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Abstract

This study utilizes Sequence-based Transformer for Ro-
bust And Parcelised Training Of echo Recordings (STRAP-
TOR), an AI framework, employing self-supervised learn-
ing for automated semantic segmentation of echocardio-
gram sequences. Utilizing a Vision Transformer (ViT)
trained within the self-DIstillation with NO labels (DINO)
model for feature extraction, and a specialized Robust
And Parcelised Training Of echo Recordings (RAPTOR)
head for segmentation refinement, STRAPTOR demon-
strates significant advancements in automating echocar-
diogram analysis. Our approach effectively segments
the left ventricle by identifying and aggregating anatom-
ically relevant subregions across cardiac phases. Vali-
dation on EchoNet-Dynamic and CAMUS datasets show-
cases STRAPTOR’s robustness and accuracy above 75%.
This research highlights the potential of leveraging gen-
eral datasets for domain-specific tasks, offering a scalable
and interpretable solution for cardiac diagnostics.

1. Introduction

Echocardiography plays a crucial role in non-invasive
assessment of cardiac function and structure, yet inter-
preting echocardiographic data is challenging due to vari-
ations in image quality, patient anatomy, and subtle car-
diac pathologies. Automating echo analysis through tra-
ditional supervised learning methods, while effective, re-
quires extensive labeled datasets, making the collection
process time-consuming and costly. The recent introduc-
tion of Self-Supervised Learning (SSL) in machine learn-
ing appears to address some of these challenges, including
limited labeled data, expensive manual annotations, and
the need for models that generalize well across diverse
medical conditions [1–6].

Our investigation focuses on leveraging SSL on a large
unlabeled dataset, using the self-DIstillation with NO la-
bels (DINO) [7] and modified Self-supervised Transformer
with Energy-based Graph Optimization (STEGO) [8]
models as a backbone. This facilitates the generation of
self-segmented outputs, termed ”parcels,” which identify
distinct anatomical sub-regions of the heart and unify to
segment chosen anatomical regions.

Our findings demonstrate the exceptional robustness of
these self-learned parcels across diverse patient profiles
and cardiac cycle phases. in this study, we conducted a
comprehensive evaluation of the SSL approach on publicly
available datasets, demonstrating its adaptability to a wide
range of data requirements and different training strategies.

2. Methodology

In this study, we used Sequence-based Transformer
for Robust And Parcelised Training Of echo Recordings
(STRAPTOR), an AI framework, to perform semantic seg-
mentation of echocardiogram sequences [9]. The frame-
work consists of two main components: a backbone for
feature extraction and a downstream model for specific
task execution, as shown in Fig. 1.

The backbone is a Visual Transformer (ViT) model
trained in a self-supervised manner using the DINO [7]
algorithm. This approach allows the model to learn useful
representations from images without the need for labeled
data, relying instead on a self-distillation process where
a student model learns to predict the output of a teacher
model. In that way, this approach is highly versatile and
adaptable to various computer vision tasks. Building upon
the semi-latent features provided by the DINO-trained
ViT backbone, we applied a modified STEGO head,
called Robust And Parcelised Training Of echo Recordings
(RAPTOR), tailored for echocardiogram sequences anal-
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Figure 1. The framework’s pipeline comprises two stages: the initial backbone task generates parcelized frames from
echocardiographic videos, and the subsequent downstream task combines these parcels to achieve meaningful segmentation
of cardiac regions.

ysis, to achieve fully self-supervised image semantic seg-
mentation. The combination of DINO and RAPTOR forms
a cohesive framework called STRAPTOR, which produces
parcelized frames of echocardiograms.

To refine the segmentation, we unite parcels encom-
passing the target cardiac subregion, namely Left Ventri-
cle (LV), ensuring a single connected component – no
holes – and a smooth outline. This is achieved through
post-processing steps, including selecting the largest con-
nected segment of interior parcels and refining segmenta-
tion edges using an active contour model.

3. Experiments

3.1. Datasets

EchoNet-Dynamic dataset [10] is a publicly available
dataset specifically designed for research in echocardio-
graphy, a key imaging technique used in the diagnosis
and management of heart diseases. This dataset con-
tains 10,030 labeled echocardiogram videos of Apical 4-
Chamber (A4C) cardiac view. These videos are annotated
by clinical experts with mask of LV for End-Diastole (ED)
and End-Systole (ES) frames. The dataset represents a
wide range of patients, including variations in age, gender,

and heart disease conditions.

Cardiac Acquisitions for Multi-structure Ultra-
sound Segmentation (CAMUS) dataset [11] consists of
echocardiographic videos from 500 patients and includes
A4C and Apical 2-Chamber (A2C) views of the heart. The
sequences were manually labelled with contours of LV and
Left Atrium (LA) for ED and ES frames.

ImageNet dataset [12] is one of the most influential
datasets in the field of computer vision. It was designed
for use in visual object recognition software research. Im-
ageNet contains more than 14 million images, catego-
rized into over 20,000 categories. Images in ImageNet
are manually annotated with labels and bounding boxes
to indicate the presence and position of objects. Ima-
geNet has been pivotal in the development of deep learning
models, especially Convolutional Neural Network (CNN).
ImageNet-Tiny [13] is a scaled-down version of the Im-
ageNet dataset, designed for use in scenarios where the
computational resources or storage capacities are limited.
It contains 120,000 images, with 500 images per class for
200 classes.
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Table 1. Reported DSC and IoU as average ± standard deviation for ES and ED frames calculated across the test subsets
of EchoNet-Dynamic (n=1277) and CAMUS (n=100). The best results are highlighted in bold.

Training data EchoNet-Dynamic [10] CAMUS [11]
DINO RAPTOR DSCLVES

[%] DSCLVED
[%] IoULVES

[%] IoULVED
[%] DSCLVES

[%] DSCLVED
[%] IoULVES

[%] IoULVED
[%]

EchoNet-Dynamic [10] EchoNet-Dynamic [10] 75.62± 9.36 76.94± 6.46 61.61± 10.93 62.95± 8.26 68.61± 11.14 72.72± 8.82 53.18± 11.60 57.87± 10.53
EchoNet-Dynamic [10] ImageNet-tiny [13] 70.75± 17.56 73.53± 14.62 57.08± 17.55 59.97± 16.05 60.17± 28.92 68.99± 16.94 48.10± 24.75 54.88± 17.47

ImageNet [12] EchoNet-Dynamic [10] 73.48± 10.81 77.66± 9.16 59.09± 12.06 64.32± 11.38 66.92± 12.22 72.94± 9.47 51.44± 12.73 58.27± 11.51
ImageNet [12] ImageNet-tiny [13] 46.15± 27.63 46.13± 26.28 33.94± 22.23 33.60± 21.48 17.95± 20.20 53.23± 13.14 11.36± 13.61 37.32± 11.72

3.2. Evaluation metric

Evaluation metrics for segmentation, particularly in the
biomedical imaging domain, are crucial for assessing the
performance of segmentation algorithms. These metrics
help in quantifying the accuracy of the segmentation in
comparison to a ground truth (usually manually annotated
by experts).

Dice Similarity Coefficient (DSC) is commonly used
evaluation metrics in medical image segmentation. It mea-
sures the overlap between the predicted segmentation and
the ground truth. It is defined as twice the area of over-
lap divided by the total number of pixels in both the pre-
dicted and true segmentation masks. It can by calculated
using the formula DSC = 2×|X∩Y|

|X|+|Y| , where X is the pre-
dicted segmentation and Y is the ground truth. A DSC of
1 indicates perfect overlap, while a DSC of 0 indicates no
overlap.

The Jaccard Index, also known as Intersection over
Union (IoU), is metric similar to DSC, but it measures the
intersection over the union of the predicted and true seg-
mentation masks. The formula to calculate IoU states as
follow IoU = |X∩Y|

|X∪Y| . The metrics values range from 0 to
1, with 1 being a perfect match and 0 indicating no overlap.

3.3. Ablation Studies

We conducted comprehensive ablation studies to eval-
uate the effectiveness and necessity of various compo-
nents within our echocardiographic image segmentation
pipeline, which integrates the DINO and RAPTOR mod-
els. These studies were designed to assess the impact of
different training strategies and dataset choices on the per-
formance of the segmentation task. A key aspect of our
ablation studies was to determine the necessity of train-
ing any STRAPTOR components specifically on echocar-
diogram images. We compared the performance of mod-
els pretrained on ImageNet with a model pretrained on the
EchoNet-Dynamic dataset, adjusting the image and patch
sizes to match the computational constraints and resolution
requirements.

Our findings revealed that while pretraining on a large,
general dataset like ImageNet captures essential latent
features, fine-tuning or pretraining on domain-specific
datasets significantly enhances the model’s sensitivity and

performance on echocardiographic image segmentation
tasks. This underscores the importance of domain-specific
training for the model’s head in capturing nuanced features
relevant to echocardiography.

Furthermore, chosen evaluation metrics provided in-
sights into the segmentation accuracy. The IoU score was
found to be approximately few percentage points lower
than the DSC, reflecting the IoU’s higher sensitivity to dis-
crepancies in boundary delineation. This difference high-
lights the complementary nature of these metrics in eval-
uating segmentation performance, emphasizing the need
for a multi-metric approach to fully understand model
strengths and limitations [14].

Additionally, our results on the CAMUS dataset were
not as robust as those on the EchoNet-Dynamic dataset.
This discrepancy can be attributed to the model being
trained solely on EchoNet-Dynamic data, which com-
prises only apical four-chamber views and possesses dif-
ferent image quality characteristics compared to the much
smaller CAMUS dataset, which includes both A4C and
A2C views. This observation further reinforces the critical
role of in-domain training data and the necessity of consid-
ering dataset-specific characteristics in model training and
evaluation strategies.

4. Conclusion

In this study, we have demonstrated the potential of
SSL for the analysis of echocardiograms by generating
interpretable parcels. By integrating a ViT trained via
the DINO algorithm for robust feature extraction and
a RAPTOR head for semantic segmentation, we have
demonstrated a step forward in the automation of echocar-
diogram analysis. Our findings underscore the effec-
tiveness of STRAPTOR in segmenting the left ventricle,
showcasing its ability to accurately identify and aggregate
anatomically relevant subregions across various cardiac
phases. The validation of our framework on the EchoNet-
Dynamic and CAMUS datasets confirms its adaptability
and robustness.

Moreover, this research illuminates the potential of
leveraging pre-trained models on general datasets, such
as ImageNet, for domain-specific tasks, thereby reducing
the need for extensive labeled datasets in medical imag-
ing. The success of STRAPTOR in echocardiogram seg-
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mentation exemplifies the transformative impact of self-
supervised learning in medical image analysis, paving the
way for more scalable, accurate, and interpretable diagnos-
tic tools in cardiac healthcare.

As we look to the future, the STRAPTOR framework
opens new avenues for research and application in the field
of cardiac imaging. Its adaptability to different datasets
and cardiac structures suggests a wide range of poten-
tial uses beyond the left ventricle segmentation, offering
a promising direction for further exploration and devel-
opment. Ultimately, the advancements made through this
study contribute significantly to the ongoing efforts to en-
hance the precision and efficiency of cardiac diagnostics,
with the potential to improve patient outcomes and stream-
line clinical workflows.
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