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Abstract. Atrial fibrillation (AF) is a cardiovascular disease identified
as one of the main risk factors for stroke. The majority of strokes due to
AF are caused by clots originating in the left atrial appendage (LAA).
LAA occlusion is an effective procedure for reducing stroke risk. Plan-
ning the procedure using pre-procedural imaging and analysis has shown
benefits. The analysis is commonly done by manually segmenting the
appendage on 2D slices. Automatic LAA segmentation methods could
save an expert’s time and provide insightful 3D visualizations and ac-
curate automatic measurements to aid in medical procedures. Several
semi- and fully-automatic methods for segmenting the appendage have
been proposed. This paper provides a review of automatic LAA segmen-
tation methods on 3D and 4D medical images, including CT, MRI and
echocardiogram images. We classify methods into heuristic and model-
based methods, as well as into semi- and fully-automatic methods. We
summarize and compare the proposed methods, evaluate their effective-
ness, present current challenges in the field and approaches to overcome
them.
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1 Introduction

Cardiovascular diseases (CVDs) have been identified as the leading cause of
death in the developed world, with stroke accounting for about a third of all
CVD deaths [28]. Atrial fibrillation (AF) is a CVD identified as one of the main
risk factors for stroke [7]. Atrial fibrillation presents as asynchronous chaotic
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contractions of the atria. The atrium fibrillates, i.e. contract outside the stan-
dard regular sinus rhythm of the heart. The blood pools in the atria, enabling
the formation of a blood clot, which can cause a stroke if it becomes dislodged
and enters the bloodstream. The majority of strokes due to AF are caused by
clots originating in the left atrial appendage (LAA) [4]. While the prevention of
stroke due to AF is commonly done with anticoagulation therapy (i.e. warfarin),
patients often have contraindications to this type of therapy. Left atrial ap-
pendage occlusion (LAAO) is an alternative stroke prevention procedure which
avoids most of the drawbacks of anticoagulation therapy. During the procedure,
a device is percutaneously deployed into the neck of the LAA which prevents
the blood flow to the appendage, and stops the blood clot from exiting the
appendage and entering the circulatory system.

Multiple occluder devices are available on the market. Device choice is depen-
dent on the patient’s LAA anatomy, as it can vary significantly between patients.
Wang et al. [27] classify LAA morphology into four types: chicken-wing (48%
of patients), cactus (30%), windsock (19%) and cauliflower (3% – most often
associated with embolic events). Choosing the correct device for the patient’s
anatomy requires accurate measurements of the heart and the appendage. The
measurements can be obtained using medical imaging such as transesophageal
echocardiography (TEE), standard fluoroscopy and computed tomography (CT).

While the procedure can be performed using standard fluoroscopy and TEE,
using a pre-procedural CT imaging to plan the procedure and to guide the sizing
of the device has shown benefits, including better prediction of the appropriate
device size [22, 25], and better determination of patient’s suitability for the pro-
cedure [25]. Often, physicians perform the measurements directly in 2D slices of
different multi-planar reconstruction (MPR) views. Accurate image processing
methods for segmentation and analysis of the LAA can aid physicians in reducing
the time to plan the occlusion procedure, by calculating the required measure-
ments and visualizing the appendage using an accurate 3D model. Accurate
LAA segmentation methods can also be used in a workflow for diagnosing atrial
fibrillation [15], or predicting if the patient is at an increased risk of thrombus
formation [3]. It can also provide more accurate measurements of other clinically
important parameters like LAA emptying velocity [3].

The goal of this paper is to provide a review of the current state-of-the-art
methods in LAA segmentation and analysis in 3D and 4D medical images. The
paper is organized as follows. Section 2 provides an overview of methods which
focus on LAA segmentation from 3D and 4D medical images. Section 3 provides
an overview of methods which focus on predicting the risk of atrial fibrillation
development or thrombus formation. A discussion about the current state of the
research is given in Section 4. Finally, Section 5 gives a conclusion.

2 LAA segmentation methods

This section covers the state-of-the-art methods for the segmentation of the
left atrial appendage. Segmentation approaches presented in this section can
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be divided into two segments: heuristics-based methods (section 2.1) and model-
based methods (section 2.2). Presented approaches can also be divided according
to the degree of user interaction required: into fully automatic methods and
semi-automatic methods. LAA segmentation is still often performed manually as
well, using guided region-growing-based segmentation methods [6] and software
such as 3D Slicer [10]. However, this paper is focused on approaches designed
specifically for LAA segmentation.

2.1 Heuristics-based segmentation methods

This section presents heuristics-based LAA segmentation methods. Most of the
methods described in this section are based on a modification of region growing.
Likewise, most of the methods are semi-automatic and require user interaction.
Some methods require one or more user-selected seed points [24, 16], thresholds
[16], or a user provided centerline through the LAA [18].

Morais et al. [18] proposed a centerline based LAA segmentation approach
which works in 3D TEE images. The approach initializes a model from a man-
ually created centerline, grows the model using fast contour growing and deter-
mines the segmentation from the refined model. The method is evaluated on 20
TEE datasets manually segmented by two observers. Metrics used to evaluate the
method were: point-to-surface error (P2S), Dice similarity and 95th percentile
Hausdorff distance. Obtained results were close to the inter- and intra-observer
variability. Dice similarity score was around 82.5%. The method runtime is under
20 seconds with an Intel i7 CPU at 2.8 GHz.

Our own proposed semi-automatic LAA segmentation framework is presented
in [16, 24] and illustrated in Figure 1. The framework requires a single seed
point (single click) inside the LAA. An input CT image is first thresholded
using an adaptive thresholding method to produce a binary mask image. Radius
image is calculated from the mask image using Euclidean distance transform
(EDT) and used to extract a centerline connecting the seed point to the center
of the left atrium. The method reconstructs an approximate LAA volume from
the centerline by combining the largest maximum inscribed spheres of every
point in the centerline. Then, a novel decreasing radii segmentation algorithm
is used to refine the segmentation. Finally, the localization of the LAA orifice
is performed by finding a plane delineating the LAA from the left atrium, thus
proposing a location for the occluder placement. The method is invariant to
the type and dimensions of the input image used for segmentation, as it can
work with binary images created from any type of 3D image (CT, MRI, etc.),
so long as it contains the LAA and at least a part of the left atrium. The
method is validated against 17 CT datasets manually segmented by two medical
experts. Dice similarity score is 91.54% and 87.93% (against the two expert
segmentations) when using automatic threshold detection, or 92.52% and 91.53%
when selecting the threshold value manually.

Moghadam A. et al. [1] propose a semi-automatic method to segment the
LAA device landing zone from echocardiogram images for the purpose of LAA
occlusion procedures. Optimal 2D axial slices are selected by an expert for each
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Fig. 1: The LAA segmentation framework flow diagram by Leventic et al. [16].

echo dataset. LAA appears as an ellipsoidal dark region, which their algorithm
aims to detect. Each slice is first shifted to the same region of interest. The
slice is then smoothed using a Gaussian filter, gamma corrected and sharpened.
The image is thresholded and binarized, producing an image with several black
holes. 8-adjacent black pixels (pixels for which each neighboring pixel has the
same value) represent the segmentation. The area, perimeter, dimensions and
position of the segmented regions is used to refine the segmentation of the LAA
landing zone. The authors report correct segmentation for 18 out of 22 (81.8%)
echo datasets, the algorithm failed to obtain a segmentation for the remaining
cases. The authors do not perform validation of the accuracy of the successful
segmentations.

Jia et al. [11] proposed an automatic LAA segmentation method for the pur-
pose of computational fluid dynamics (CFD) simulation. The method automat-
ically detects a seed point in the LA by detecting the ascending and descending
aorta in an axial view and utilizing the fact that the LA is located between
them. The segmentation is performed using a Bayesian inference region-growing
method and the detected seed point. Several parameters in the method are de-
termined either empirically, or from the knowledge of the heart anatomy. The
runtime of the method is between 0.5-1 min and it achieves a Dice similarity score
of 86.3%. However, the method is only validated on 5 ground truth images.

2.2 Model-based segmentation methods

This section presents model-based LAA segmentation methods. These include
machine and deep learning based approaches, as well as other methods that
include learned models like atlas-based segmentation. Until recently, only a few
fully automatic segmentation methods were published in the literature. However,
the advancement deep neural networks for segmentation resulted in a several new
fully automatic segmentation approaches being proposed.

Atlas-based segmentation utilizes atlases, images that are labeled maps of
structures that need to be segmented [21]. Atlases are usually obtained via man-
ual segmentation by an expert. Those atlases can then be used to segment new
unseen images through a process called registration. Registration transforms
and deforms an input image such that the structures on the image map onto
the same structures of a target image. Mathematical scoring functions are used
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to determine how well one image maps onto the other. In atlas-based segmenta-
tion, input images are registered to one or more atlas images. Once registered,
the segmentation is performed by finding the corresponding atlas label on the
registered image for each pixel of the input image. Atlas-based segmentation
requires fewer annotated images than machine-learning-based methods [20, 29].

Usually atlas-based segmentation is done by using multiple atlas images. The
input image is registered onto each atlas separately, and the segmentation results
are then fused using different mathematical criteria. This approach often suffers
from a "diminishing distal part" problem: Segmentation is worse at the edges of
an object than at the center.

Qiao et al. [20] present a fully automatic method to segment the LA chamber,
pulmonary veins and LAA from MRA (magnetic resonance angiography) images
from the MICCAI’13 LASC challenge [23]. They use atlas-based segmentation
which aims to reduce the diminishing distal part problem. They register all
atlases to the image in a single step by formulating the registration as a group
objective function optimization process. Their algorithm optimizes the variance
between registrations of each atlas, thus jointly registering the input image to
all atlases without losing accuracy at the edges of the segmented regions. The
method runtime is around 9 minutes per scan. They use 10 MRA scans for
training, and another 20 for testing. The reported Dice similarity score for LAA
segmentation is 91%.

Another common model-based approach for image segmentation is machine
learning. Machine learning for image segmentation is usually done by extracting
a selection of features from images. These features often include pixel gray lev-
els, pixel locations, image moments, information about a pixel’s neighborhood,
etc. A vector of image features is then fed into a learned classifier which clas-
sifies each pixel of the image into a class. The parameters of the classifier are
learned automatically by giving the classifier input images for which the ground
truth classification results is known. The output of the model can then be com-
pared to the ground truth, and the parameters of the model are adjusted so
that the model’s output better matches the ground truth value. This procedure
is repeated for a large amount of input images, so that the learned parame-
ters generalize to new, unseen examples. The process of adjusting the model’s
parameters is called training.

Deep learning, a subset of machine learning, eliminates the need for pre-
programmed feature extraction. Instead, the feature extraction itself is learned
by the model during training. Deep-learning based image segmentation is com-
monly done using convolutional neural networks (CNNs). Convolutional neural
networks have a layered structure where series of convolutions are performed on
an input image. Kernels of the convolutions are learned during training. The
convolution results are then combined using a learned statistical model that
outputs a segmented image.

The first two fully automatic methods for LAA segmentation were proposed
by Zheng et al. [29, 30] and evaluated in the LASC challenge [23]. The methods
are referred to as SIE-PMB and SIE-MRG respectivelly in the challenge. Zheng
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Fig. 2: Flowchart of the LAA segmentation method proposed by Wang et al. [26].
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Fig. 3: Details of the network architecture proposed by Jin et al. [12]. The network
combines abstract, high-level semantic features with low-level spatial informa-
tion.

et al. (SIE-PMB) [29] uses a multi-part based model fitting approach to auto-
matically segment the left atrium, including the LAA and the pulmonary veins.
Each of the six parts of the model is fitted individually using marginal space
learning (MSL) and later merged into a consolidated mesh. This method was
trained on an in-house CT dataset of 457 cardiac CT scans, one of the largest
training datasets reported in the literature. Main limitation of the method is
the size of the dataset required for training, while the main strength is the com-
putational efficiency: the complete LA segmentation (including the LAA) in 3
seconds on a multi-core CPU. The second approach (SIE-MRG) [30] uses a sim-
ilar multi-part based approach. The difference is that segmentation refinement
using region-growing based with adaptive thresholds is performed after model
fitting, followed by graph-cuts-based removal of the leakage. The region-growing-
based refinement allows better capturing of the varying morphology of the LAA,
as well as the trabeculations inside the LAA.

A semi-automatic LAA segmentation method was proposed by Wang et al.
[26]. The method segments the LAA from 3D cardiac CTA images using an
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approach based on ranking 2D segmentation proposals. The flowchart of the
proposed method is shown in Figure 2. Initally, the method requires manual
determination of the LAA bounding box. Next, the method processes all slices
of the determined LAA volume and for each slice creates a pool of segmenta-
tion proposals. A trained random forest regressor picks the best segmentation
proposal for each slice. Finally, best proposals are merged into a 3D volume us-
ing spatial continuity to correct possible segmentation errors. The method was
evaluated on 60 CTA datasets and achieved a Dice score of 95.12%. The method
takes about 3.5 minutes on a 4 CPU system (4 Intel Core i7 CPUs at 4.0GHz)
to perform the segmentation.

Jin et al. [14] proposed a method for LAA neck modelling to aid in occlusion
procedure planning. The method segments the LAA using [26], automatically
detects the LAA ostium, and calculates the neck dimensions. Ostium is detected
as a smooth closed boundary of the highest surface curvature located in the
transitional region between the LA and the appendage. Finally, the method
models the tension of the LAA surface after the closure procedure. The method
is evaluated on 100 CT datasets and 3 pig hearts, with the post-procedural
follow-up of 67 patients indicating the 97.01% success rate of occluder device
implantation (only two failed implantation cases).

Jin et al. also proposed an LAA segmentation method [12] based on fully
convolutional neural networks and conditional random fields. The method is an
improvement of [26] and uses a similar approach: LAA is segmented in each
2D slice of the manually provided bounding box. Slices are pre-processed and
converted to 3-channel RGB pseudo color images to enhance the resolution of
local features. Pseudo color images are input to the CNN (architecture in Figure
3) which outputs 2D probability maps of the regions containing the appendage.
The final segmentation step merges the 2D probability maps using 3D conditional
random fields into a final 3D volume. Training and evaluation is performed on
150 CCTA datasets using five-fold cross-validation. Achieved Dice overlap with
the ground truth is 94.76%. The runtime on a single LAA volume is around 35
seconds on a Tesla K80 GPU.

Grasland-Mongrain et al. [8] propose an adaptation of active shape mod-
els (ASM) [5] for LAA segmentation. The heart is localized and segmented
with shape-constrained deformable models (ASM-based approach from [5]). The
model-based approach segments the heart chambers and determines the posi-
tion of the appendage. The localized appendage (the part of the mesh denoting
LA-LAA interface) is inflated in order to obtain the segmentation, using the min-
imization of the internal and external energy. The external energy pushes the
mesh towards the appendage edges, while the internal energy preserves a regu-
lar triangle distribution during the inflation. The method has been evaluated on
images from 17 patients. The inflation of the mesh has problems reaching the
tip of the appendage, as well as undersegmenting the appendage. The method
is also sensitive to the selection of parameters for the segmentation.

Al et al. [2] proposed an automatic LAA segmentation method using actor-
critic reinforcement learning. First, actor-critic agents localize LAA and LSVP
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seed points. Seed expansion following surface trend using EDT provides a start-
ing segmentation and creates a volume-of-interest (VOI). Finally, the method
classifies each voxel in VOI into LAA class and LSVP class, depending on which
seed is closer. The method is evaluated on 28 annotated volumes and achieves
93.64% Dice similarity score, with the runtime of around 8 seconds per dataset.

3 4D LAA analysis methods and CFD

4D LAA analysis methods Jin et al. proposed two 4D-based LAA analysis
methods [13, 15]. The method in [13] performs the segmentation of 4D CT LAA
images to assist AF diagnosis. A 3D model of each time instance of the sequence
is built using their graph-cuts based segmentation approach [26]. The method
assists in AF diagnosis by: (1) calculating the volume of 3D models in different
phases of the cardiac cycle; (2) generating the "volume-phase" curve (showing
the change of LAA volume throughout the cycle); and (3) obtaining important
dynamic LAA metrics. Finally, multivariate logistic regression analysis of the
obtained metrics calculates the risk of thrombus formation, while the SVM-based
model predicts the AF diagnosis.

The method in [15] detects the substances inside the LAA from 4D CT im-
ages using spatio-temporal motion analysis. The method extracts the optical flow
field for all adjacent phases in a cardiac cycle. The cardiac cycle of 20 phases
results in 19 optical flow fields. The method generates the motion trajectory of
the key voxels throughout the cycle using nearest neighbour interpolation. Hier-
archical clustering tree finds the corresponding classification for every trajectory
track. Changes in classifications between the tracks correspond to the division of
substances in the appendage. Finally, time-frequency analysis of the trajectories
enables the detection of different substances inside the appendage, including the
thrombi in different states of formation.

LAA analysis using CFD Computational fluid dynamics (CFD) can be used
for LAA analysis by calculating important hemodynamic parameters such as
LAA emptying velocity and visualizing the flow of blood through the LAA.
Bosi et al. [3] estimated blood residence time in the LAA in four typical LAA
morphologies using virtual contrast agent washing out, while imposing both
healthy and AF conditions. While TEE can be used to measure blood flow
velocity in the LAA, it can only provide average information on the velocity
values. CFD approaches can visualize the regions where blood pools in the LAA
for longer than a single cardiac cycle. They had to manually segment the LA
and the LAA to perform the CFD simulations.

Other works [19, 17] also proposed a computational approach for personalized
blood flow analysis from patient’s CT images. However, they also perform man-
ual segmentation of the LAA and heart chambers. Similar work was proposed by
Grigoriadis et al. [9]. They used CFD to simulate LAA blood flow for 3 patients,
using semi-automatically segmented CT images. Their simulations showed that
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blood velocity and wall shear stress of the LAA are decreased along the LAA,
thus making the tip of the LAA more prone to fluid stagnation.

Jia et al. [11] proposed a simulation framework which, using patient specific
CT images, evaluates the clinical impact of the LAA, as well as the efficacy of
the LAA closure. The framework implements an automatic LAA segmentation
method, described in 2.1. They perform the simulations in both pre- and post-
closure images and the framework successfuly predicts patient-specific outcome
of LAA closure. However, the CFD analysis is only performed for one patient.

4 Discussion

We have divided the presented methods into two general categories: heuristics-
based methods and model-based methods. Presented methods could also be cat-
egorized by the amount of user interaction required for successful segmentation.
Until recently there were only a few fully automatic methods in the literature.
Lately, a number of fully automatic methods has been published. Two main
advantages of automatic methods are: reducing the subjectivity of the segmen-
tation and saving the expert’s time. However, the advantage of semi-automatic
methods is in providing the expert the control over the segmentation process
and the ability to correct the segmentation if errors occur, while still reducing
the time required to perform the segmentation.

With the advancements in the computing power, blood flow simulations us-
ing computational fluid dynamics show great potential for personalized medicine.
Some of the potential uses of CDF simulations are non-invasive prediction of the
risk of thrombus formation, AF diagnosis, prediction of the success of the occlu-
sion procedure, etc. However, the availability of fast and accurate segmentation
algorithms could greatly advance the proliferation of the CDF simulation use in
everyday clinical practice.

Nonetheless, comparing different segmentation approaches is quite challeng-
ing. To the best of our knowledge, there are no public LAA segmentation datasets
available. Almost all presented approaches use in-house datasets. Datasets of-
ten contain low number of images and ground truth segmentations are created
by in-house medical experts. However, several papers [16, 18] have shown non-
negligible subjectivity between the ground truth segmentations from different
medical experts. The approaches that quantify and highlight this subjectiv-
ity are mostly heuristics-based, since these approaches do not require definite
ground truth segmentations for training. Approaches based on machine- and
deep-learning require a single correctly labeled ground truth for every image in
the dataset. Thus, such approaches use a consensus of multiple medical experts
in creating the ground truth labels [12, 26].

5 Conclusion

This paper presents a review of the state-of-the-art methods for LAA segmen-
tation and analysis. We categorized the methods according to training type and
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required user interaction, presented the methods and discussed their strengths
and limitations. Our analysis demonstrated that the last few years have shown
great advancement in the area of LAA segmentation and analysis. However,
there is still room for improvement. Solving the problem of accurate and fast
LAA segmentation could increase the level of care provided to AF and CVD
patients, through advancing other uses such as CFD blood flow simulations.
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