𝑡, we obtain the following equations: 

𝐼𝑥𝑥𝑢 + 𝐼𝑥
𝜕𝑢
𝜕𝑥

+ 𝐼𝑦𝑥𝑣 + 𝐼𝑦
𝜕𝑣
𝜕𝑥

= −𝐼𝑡𝑥 (16)

𝐼𝑥𝑦𝑢 + 𝐼𝑥
𝜕𝑢
𝜕𝑦

+ 𝐼𝑦𝑦𝑣 + 𝐼𝑦
𝜕𝑣
𝜕𝑦

= −𝐼𝑡𝑦 (17)

𝐼𝑥𝑡𝑢 + 𝐼𝑥
𝜕𝑢
𝜕𝑡

+ 𝐼𝑦𝑡𝑣 + 𝐼𝑦
𝜕𝑣
𝜕𝑡

= −𝐼𝑡𝑡. (18)

Assume that the second-order partial derivatives are continuous and 
motion is constant in the neighborhoods of each pixel, by substituting 
the left side of Eqs. (16) and (17) in Eq. (18), we have: 
[

𝑢 𝑣
]

[

𝐼𝑥𝑥 𝐼𝑥𝑦
] [

𝑢
]

≈ 𝐼𝑡𝑡. (19)

𝐼𝑦𝑥 𝐼𝑦𝑦 𝑣

4 
Without loss of generality, we can adjust our coordinate system by 
evaluating Eq. (19) along the 𝑥-axis (𝑣 = 0). Thus, this system can be 
reduced to the following equation: 
𝑢2𝐼𝑥𝑥 ≈ 𝐼𝑡𝑡. (20)

These analysis help us to calculate the upper bound of the residual error 
in estimation of Eq. (3). More specifically, considering relations in Eqs. 
(14), (15), and (20), we obtain the inequality as follows:
‖𝐸‖ = ‖𝐼𝑥 − 𝐼𝑥‖|𝑢| + ‖𝐼𝑦 − 𝐼𝑦‖|𝑣| + ‖𝐼𝑡 − 𝐼𝑡‖ ≤ (21)

‖𝐼𝑥𝑥‖|𝑢|𝛿𝑥 + ‖𝐼𝑦𝑦‖|𝑣|𝛿𝑦 + ‖𝐼𝑥𝑥‖𝑢
2𝛿𝑡.

By taking 𝛿 = max{𝛿𝑥, 𝛿𝑦, 𝛿𝑡}, and 𝑀 = ‖𝐼𝑥𝑥‖|𝑢|+ ‖𝐼𝑦𝑦‖|𝑣|+ ‖𝐼𝑥𝑥‖𝑢2 we 
conclude that 
‖𝐸‖ ≤ 𝑀𝛿. (22)

Eq. (22) states that the estimation error’s upper bound for the proposed 
motion estimation method is a factor of 𝛿. In other words, the accuracy 
of approximated motion vector depends on how small are 𝛿𝑥, 𝛿𝑦 and 
𝛿𝑡.

2.1.2. Vertical artifact segmentation using motion estimation
After performing motion estimation on the LUS video, we use the 

estimated 𝑢 and 𝑣 components to compute the velocity magnitude 
as |𝑉 | =

√

𝑢2 + 𝑣2. To enhance the detection of vertical artifacts, 
which typically correspond to higher velocity magnitudes, we apply a 
velocity-based high pass filtering to the velocity magnitude values. This 
filtering process helps eliminate regions with lower velocity magni-
tudes, such as the pleural line and intercostal tissue. The cutoff velocity 
magnitude is determined based on the global average of the velocity 
magnitude at a specific temporal frame.

2.2. K-means clustering

K-means clustering is a technique for partitioning data into 𝑘 clus-
ters by minimizing intra-cluster variance [32]. The algorithm begins by 
selecting 𝑘 initial centroids, 𝑐0, 𝑐1,… , 𝑐𝑘−1, assigns each data point to its 
nearest centroid, and iteratively refines the centroids until convergence. 
This approach is widely applied in pattern recognition, noise reduction, 
and image segmentation tasks [33,34]. In this study, we explore its ap-
plication for segmenting the pleural line, which exhibits high-intensity 
values in lung ultrasound (LUS) images. To illustrate, consider an image 
𝐼 where the pixel intensities are given by {𝐼𝑝1 , 𝐼𝑝2 ,… , 𝐼𝑝𝑛}. The goal 
is to partition 𝐼 into 𝑘 clusters such that minimize the summation of 
inter cluster distances from each sample point 𝐼𝑝𝑖  to the centroid 𝑐𝑙 as 
follows: 

𝐷𝑡𝑜𝑡 =
𝑘−1
∑

𝑙=0

∑

𝐼𝑝𝑖∈𝑐𝑙

𝑑(𝐼𝑝𝑖 , 𝑐𝑙), (23)

where 𝑑 is distance between 𝐼𝑝𝑖  and centroid 𝑐𝑙.
After clustering, we can detect different areas of the image based on 

the intensity characteristics of each part by selecting the corresponding 
cluster.

2.3. Frame level scoring

The LUS scores utilized in this study are an adapted interpretation 
of the original scoring system established by [35] and later applied 
in [22]. This detailed LUS scoring framework effectively captures es-
sential characteristics linked to Transient Tachypnea of the Newborn 
(TTN) and Respiratory Distress Syndrome (RDS) [35]. This LUS scoring 
was determined according to the following criteria:
Score 0: Presence of horizontal artifacts without vertical artifacts, 
indicating a fully aerated lung state.
Score 1: Presence of multiple vertical artifacts along with an extended 
and continuous pleural line, suggesting mild lung alterations.
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Score 2: Vertical artifacts spanning the entire pleural line, indicative 
of significant interstitial syndrome.
Score 3: Presence of lung consolidations with a disrupted pleural line, 
signifying severe lung pathology.

According to the aforementioned definitions, we have proposed a 
conditional algorithm for frame-level scoring. In this technique, frames 
are assigned a score by analyzing the segmented horizontal artifacts, 
pleural line, and vertical artifacts. The scoring system follows a hier-
archical structure, beginning with cases where no vertical artifacts are 
present. Specifically, score 0 is assigned if at least one horizontal line 
is detected and no vertical artifacts are present. Score 1 is assigned if 
at least two vertical artifacts are detected and the pleural line extends 
across more than 80% of the total frame width. Score 2 is assigned 
when the relative width difference between the pleural and vertical 
artifacts’ extensions is less than a small error threshold 𝜖 (In our 
evaluation, we set 𝜖 to 0.1, corresponding to a 10% difference relative 
to the larger width). Finally, Score 3 is given when the pleural line 
is fragmented into multiple sections, with at least four broken pleural 
lines detected, subject to the following condition: In cases where 4 
or 5 fragmentations of the pleural line are observed, the interruptions 
may be due to rib shadows or pathology; to distinguish between these, 
we perform an additional check for the presence or absence of A-lines 
and vertical artifacts (absence indicating strong pathology), although 
some misclassification may still occur in this range. In such cases, if 
both A-lines and vertical artifacts are absent, we assign a score of 3. 
Additionally, if more than five pleural line fragmentations are found, 
we also assign a score of 3.

If none of the primary conditions are met, a nested conditional 
structure refines the assignment. Specifically, if no vertical artifacts are 
detected but at least three pleural line segments are present, the score is 
assigned as 3; otherwise, it is set to 0. If vertical artifacts are detected, 
an additional check compares the width of the pleural line and vertical 
artifacts. If their absolute difference is less than a small error tolerance 
2𝜖, the score is set to 2; otherwise, it is set to 1.

This structured approach ensures a comprehensive evaluation of 
segmented frames based on pleural and vertical artifact characteris-
tics. The complete scoring logic, including the primary and nested 
conditional structure, is presented in Algorithm 1. To validate the 
proposed scoring algorithm, we performed a frame-level evaluation 
using a subset of 12,000 manually annotated frames by expert clinicians 
from 20 patients.

2.4. Frame to video level scoring

Finally, after extraction of the frame level scores, we should ag-
gregate them to reach a final video level score, which is of diagnostic 
value in the clinical LUS imaging. To this end, we utilize the simple and 
pre-existing approach in the state of the art, referred to the threshold 
(TH)- based technique [16]. The threshold-based technique works by 
assigning a video with the highest score found at a given percentage of 
frames (threshold) composing the video. Finally, the video level score is 
compared to the clinical evaluation to obtain the video level agreement.

In the end, by analyzing the video level agreement at various TH 
levels (in range 1% to 100%), the optimal TH can be identified to see 
which fraction of the video frames are most informative and useful for 
frame level score aggregation.

2.5. Data description

The data used to evaluate the method presented in this manuscript 
consist of clinical and specialized care data from the Fondazione IRCCS 
San Gerardo dei Tintori in Monza, Italy. The data involved preterm 
infants with a gestational age of less than 32 weeks and/or a birth 
weight under 1500 grams, excluding those with significant congen-
ital abnormalities. The infants being infected a range of pulmonary 
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Algorithm 1 Frame_Score
1: Input:
2: 𝑊 ← Image width
3: 𝐻𝐴 ← Number of horizontal artifacts detected
4: 𝑉 𝐴 ← Number of vertical artifacts detected
5: 𝑃𝐿 ← Number of pleural line detected
6: 𝑃𝐿_𝑒𝑥𝑡 ← Width of pleural line extension
7: 𝑉 𝐴_𝑒𝑥𝑡 ← Width of vertical artifacts extension
8: 𝜖 ← 0.1
9: Primary scoring algorithm:
10: if 𝑉 𝐴 = 0 and 𝐻𝐴 ≥ 1 then
11:  return 0
12: else if 𝑉 𝐴 ≥ 2 and 𝑃𝐿_𝑒𝑥𝑡 > 0.8 ×𝑊  then
13:  return 1
14: else if |𝑃𝐿_𝑒𝑥𝑡−𝑉 𝐴_𝑒𝑥𝑡|

max(𝑃𝐿_𝑒𝑥𝑡,𝑉 𝐴_𝑒𝑥𝑡) < 𝜖 then
15:  return 2
16: else if 𝑃𝐿 ≥ 4 then
17:  if 𝑃𝐿 ≤ 5 then
18:  if 𝐻𝐴 = 0 and 𝑉 𝐴 = 0 then
19:  return 3
20:  end if
21:  else
22:  return 3
23:  end if
24: end if
25: Nested conditional refinement:
26: if none of the above conditions met then
27:  if 𝑉 𝐴 = 0 then
28:  if 𝑃𝐿 ≥ 3 then
29:  return 3
30:  else
31:  return 0
32:  end if
33:  else
34:  if |𝑃𝐿_𝑒𝑥𝑡−𝑉 𝐴_𝑒𝑥𝑡|

max(𝑃𝐿_𝑒𝑥𝑡,𝑉 𝐴_𝑒𝑥𝑡) < 2 × 𝜖 then
35:  return 2
36:  else
37:  return 1
38:  end if
39:  end if
40: end if

disorders associated with prematurity, including acute respiratory con-
ditions (such as RDS and TTN), evolving, and established broncho 
pulmonary dysplasia (BPD). LUS imaging was performed on patients 
who had received pulmonary surfactant therapy. None of the infants 
had pulmonary hypoplasia, pneumonia, pneumothorax, or meconium 
aspiration at the time of evaluation. Ultrasound imaging was con-
ducted with the patient positioned supine, using a Philips Affiniti 70 
ultrasound system equipped with a high-frequency micro linear probe 
(7.0–15.0 MHz), commonly referred to as a hockey stick transducer. 
The focal zone was aligned with the pleural line, with imaging param-
eters set to a depth of 3 cm and a frame rate of 63 Hz to ensure optimal 
resolution. The dataset comprises 70 examinations evaluated by human 
operators (HOs) with expert level of proficiency. Three HOs, each with 
4 to 7 years of experience, performed video-level scoring to establish 
the ground truth (GT). Each of these 70 exams includes six videos (a 
total of 420 videos and 78,439 frames), each video corresponding to a 
specific area of the chest. The number of frames in each video varies 
from 188 to 607. Video-level labeling was performed for the entire 
dataset based on the same 4-level scoring scheme described in Sec-
tion 2.3. In addition to video level labeling, a subset of 12,000 frames 
extracted from 20 patients was manually annotated at the frame level 
by clinical experts. This subset was used for quantitative evaluation of 
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the frame level scoring performance. The study was approved by the 
local ethical committee (protocol nr. 3804/21), and written informed 
consent was obtained from all parents prior to enrollment.

2.6. Evaluation strategy

We evaluate the proposed technique on the abovementioned datasets
consisting of 70 exams, with each exam consisting of six videos. Our 
analysis covers three distinct cases: Case-1 and Case-2 include the 
same 50 and 60 exams used in [22], respectively; Case-3 considers the 
entire dataset of 70 exams. It should be noted that since three HOs 
labeled the videos, we extracted the results using different ground truth 
labeling strategies. The first strategy involves comparing the results 
with each HO’s label individually. The second strategy uses majority 
voting among the three HOs’ assessments. The third strategy considers 
only the videos where all three HOs provided the same score, ensuring 
complete agreement. This third approach resulted in filtering out some 
videos, leading to a final selection of 270 videos extracted from all 70 
exams. This comprehensive evaluation ensures a robust assessment of 
the technique across different scenarios.

2.7. Evaluation metrics

To evaluate the performance of the proposed technique, we used key 
evaluation metrics including, 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦, 𝑟𝑒𝑐𝑎𝑙𝑙, 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛, and 𝐹1 score 
which are crucial to assessing model classification performance. These 
metrics are based on the following definitions: true positives (TP) refer 
to the number of videos correctly predicted as a specific class; false 
positives (FP) are the number of videos incorrectly predicted as that 
class; false negatives (FN) are the number of videos that belong to that 
class but were predicted as another; and true negatives (TN) refer to the 
number of videos correctly predicted as not belonging to the specific 
class. These metrics are defined as follows: 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 𝑇𝑁 + 𝑇𝑃

𝑇𝑁 + 𝐹𝑃 + 𝑇𝑃 + 𝐹𝑁
(24)

𝑅𝑒𝑐𝑎𝑙𝑙 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑁

, (25)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 𝑇𝑃
𝑇𝑃 + 𝐹𝑃

, (26)

𝐹1 Score = 2 × Precision × Recall
Precision + Recall . (27)

2.8. Cross-validation

As the proposed technique involves three main parameter settings 
(k,WS,TH), we perform a cross validation through the whole data to 
extract the optimal parameters. To this end, we divided 70 exams to 
7 different parts, each of them includes 10 exams. Following that, 
we use 7 fold cross validation by training the model on 60 exams 
in each fold and testing on the rest of 10 exams. For each fold, we 
extract the accuracy and finally extract the optimal parameters based 
on the maximum average accuracy on the test set. The parameter 
space is considered as 𝑘 ∈ {2, 3, 4, 5, 6}, 𝑊𝑆 ∈ {3, 5, 7}, and 𝑇𝐻 ∈
{1%, 2%,… , 100%}. It should be noted that this process is repeated for 
different ground truth strategies, i.e., HO1, HO2, HO3, and majority.

3. Results

We applied the proposed segmentation technique with different 𝑘
values for pleural line detection and motion estimation with varying 
window sizes for vertical artifact segmentation. It should be noted that 
a window size of 𝑊𝑆 means we used a window of size 𝑊𝑆×𝑊𝑆. In our 
implementation, we compute motion vectors between frame pairs that 
are temporally separated by a gap of three frames (e.g., frame 1 with 
frame 4). This temporal spacing allows for the detection of meaningful 
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motion patterns, particularly those associated with vertical artifacts. 
Qualitative examples of the segmentation of pleural line and vertical ar-
tifacts are presented in Fig.  3 for different 𝑘 and 𝑊𝑆 parameter values. 
Then, we use the segmentations results for our frame level scoring. As 
shown in the figure, the pleural line and vertical artifacts segmentations 
revealed the best results with 𝑘 = 5 and 𝑊𝑆 = 3. Even in cases where 
there are discontinuities in the pleural line and several vertical artifacts, 
the proposed method achieves promising segmentation accuracy.

In addition to the qualitative evaluation, we conducted a cross-
validation study based on video-level agreement provided in Sec-
tion 2.8. The results of the cross-validation process are presented in 
Fig.  4. The figure presents the best accuracies and parameters achieved 
in each fold for different ground truth cases. For each ground truth, 
the first column shows the best accuracy obtained in each fold that 
corresponds to the optimal pairs (𝑘, 𝑊𝑆). To simplify the visualization, 
the optimal threshold obtained in each pair of (𝑘, 𝑊𝑆) is shown in the 
right part of the figure. In addition, Fig.  5 summarizes the highest test 
accuracies obtained across the seven folds for each ground truth. Table 
1 shows the optimal values of 𝑘, 𝑊𝑆, and 𝑇𝐻 obtained in each when 
evaluated against the majority of the ground truth.

To compare the proposed method against the state-of-the-art study
[22], we adopted the exact same train-test split used in their evaluation. 
For Case-1 and Case-2, the training sets consisted of 20 and 10 exams, 
respectively, from which we determined the optimal parameters 𝑘, 𝑊𝑆, 
and 𝑇𝐻 . Figs.  6 and 7 present the highest accuracy values for each 
(𝑘,𝑊 𝑆) pair in the first column, along with the corresponding optimal 
threshold in the second column, for Case-1 and Case-2, respectively. 
The optimal parameters for both cases are summarized in Table  2.

In the next step, following the segmentation of the LUS images, we 
utilize our rule-based frame-level scoring technique designed based on 
the standard definitions in the standardized protocol of neonatal LUS 
scoring [22,35], for the frame-level scoring. To assess the reliability 
of this scoring approach, we conducted a frame-level evaluation using 
12,000 manually annotated frames from 20 patients. The predicted 
frame-level scores were compared against expert annotations, and the 
results are presented in a confusion matrix (Fig.  8), showing a classifi-
cation accuracy of 51.19%. This evaluation confirms that the proposed 
rule-based algorithm captures meaningful diagnostic features at the 
frame level. Next, the threshold-based aggregation technique with TH 
ranges from 1% to 100% was used to calculate the video-level score 
from the vector of frame level scores.

For a quantitative assessment, we evaluated the performance of our 
proposed technique at the video-level scoring by comparing it with 
the labels provided by HOs. Specifically, we extracted the evaluation 
metrics discussed in Section 2.7, including accuracy, precision, recall, 
and F1 Score. These metrics were computed for different cases, with 
results presented in Tables  3 and 4 for Case-1 and Case-2, and Case-
3, respectively, along with a comparison against state-of-the-art deep 
learning techniques from [22]. It should be noted that, for the proposed 
technique, the results are reported for the best-performing threshold 
TH based on the observation (i.e., 37%). More specifically, the results 
of Case-1 (the same 50 exams used in [22]) show that while ResNet-
18 achieved the highest accuracy of 0.77, our proposed technique 
demonstrated a promising accuracy of 0.66, outperforming DCNN. This 
performance difference in Case-1 could be due to the presence of more 
challenging cases, where the ResNet-18 deep learning-based technique 
demonstrates better capacity. Differently, in Case-2 (the same 60 exams 
used in [22]), our proposed method outperformed both ResNet-18 and 
DCNN, achieving a maximum accuracy of 0.68. In Case-3, reported in 
Table  4 which corresponds to using all the 70 exams (not presented 
in the state of the art), the proposed method continues to show strong 
performance, with accuracy values ranging from 0.67 to 0.72.

Finally, when using the full agreement strategy for determining 
the ground truth, the proposed method achieves its highest overall 
performance, with an accuracy of 0.77, precision of 0.77, recall of 0.74, 
and an F1 score of 0.75.
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Fig. 3. Examples of segmented image frames of LUS videos from different scores using the proposed method. pleural line and vertical artifacts segmentations 
are shown in red and green color, respectively (see the link to the segmented videos). The dashed box indicates the best segmentation results.
Table 1
Optimal parameter values for each fold in cross validation against the Majority as ground truth.
 Case Fold 1 Fold 2 Fold 3 Fold 4 Fold 5 Fold 6 Fold 7 
 Best 𝑘 value 5 5 5 5 5 5 5  
 Best 𝑊𝑆 value 3 3 3 3 3 3 3  
 Best TH value 24 31 31 31 31 31 36  
Table 2
Optimal parameter values for Case-1 and Case-2 against the Majority as ground truth.
 Parameter Best 𝑘 value Best 𝑊𝑆 value Best TH value 
 Case-1 5 3 37  
 Case-2 5 3 37  
Table 3
Performance analysis of the proposed method for video-level classification in case-1 (50-exam configuration in [22]) and case-2 
(60-exam configuration in [22]) considering different ground truth (GT) labels. The values in bold represent the best results.
 Methods Case-1 Case-2 GT  
 Accuracy Precision Recall F1 Score Accuracy Precision Recall F1 Score  
 
DCNN [22]

0.60 0.53 0.60 0.60 0.63 0.63 0.63 0.63 HO1 
 0.59 0.61 0.59 0.60 0.54 0.60 0.54 0.55 HO2 
 0.55 0.58 0.55 0.56 0.57 0.59 0.57 0.57 HO3 
 
ResNet-18 [22]

0.77 0.78 0.77 0.76 0.58 0.61 0.58 0.58 HO1 
 0.68 0.77 0.68 0.68 0.66 0.65 0.66 0.65 HO2 
 0.71 0.76 0.71 0.70 0.62 0.62 0.62 0.62 HO3 
 
Proposed Method

0.64 0.60 0.54 0.55 0.67 0.69 0.63 0.64 HO1 
 0.65 0.58 0.55 0.56 0.67 0.65 0.61 0.62 HO2 
 0.66 0.63 0.51 0.52 0.68 0.69 0.59 0.62 HO3 
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Fig. 4. Parameter optimization results for the four ground truth strategies (rows: Majority, HO1, HO2, HO3). First column: accuracy for different (𝑘,WS) pairs. 
Second column: the best video-level threshold (TH) corresponding to the highest accuracy for each (𝑘,WS) pairs.
Fig. 5. Distribution of best test accuracies for each ground truth strategy (Majority, HO1, HO2, HO3) obtained across the seven fold cross validation. For each 
ground truth, seven accuracy values are shown, each corresponding to one fold.
Table 4
Performance analysis of the proposed method for video-level classification in case-3 (including all 70 exams) considering different 
ground truth (GT) labels.
 Accuracy Precision Recall F1 Score GT  
 0.67 0.68 0.65 0.65 HO1  
 0.68 0.67 0.63 0.64 HO2  
 0.69 0.70 0.63 0.65 HO3  
 0.72 0.71 0.68 0.69 Majority  
 0.77 0.77 0.74 0.75 Full agreement 
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Fig. 6. Training results for each ground truth (Majority, HO1, HO2, and HO3) obtained from the parameter optimization set in Case-1. Each row corresponds to 
each ground truth. The first column shows video-level accuracies for all (𝑘,𝑊 𝑆) parameter combinations while the second column corresponds optimal threshold 
values for each (𝑘,𝑊 𝑆) pair.
Fig.  9 shows the confusion matrices obtained using different strate-
gies to define the ground truth labels, including majority voting (first 
column) and the individual human operators HO1 (second column), 
HO2 (third column), and HO3 (fourth column). The results are provided 
for the best-performing threshold TH (i.e., 37%), which demonstrates 
strong agreement with majority voting, achieving higher accuracy. 
Moreover, among human operators, the method exhibits the closest 
alignment with HO3, showing fewer classification errors compared to 
HO1 and HO2. Overall, despite some variations, the method remains 
consistent across different ground truths.

As stated, the results in Tables  3 and 4 were reported based on 
the optimal TH value in the aggregation technique. However, we also 
analyzed accuracy by varying the TH from 1% to 100%, as illustrated 
in Fig.  10. The figure demonstrates similar trends across different cases 
and aligns with the observations reported in [22]. As TH increases from 
1% to 100%, accuracy initially improves before gradually declining. 
Notably, the optimal TH for all cases is 37%. Furthermore, the highest 
accuracy is observed in the full consensus case (Case-3), highlighting 
the importance of robust ground truth for reliable evaluations.

Finally, it is worth to assess the proposed technique by allowing 
a one-error tolerance [16,21]. Specifically, this evaluation considers 
whether the absolute difference between the predicted score and the 
ground truth is within 1. Fig.  11 presents the one-error tolerance 
accuracy for video-level scoring using the proposed method. Under 
this criterion, the proposed technique achieves an accuracy of 0.97, 
demonstrating strong performance within a ±1 margin of error.

All implementations and experiments were conducted using MAT-
LAB software (MathWorks, Natick, MA, USA) on a system equipped 
with an Intel(R) Core(TM) i5-10500 processor (3.10 GHz) and 32 GB 
of RAM.
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4. Discussion

The proposed segmentation and scoring framework provides a ro-
bust and interpretable alternative to deep learning-based approaches 
for LUS analysis. The segmentation results (Fig.  3) confirm that K-
means clustering successfully identifies pleural line, while motion es-
timation reliably detects vertical artifacts. The effectiveness of k = 5 
in pleural line segmentation highlights the ability of clustering-based 
methods to enhance boundary delineation, even in cases where discon-
tinuities exist. The motion estimation method performed optimally with 
a window size of 3, demonstrating its capacity to differentiate motion-
rich vertical artifacts from background structures, which is crucial 
for reliable artifact segmentation. The use of optical flow for vertical 
artifact detection was also motivated by its pixel level resolution and 
computational efficiency, which are particularly valuable for real-time 
neonatal LUS analysis compared to existing methods such as speckle 
tracking [30].‘

Figs.  4 and 5, together with Table  1 show the results of the 7-fold 
cross validation through the whole 70 exams. Across the combinations 
of evaluated parameters, (𝑘,𝑊 𝑆) = (5, 3) consistently yielded the 
highest precisions for the four ground-truth strategies in the 7-fold 
cross-validation, as further confirmed by the majority ground-truth 
results in Table  1, where all folds selected 𝑘 = 5 and 𝑊𝑆 = 3. 
For this optimal configuration, the best video-level threshold (𝑇𝐻) 
for majority ranged between 24% and 36% across folds, while in-
spection of the other strategies in Fig.  4 shows corresponding 𝑇𝐻
values of approximately 37% for HO1 and HO3, and 20% for HO2. 
These findings indicate that while (𝑘,𝑊 𝑆) = (5, 3) provides a robust 
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Fig. 7. Training results for each ground truth (Majority, HO1, HO2, and HO3) obtained from the parameter optimization set in Case-2. Each row corresponds to 
each ground truth. The first column shows video-level accuracies for all (𝑘,𝑊 𝑆) parameter combinations while the second column corresponds optimal threshold 
values for each (𝑘,𝑊 𝑆) pair.
Fig. 8. Confusion matrix of the frame-level scoring algorithm when applied 
to a subset of 12,000 frames from 20 patients.

and generalizable setting across strategies, 𝑇𝐻 requires fine-tuning per 
strategy to maximize performance.

Furthermore, we applied the proposed method to the same training 
sets used in the state-of-the-art study—namely, Case-1 and Case-2 to 
determine the optimal parameters. As shown in Figs.  6 and 7, and Table 
2, the best performance across all ground truth strategies (Majority, 
HO1, HO2, and HO3) was consistently achieved with 𝐾 = 5, 𝑊𝑆 = 3, 
and 𝑇𝐻 = 37%. This configuration delivered the highest video-level 
accuracies for both Case-1 and Case-2. The stability of this parameter 
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set across different annotation schemes indicates strong generalization 
ability, making it an appropriate choice for fair comparison with the 
state-of-the-art. Since both cross-validation and the training-set eval-
uation for Case-1 and Case-2 yielded the same (𝐾,𝑊 𝑆) = (5, 3) for 
the proposed segmentation method, we adopted this parameter set for 
all subsequent analyses. However, we continued to assess performance 
with varying 𝑇𝐻 values, as it changes during cross-validation.

The scoring accuracy results (Fig.  9) demonstrate that the proposed 
method aligns well with human expert assessments. For example in 
Case-2 (majority voting), the method achieved its highest accuracy in 
Score 1 (78.9%) and Score 3 (71.4%), suggesting that the segmentation 
process effectively distinguishes moderate and severe lung conditions. 
Slightly lower accuracies for Score 0 (68.8%) and Score 2 (63.0%) 
indicate that differentiating between normal lung patterns and mild 
interstitial syndromes remains challenging. These results suggest that 
while the method successfully captures pleural and vertical artifact 
characteristics, further refinements in feature selection may improve 
performance in borderline cases.

A comparative analysis with deep learning-based approaches in 
Table  3 highlights the advantages of the proposed method. In Case-
2, the proposed approach outperformed DCNN and ResNet-18 by 9%, 
demonstrating its superior generalizability. The accuracy range of 67% 
to 72% in Case-3 further validates the robustness of the method across 
diverse clinical conditions. The highest accuracy of 77.4% in Case-3, 
where complete agreement among HOs was present, confirms that the 
proposed method performs optimally when the reference standard is 
highly reliable.

The results in Fig.  10 show the impact of selecting a threshold in 
the aggregation technique. It reveals a clear trend across all cases: 
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Fig. 9. Confusion matrices illustrating the model’s performance using the proposed technique with different ground truth references: majority voting (column 
1), HO1 (column 2), HO2 (column 3), and HO3 (column 4). The first, second, and third rows correspond to Case-1 (50-exam configuration from [22]), Case-2 
(60-exam configuration from [22]), and Case-3 (all 70-exam configuration), respectively.
Fig. 10. Video level accuracy vs threshold (TH) in the threshold-based aggregation technique. The evaluation was performed with THs ranging from 1% to 100%. 
The horizontal axis represents the threshold value while the vertical axis represents the video level accuracy. The first, second, and third columns respectively 
represent Case-1, Case-2, and Case-3.
Fig. 11. One error tolerance accuracy evaluation across various THs ranging 

from 1% to 100%.

11 
accuracy initially increases with the threshold, reaches a peak, and 
then declines as TH continues to rise. This behavior suggests that lower 
thresholds may allow noisy frame-level scores to influence the final 
video score, while excessively high thresholds may discard too much 
relevant information. The evaluation of video-level scoring revealed 
that an optimal threshold of 37% maximized accuracy, achieving 72% 
agreement with majority-voted ground truth and increasing to 77.4% 
when all three HOs agreed on the diagnosis. The improvement in 
accuracy for cases with full consensus suggests that inter-observer vari-
ability significantly impacts LUS interpretation. Additionally, the study 
inherently includes variability caused by probe movement, and respi-
ratory motion, as the dataset was acquired in real clinical conditions. 
Such motion artifacts could potentially affect the detection of vertical 
artifacts. This finding underscores the necessity of automated scoring 
techniques to standardize assessments and reduce observer-dependent 
inconsistencies.
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Fig.  11 illustrates the accuracy evaluation of the aggregation
threshold-based technique under a one-error tolerance setting, where 
predictions are considered correct if their absolute difference from 
the ground truth score is within one. The overall trend shows that 
accuracy is high for low TH values, peaks around 20%–40% with 
accuracy ≥ 95%, and then declines as TH increases toward 100%. 
This behavior indicates that moderate threshold values strike a balance 
between flexibility in score aggregation and maintaining consistency 
with the ground truth. More specifically, at moderate TH values, the 
method includes a broad range of frames in determining the final video 
score, which enhances robustness under the one-error tolerance metric, 
leading to high accuracy. However, as TH increases, the requirement 
for a higher percentage of frames to hold a specific score makes the 
method more rigid, which reduces accuracy when slight disagree-
ments exist. Among the different approaches, HO3 (blue) maintains 
the highest accuracy across most of the TH range, particularly between 
40%–80%, indicating the observer’s reliability in scoring. HO1 (red) 
follows a similar pattern, whereas HO2 (green) experiences the most 
pronounced decline at higher TH values, suggesting higher variability 
in this operator’s scoring patterns. The sharp drop in accuracy beyond 
80% for all methods indicates that enforcing extremely high thresholds 
results in overly rigid aggregation, which leads to reduced alignment 
with the ground truth.

This finding suggests that the method consistently assigns scores 
within a reasonable diagnostic range, supporting its potential appli-
cation in real-world clinical workflows where minor disagreements 
between experts are common.

Computational analysis demonstrates the method’s feasibility for 
clinical use. More specifically, the segmentation process, particularly 
motion estimation, accounted for the majority of processing time, 
averaging 49.41 ± 1.21 s per video, while K-means clustering required 
10.11 ± 0.56 s. The scoring step was highly efficient, taking only 
0.33 ± 0.01 s, showing the low computational complexity of the 
approach. In the proposed method, the total processing time per frame, 
including both segmentation and scoring, is 126 ms. In comparison, 
the state-of-the-art deep learning approach in [22] achieves a scoring 
time of 17 ms per frame. While this indicates that the deep learning 
method is faster for the scoring step, it should be noted that it performs 
only scoring and does not provide a frame-by-frame segmentation of 
the ultrasound video. On the other hand, our method delivers both 
segmentation and scoring within a single pipeline, offering greater 
interpretability and transparency compared to the black-box nature of 
deep learning scoring models. Moreover, the proposed approach uses 
only three parameters, whereas state-of-the-art deep learning such as 
ResNet-18 and ViT require extensive training times and involve millions 
of parameters (up to ∼47 million) [22]. This makes deep learning 
models challenging to train on standard CPU-based systems.

It should be noted that the proposed method delivers interpretable 
LUS scoring without requiring a large annotated training set, which 
is very challenging in deep learning based techniques. It successfully 
segments pleural and vertical artifacts, achieves competitive scoring 
accuracy w.r.t. state of the art techniques, and operates efficiently in 
quasi-real-time settings. Future research should focus on enhancing seg-
mentation precision for borderline cases and validating the approach on 
larger, multi-center datasets to further establish its clinical reliability.

5. Conclusion

This study introduced a novel hybrid segmentation and scoring 
framework for LUS analysis that effectively bridges the gap between 
interpretability and automation. By integrating motion estimation for 
vertical artifact detection and K-means clustering for pleural line seg-
mentation, the proposed method reducing the need for large anno-
tated datasets and huge parameter settings while achieving accuracy 
comparable to deep learning-based approaches. The scoring frame-
work demonstrated strong agreement with expert evaluations, espe-
cially when full consensus among human operators was achieved. 
12 
However, the computational efficiency analysis confirmed that the 
method operates within feasible time constraints for real-time appli-
cation in neonatal care settings. Given its transparency using visual 
segmentation, efficiency, and reliability, the proposed framework pro-
vides a viable solution for automated LUS scoring that can aid clinicians 
in decision-making.

Although this study focuses on neonatal LUS data, which is more 
challenging, the proposed method is general in design and can be 
applied to other pathologies. In future work, we have plan to study 
the possibility of generalizing the presented method to adult LUS data.
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