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Abstract. Point-of-care lung ultrasound has emerged as a valuable bed-
side tool for diagnosing pulmonary congestion, which is often identified
by the presence of hyperechoic reverberation artifacts called B-lines.
However, manual B-line quantification is limited by substantial inter-
operator variability and the requirement for specialized technical exper-
tise. To address these challenges, we propose a two-stage segmentation-
guided transformer framework to automate B-line severity scoring. This
approach provides a consistent and reproducible assessment of pulmonary
pathology directly at the point of care. On a curated clinical dataset,
the proposed method significantly outperforms the baseline, improving
case-level quadratic weighted kappa from 0.57 to 0.74 (difference = 0.16;
95% CI: 0.04-0.30; p = 0.003). The F1 score similarly increases from
0.59 to 0.75 (p = 0.003). The segmentation module achieves a pixel-level
F1 score of 63.1% and a frame-level B-line counting F1 score of 66.7%.
The model improves the accuracy and consistency of automated B-line
scoring, an important step towards standardized bedside assessment of
pulmonary congestion.
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1 Introduction

Point-of-care lung ultrasound (LUS) is a powerful, non-invasive tool for rapidly
assessing pulmonary pathology. It offers superior sensitivity compared to tradi-
tional chest radiography for critical conditions such as pneumonia, pneumotho-
rax, pleural effusion, pulmonary edema, and interstitial syndromes [1624]. De-
spite these advantages, LUS interpretation relies heavily on advanced technical
skills and is prone to subjective disagreement [5]. This is especially true for B-
lines, which are hyperechoic reverberations extending from the pleural line to
the bottom of the screen synchronously with lung sliding [I7/T4]. Since manual
B-line assessment causes significant inter-operator variability [22/11], automated
tools can standardize their detection and quantification.

In recent years most automated tools for B-line quantification are based on
AT models and these can be broadly categorized by analysis granularity (i.e.,
frame, clip, or pixel-level) and by task type (classification, segmentation, or de-
tection). For the classification of the presence/absence of B-lines, authors have
utilized various convolutional neural network (CNN) approaches, including 3D
CNNs [4/19)3], while others combined a CNN with a hidden Markov model [23]
for clip-level classification. Others include temporal information and combined a
CNN with spatial and temporal attention models, and bidirectional long short-
term memory [I5]. Some authors have additionally integrated multiple models
with feature fusion, with the addition of classical machine learning classifiers [20].
Others utilized wavelet decomposition in their video analysis model along with
an attention module [26]. However, these methods provide limited spatial inter-
pretability and do not explicitly localize individual B-lines.

Therefore, approaches focusing on the segmentation of B-lines themselves
have also been developed. One set of authors utilized crowd-sourced labels to
train an Attention U-Net [2], while others proposed TransBound-UNet, combin-
ing a vision transformer with a UNet-style decoder [I]. Moving beyond the raw
image analysis, other authors have analyzed the frequency components of ultra-
sound images, such as [7], where ultrasound frames were separated into different
frequency components, enabling the network to identify B-lines while suppress-
ing the effects of noise and unrelated anatomy. While segmentation improves
spatial specificity, it typically requires dense annotations, limiting scalability.
To overcome some of the issues with pixel-level delineation, authors have in-
stead chosen to frame B-line analysis as a detection problem. One set of authors
trained YOLO models for B-line bounding box detection [6], while others pro-
duced polygonal bounding boxes [21] also using YOLO [13]. Detection offers a
possible compromise between the classification and segmentation of B-line ap-
proaches.

However, despite the numerous approaches for B-line analysis and quan-
tification, several limitations still exist. Clip-level models frequently lack inter-
pretability and spatial precision. In contrast, pixel-level approaches offer fine-
grained localization, but typically overlook temporal dynamics, which restricts
their capacity to understand the evolution of B-lines across frames. To address
these limitations, we propose a two-stage deep learning framework that combines
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frame-level B-line segmentation with temporal modeling to capture the evolu-
tion of B-lines across ultrasound clips, trained on a large-scale crowdsourced
LUS dataset. The main contributions of this work are summarized as follows:

— Explicit temporal aggregation of segmentation-derived embeddings using a
transformer architecture to model inter-frame dynamics for B-line analysis.

— An interpretable pipeline that localizes B-lines to provide clinically mean-
ingful clip- and case-level severity prediction.

— A comprehensive multi-level evaluation against five state-of-the-art methods,
including analyses of temporal resolution and aggregation strategies.

By combining spatial annotations with temporal modeling, our method enables
more accurate and clinically useful B-line analysis compared with approaches
relying solely on frame- or clip-level prediction.

2 Materials and Methods

2.1 Data

We use the MLSC-BEDLUS datasetﬂ which is comprised of bedside LUS exami-
nations from 672 emergency department patients across multiple hospitals in the
Mass General Brigham network, Boston, USA. The fan-shaped beam region was
isolated in 3D Slicer to extract fan corners, enabling scanline-based reconstruc-
tion and mapping to a polar coordinate system for geometry-consistent model
training across diverse acquisition settings [10/2] ﬂ We used a B-line-annotated
subset from this dataset, created via a two-stage expert and crowdsourced pro-
cess [2I12]. Acquired mainly on Mindray systems with curvilinear probes, it in-
cludes 35,923 annotated frames from 1,060 clips across 285 patients (134 female,
151 male, mean age 65.6 = 17.4). The data are split at the patient level into
training (21,170 frames, 613 clips, 169 patients), validation (4,535 frames, 140
clips, 34 patients), and test (10,218 frames, 307 clips, 82 patients) sets with no
patient overlap.

2.2 Method

Problem Formulation. We consider a dataset of N lung ultrasound clips
v, {Mt(z) 3y}, where each clip V(¥ = {I,;}7_, contains T grayscale frames
I; € RXW with binary segmentation masks M; € {0, 1}*W indicating B-line
pixels. Our objective is to predict (1) frame-wise segmentation masks {J\Z}f:l
that localize B-lines and (2) a clip-level B-line score § € {0,1,2,3+} indicating
the severity of pulmonary congestion. The ground-truth clip label is defined as

) denotes the number of B-lines in frame ¢ of

y® = min(3, max, b)), where b}’
clip 7, computed from the ground-truth masks {Mt(’)}. Following clinical con-

vention, 3 or more B-lines denote pathologic interstitial changes (e.g. pulmonary

! Harvard Dataverse: DOI:10.7910/DVN/HFTV7D
2 https://github.com/SlicerUltrasound /SlicerUltrasound
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Fig. 1: End-to-end pipeline of the proposed model. A segmentation model gen-
erates per-frame B-line masks and 256-D embeddings, which are aggregated by
a temporal transformer to predict clip-level B-line scores {0,1,2,3+}.

edema, pneumonia, etc.) in a single zone, and multiple zones on each side, with
3 suggesting an acute process. Using the maximum count per clip parallels clin-
ical workflows for grading of lung congestion, which is based on the most severe
frame in a short sequence. Our model jointly predicts segmentation masks and
clip-level B-line score class using the two-stage pipeline described below.

Stage I: Frame-Level Segmentation. We adopt SegFormer-B4 [25] with Ex-
plicit Visual Prompting (EVP) [I8] as our base architecture for frame-level B-
line segmentation. The encoder is a four-stage hierarchical vision transformer
extracting multi-scale features. The decoder is a lightweight Multi-Layer Per-
ceptron (MLP) that fuses multi-resolution features to produce dense per-pixel
predictions (Fig. ) We employ the EVP to adapt the pretrained backbone, pre-
trained on ImageNet, to the ultrasound domain. EVP introduces two lightweight,
task-specific prompt modules into the encoder while keeping encoder weights
frozen:

1- Patch Embedding Prompt: Re-projects frozen patch embeddings into a
task-adapted latent space to address the domain shift from natural images to
ultrasound. This is done using a small adapter layer that transforms each em-
bedding into a new representation trained for ultrasound image characteristics.

2- High-Frequency Prompt: Captures domain-specific high-frequency features
by applying a 2D Fast Fourier Transform (FFT) to the input image, masking
out the low-frequency band (below 7 = 0.25), and applying an inverse FFT. The
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resulting high-frequency image is then split into patches and passed through
another adapter layer to create prompts injected into each transformer stage.
The two prompts are summed, passed through a shared MLP adapter, and
injected into the frozen encoder tokens. By injecting domain-relevant frequency
information, EVP enables efficient adaptation to thin, high-frequency B-line pat-
terns without fine-tuning the full encoder. The EVP modules introduce only
3.7M trainable parameters, compared to 64M in the full model.
Stage II: Clip-Level Score Classification. To estimate the clip-level B-line
score, we design a transformer-based classifier that processes frame-wise embed-
dings extracted from the segmentation model (stage I). Each frame in the input
clip is passed through a trained segmentation model, and two feature vectors
are extracted: one from the final encoder stage and one from the decoder out-
put (Fig. ) These are projected separately to a shared embedding space and
concatenated to form a unified 512-dimensional feature vector per frame. Specifi-
cally, both the encoder and decoder outputs are passed through adaptive average
pooling, linear projection, and layer normalization (Adapter Layers in Fig. )
The resulting vectors are concatenated into a 2 x 256 embedding and further
projected to produce a sequence of frame tokens F = [fy;...; fr] € RTX512, A
learnable [CLS] token and positional embeddings are added before feeding the
sequence into a 4-layer transformer encoder (each using four attention heads and
a hidden size of 512). The [CLS] output is passed through a layer normalization
and a final linear classifier to predict the clip-level score 7 € R*.
Overall Objective. The training objective combines pixel-level segmentation
and clip-level classification supervision. Given a sample (V,{M;},y) with T
frames, the total loss is:

T
e (5 ) Ao 0
t=1

where Lqs = CE(7,y) is the cross-entropy loss between the predicted § and the
ground-truth clip label y. The segmentation loss is defined as a combination of
binary cross-entropy (BCE) and intersection-over-union (IoU) losses:

Lseg = ABCE - BCE(M,, ]/W\t) + Aou - (1 — ToU(M¢, ]/\/Tt)) (2)

The coefficients Apck, AoU, Aseg, and Acs balance the respective terms and are
specified in the implementation details. We first train the segmentation stage
independently. After convergence, the classification stage is introduced, and both
stages are optimized jointly. During this phase, the learning rate of the first stage
is reduced to preserve its learned representations, while the training is more
significantly focused on the objective of the second stage. This joint training
allows segmentation features to guide clip-level prediction via backpropagation,
encouraging the model to learn features that are not only accurate for pixel-wise
segmentation but also informative for assessing clip-level severity.

Implementation Details. We trained the segmentation model (Stage I) for 50
epochs using the AdamW optimizer (LR 5 x 10~%) with a multi-step scheduler



6 F. Fooladgar et al.

Pixel-Level Frame-Level B-line Coun

- B Reall 3

T oowke)

00
AU-UNET 3D-UNET AdapterSAM Seg SegFormer-E AU-UNET 3D-UNET AdapterSAM SegFormer SegFormer-EVP

(Ours, 14 stage)

Method Method

Fig.2: Left: Pixel-wise segmentation performance, and. Right: Frame-level B-
line counting results. Bar plots represent F1, recall, and precision. The line plot
shows IoU for segmentation (left) and Quadratic Weighted Kappa (QWK) for
counting (right), reflecting overlap quality and ordinal agreement, respectively.

(decay 0.1) and batch size of 32. The trained model was then used in Stage
II, where the transformer-based classifier was trained on T-frame clips sampled
with stride 1 to produce overlapping sequences for data augmentation. It was
trained for another 50 epochs using AdamW (LR 10~°) with a batch size of 8.
The loss weights Apcr, AU, Adls, and Agee were set to 0.8, 0.2, 1.0, and 0.2,
respectively. Hyperparameters were selected via validation tuning. Experiments
were conducted on two NVIDIA Tesla V100 GPUs (16GB each). The source code
is available at: https://github.com/Fahim-F/AI-Driven-B-Line-Detection,
Model Evaluation. We evaluate our pipeline at three levels: (1) pixel-level seg-
mentation, (2) frame-level B-line counting, and (3) clip-/case-level classification.
For segmentation and counting, SegFormer-EVP serves as the primary baseline
to assess the impact of temporal aggregation. We further compare with repre-
sentative architectures, including Attention U-Net [2], 3D-UNet [9], Adapter-
SAM [8], and the original SegFormer [25], each adapted to our dataset. To eval-
uate temporal aggregation with our transformer classifier, we consider two gran-
ularities: (1) Clip-level classification, which predicts B-line severity (0 to 3+)
for each LUS clip, and (2) Case-level classification, which aggregates predictions
across all clips from a single patient (i.e., all scanned zones from one exam). The
case-level grade is computed as the average predicted clip severity, summarizing
the overall severity score for the patient. For baseline methods, clip-level severity
is computed from the frame with the maximum detected B-lines. In contrast,
our method uses sequence-based prediction: clips with more than T frames are
divided into non-overlapping sequences, and the maximum predicted severity
across sequences defines the final clip-level score.

3 Results and Discussion

Pixel-Level Segmentation and Frame-Level Counting. Fig. [2}left reports
pixel-wise segmentation and frame-level B-line counting. SegFormer-EVP out-
performs all baselines across pixel-level metrics, achieving the highest F1 (63.1%),
ToU (46.1%), recall (65.4%), and precision (61.0%). For frame-level (Fig. 2}right),
it also achieves the best performance with an F1 of 66.7%, indicating improved
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(Ours, 1+ stage)
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Fig. 3: Qualitative comparison of B-line segmentation on the test set across dif-
ferent models. Each row shows a representative frame, with columns displaying
(1) the original ultrasound image, (2) ground truth B-line annotations (in blue),
and (3-6) predicted segmentation masks (in red) from four different models.

Table 1: Clip-Level and Case-Level B-line Scoring: Precision, recall, F1
score, and Quadratic Weighted Kappa (QWK). “Ours-7'8” denotes the two-
stage SegFormer-EVP model with temporal aggregation over 8 frames.

Method Precision Recall F1 QWK
Att-UNET [2] 54.243.0 53.04£5.6 40.8+5.5 0.31+0.02
3D-UNET [9] 53.241.0 55.64+2.0 38.1+2.1 0.3340.02
Clip-Level SegFormer [25] 41.8£6.5 43.0£2.9 30.2+£3.9 0.384+0.02
AdapterSAM [§] 60.2+1.2 58.0+2.0 56.9£1.5 0.6240.01
SegFormer-EVP [18] 66.1£1.8 66.7+3.0 65.0+1.9 0.68+0.01
Ours-T'8 (2-stage) 75.2+2.6 75.5+3.4 79.44+3.0 0.79+0.01
Att-UNET [2] 65.6+3.4 50.6+2.7 46.9+£3.8 0.414+0.01
3D-UNET [9] 48.0+0.9 34.3+2.9 33.9£2.4 0.36%0.05
Case-Level SegFormer [25] 30.3+1.7 39.840.8 19.2+0.9 0.30+0.02
AdapterSAM [§] 71.74£3.0 72.0+£2.6 71.9+2.8 0.6040.06

SegFormer-EVP [18] 67.6+1.5 71.841.3 60.1+1.5 0.57+0.04
Ours-T'8 (2-stage) 79.1+1.6 78.3+2.4 74.1+2.5 0.71+0.06

consistency between segmentation outputs and B-line counts. Fig. [3] presents
qualitative comparisons showing that SegFormer-EVP predictions align more
closely with the ground truth in B-line location, shape, and count.

Clip-Level and Case-Level Classification. Table [I] presents performance
metrics at both levels. Our model outperforms all baselines, achieving the high-
est F1 for both clip-level (79.4%) and case-level (74.1%) when using T8 model.
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Fig. 4: Left: Clip-level performance across different temporal frames. Right: Case-
level performance under different aggregation methods.

Overall, the results confirm the benefit of combining spatial segmentation with
temporal aggregation. Unlike max-pooling aggregation, which only retains the
strongest frame-level response, the proposed transformer-based aggregation in-
corporates contextual information across neighboring frames to improve tempo-
ral consistency and robustness against noisy frame-level predictions and transient
segmentation errors. Statistical comparisons were performed against SegFormer-
EVP as a baseline to isolate the effect of temporal aggregation. Case-level QWK
was used as the primary metric, with F1 as a secondary metric. Ninety-five
percent confidence intervals were computed using patient-level bootstrap resam-
pling, and paired Wilcoxon signed-rank tests were used for significance testing.
Our method achieved higher case-level agreement with ground truth, with a
QWK of 0.74 compared with 0.57 for the baseline (difference = 0.16; 95% CI:
0.04 — 0.30; p = 0.003). Secondary analysis using F1 score showed consistent
improvements (0.75 vs 0.59; difference = 0.17; 95% CI: 0.04 — 0.34; p = 0.003).

Ablation Studies. We evaluated the impact of temporal window size (T' =
4,8,10,16) on performance (Fig. [4a)). Short windows (4-8 frames) achieved bet-
ter results, with 7' = 8 yielding the highest QWK and F1. Performance is rela-
tively consistent across short windows but decreases slightly for longer sequences,
suggesting no benefit beyond 8 frames. To examine case-level aggregation, we
compared mean, median, and maximum strategies. Mean reflects overall pul-
monary congestion across zones, while the median provides a robust estimate of
typical zone severity with reduced sensitivity to extreme clips. In contrast, max-
imum emphasizes worst-zone severity. As shown in Fig. Ib] mean and median
yield similar results, while maximum generally produces higher QWK. Spear-
man correlation for our model shows p = 0.97 between mean and median and
p = 0.73 between mean and maximum, indicating consistent patient rankings
for mean and median and greater variability with maximum aggregation.

Limitations and future work. Although our model provides automated B-
line quantification in LUS for consistent assessment across patients and clinical
settings, it has several limitations. All exams originated from a single healthcare
network and were collected retrospectively; therefore, exams exhibited variabil-
ity in scanned lung zones and clip duration. Future work will focus on improv-
ing data quality and generalizability. Prospective and longitudinal studies with
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standardized acquisition protocols will be essential to reduce variability and en-
sure consistent lung zone coverage. Expanding data collection across multiple
healthcare networks will support validation in diverse clinical settings. Method-
ologically, semi-supervised and self-supervised learning may reduce reliance on
dense frame-level annotations, particularly when combined with scalable strate-
gies such as crowdsourcing. Finally, incorporating uncertainty estimation could
further enhance robustness and interpretability in real-world clinical deployment.

4 Conclusion

In this work, we introduced a segmentation-guided transformer model that inte-
grates spatial and temporal information for B-line severity classification in lung
ultrasound clips. The model significantly outperforms prior methods at the pixel,
frame, clip, and case levels, demonstrating that combining fine-grained segmen-
tation with temporal context improves accuracy and consistency of pulmonary
congestion assessment. Unlike previous clip-level approaches that rely on heuris-
tic aggregation or limited temporal modeling, our method learns to attend to
clinically relevant frames within each clip. Notably, our use of explicit visual
prompting enables domain adaptation to ultrasound, achieving state-of-the-art
results without full backbone fine-tuning.
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