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Abstract—Thrombosis has become a global disease threatening
human health. The left atrial appendage (LAA) is a major source
of thrombosis in patients with atrial fibrillation (AF). Positive
correlation exists between LAA volume and AF risk. LAA
morphology has been suggested to influence thromboembolic
risk in AF patients and to help predict thromboembolic events
in low-risk patient groups. Automatic segmentation of LAA
can greatly help physicians diagnose AF. In consideration of
the large anatomical variations of the LAA, we proposed a
robust method for automatic LAA segmentation on computed
tomographic angiography (CTA) data using fully convolutional
neural networks (FCNs) with three-dimensional (3-D) conditional
random fields (CRFs). After manual localization of ROI of
LAA, we adopted the FCN in natural image segmentation and
transfered their learned models by fine-tuning the networks to
segment each two-dimensional (2-D) LAA slice. Subsequently
we used a modified dense 3-D CRF that accounts for the 3-D
spatial information and larger contextual information to refine
the segmentations of all slices. Our method was evaluated on 150
sets of CTA data using five-fold cross-validation. Compared with
manual annotation, we obtained a mean dice overlap of 94.76%
and a mean volume overlap of 91.10% with a computation time
of less than 40 s per volume. Experimental results demonstrated
the robustness of our method in dealing with large anatomical
variations and computational efficiency for adoption in daily
clinical routine.

Index Terms—deep learning, fully convolutional neural net-
works (FCNs), left atrial appendage (LAA), LAA closure surgery
segmentation, 3-D conditional random field (CRF).

I. INTRODUCTION

EFT atrial appendage (LAA) is a finger-like extension

from the main body of the left atrium (LA) with unique
embryonic origin, anatomic structure and physiological func-
tion [1]. It has the functions of active contraction and secretion,
which are of great significance to relieve the pressure of the
LA and to ensure the filling of the left ventricle (LV) (Fig. 1 a)
[2], [3]. In cardiovascular disease, the LAA is the main body
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of thrombosis because of its special anatomical and functional
features, and these thrombi mainly attach to the ridge between
the LAA and the left superior pulmonary vein (LPSV) (Fig. 2)
[4], [5]. Nearly 90% of the thrombi are responsible for stroke
[6] in non-valvular atrial fibrillation (AF).

In virtue of LAA occlusion [7], [8] and catheter radiofre-
quency ablation surgeries [9], [10], we can prevent and
treat these diseases. In LAA occlusion surgery, the closer
is implanted in the neck of the LAA to block blood flow
between the LA and the LAA for minimizing the risk of
thrombosis. The characteristics of the LAA neck must be
accurately obtained before surgery (Fig. 1 c¢). In catheter
radiofrequency ablation surgery, the catheter is led through the
vein or arterial blood vessels into the specific parts where the
release of radiofrequency currents lead to local endocardium
and subendocardial myasthenia necrosis, thus blocking the ab-
normal conduction beam and origin causing rapid arrhythmia
abnormality. The specific parts mainly scatter on the wall
of the LA or LAA, which must be mapped accurately in
this interventional technology (Fig. 1 d). To sum up, it is
important for physicians to have a precise grasp of the surface
morphology and structure of LAA for these surgeries, such as
the following:

o The distance between the left superior pulmonary vein
(LSPV) and the LAA body.

o The long and short diameters of the intersecting surface
of the LAA neck, the thickness and length of the LAA
neck, an extension direction of the LAA neck body.

o The number, shape and size of the LAA lobes.

The vigorous development of modern medical imaging
provides us many favorable conditions for observation and
study of the LAA. For instance, computed tomography (CT)
is currently one of the most advanced diagnostic technologies
for cardiovascular diseases. Analysis of CT data is well
recognized to be greatly useful for physicians to have a grasp
of the precise anatomic structure of the LAA in advance for
the treatment of thrombosis (Fig. 1 b ). However, manual
segmentation of the LAA based on CT data is slow and time-
consuming, and interpretation greatly vary among expert users.
Thus an approach for accurate automated segmentation of the
LAA should be proposed.

After manual localization of ROI of LAA, we proposed a
robust method for automatic LAA segmentation on computed
tomographic angiography (CTA) data using fully convolutional
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Fig. 1. LAA. (a) The LAA marked by the circle. (b) An axial CT slice of
the LAA marked by orange. (¢) LAA occlusion, the lobes are marked light
red, the neck is marked light blue, and the closure is marked navy blue. Ls
refers to the length of the sheath, Ds refers to the diameter of the sheath. (d)
Catheter ablation, the dots in the black boxes represent sites of delivery of
radio frequency energy.

Thrombus

(a)

Fig. 2. LAA thrombi. (a) Adjacent tissues [11]. (b) Thrombi of the removed
appendages.

neural networks (FCNs) and three-dimensional (3-D) condi-
tional random fields (CRFs). We adopted the extant FCN
in natural image segmentation and transfered their learned
models by fine-tuning the networks to segment each 2-D
LAA slice. Subsequently we used a dense 3-D CRF that
accounts for the 3-D spatial information and larger contextual
information to refine the segmentations of all slices. Our
method was evaluated on 150 sets of CTA data by using
five-fold cross-validation. Referring to manual annotation, we
obtained a mean dice overlap of 94.76% and a mean volume
overlap of 91.10% with computation time less than 35 s per
volume. Experimental results demonstrated the robustness of
our method when dealing with large anatomical variations and
computational efficiency for adoption in daily clinical routine.

In the next section, we review related work on LAA
segmentation and recent approaches to the segmentation of
medical images using deep neural networks.

II. RELATED WORK

Owing to its small yet highly variable structure, LAA
segmentation is a challenging job using CT data (Fig. 1), and
few people have focused on this problem. Grasland-Mongrain
et al. [12], [13] started from the segmentation of the LA [14],
and then grew the LAA out by shape-constrained and inflation
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Fig. 3. The 3-D models (shown in two different viewpoints) of three LAA
segmentation algorithms and manual segmentation for a dataset, the LSPV
is marked by the rectangle, and the lobes is marked by the circle. (a), (b)
3-D region-growing approach. (c), (d) 3-D maximally connected component
approach. (e), (f) Our proposed approach. (g), (h) Manual segmentation.

deformable models. It has some weakness in segmenting the
complex tip of the LAA [12], [13] due to the constraints
arising from the shape model. Zheng et al. [15] exploited
a multi-part model to segment the whole left atrium (LA)
including the LAA on C-arm CT. They used only a smooth
mesh to enclose all LAA lobes roughly, mainly because the
LAA has many small curly lobes but their boundaries are
ordinarily not clear on C-arm CT.

The LAA has complex tips and lobes, and its precise
segmentation is important for modeling LAA morphology.
Therefore, non-model-based approaches seem to be suitable
for this task since they are mainly driven by the image to
be segmented without explicit shape constraints. We have
applied two widely used non-model-based approaches, 3-D
region growing [16] and 3-D maximally connected component
[17], to segment the LAA in the bounding box (which will be
explained in Section 3.1), but the segmentation results have
the following problems (Fig. 3):

¢ Incorrectly including the left superior pulmonary vein

(LSPV) which is adjacent to the LAA.
o The crimping or adhesion of the LAA lobes.

Graph cut [18] is an inference approach used in MRF
models. It is a widely used segmentation approach that is
suitable for cases with larger differences between the target
and the background in the medical images. However this
method is laborious because it requires the user to label the
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foreground and background seeds. In addition the parameter
A in graph cut has a great impact on the final result, and
it is a challenging task to determine an optimal A value. In
fact, a single A value cannot guarantee good results for all
image conditions. Besides, it cannot avoid susceptibility to
noise. In fact the parameter A can be automatically learned
with structured output learning methods. Instead of finding
the optimal A\ value, some work [9,10] also generated a pool
of proposals using parametric max-flow/min-cut solver [11].
Parametric max-flow can solve max-flow/min-cut problems
with a set of A values while max-flow in graph cut just
solves the problem with a single A value. Our group has [19]
proposed an LAA segmentation algorithm based on parametric
graph cut, and achieve a good segmentation result. However,
the running time of this approach is long because it needs
to solve a number of 2-D graph-cut problems to generate
hundreds of segmentation proposals for each slice of LAA.

In recent years, the Convolutional Neural Networks (CNNs)
have also been adopted to the problem of medical image
analysis. However, for the application of medical images, the
primary bottleneck is the lack of data. Training data of CNNs
needs to have precise class labels, but manually labelling
volume data with the scale of Imagenet [20] is unimaginable.
The results using the traditional method ( CNNs ) have some
problems as follows [21]:

1) reduced feature resolution (repeated combination of
max-pooling and down-sampling);

2) existence of objects at multiple scales;

3) reduced localization accuracy due to CNN invariance.

Thus, according to these problems, the DeepLab [22] has the
following optimization:

1) An atrous convolution is created to represent un-
sampling, which can be either enlarge parameters or
computational quantities to maintain the size and scale
of the image;

2) The image is put into the same size forcibly by the tra-
ditional method. However, this can cause some features
to distort or disappear. Atrous spatial pyramid pooling
( ASPP ) is used to solve this problem motivated by
spatial pyramid pooling, which is used to remove the
constraints of the fixed size of the network;

3) To solve the invariance of DCNN, some methods such
as skip layers [21] can be adopted, but the author uses
a fully connected conditional random field (CRF). To
a certain extent, the feature map obtained with CNN
is smooth enough, so short-range CRF does not work
much. Thus the fully connected CRF with global infor-
mation is used. This is the first reason why we choose
full connection CRF as postprocessing.

DeepLab uses the results of FCN as a unary potential function
of CREF. It concludes coarse segmentation in front and fine seg-
mentation in the post. Shuai Zheng et al [23] also introduced
a new form of CNN that combines the strengths of CNN and
CRF-based probabilistic graphical modeling. They formulate
mean-field approximate inference for the CRF with Gaussian
pairwise potentials as recurrent neural networks, Their system
fully integrates CRF modelling with CNN, making it possible

3

to train the whole deep network end to end with the usual
back-propagation algorithm, avoiding off line postprocessing
methods for object delineation.

Designing a strong feature representation is conclusive for
semantic segmentation. We believe it is advantageous that fine
segmentation is only located at a later stage, avoiding the
commitment to premature decisions. This is the second reason
why we choose full connection CRF as postprocessing with
the abandonment of CRF as the RNN network.

In medical image analysis, Huazhu Fu et al [24] used
the FCN + CRF method for retinal vessel segmentation and
obtained good results. Neeraj Dhungel et al [25] explored
DCNN and deep belief networks (DBNs) for the segmentation
of breast masses. The structured prediction models present
the results of two methods the CRF and structured support
vector machine (SSVM) -based method. In the CRF, Neeraj
Dhungel et al adopt the inference algorithm based on tree
re-weighted belief propagation with truncated fitting training.
In the SSVM, the inference is based on graph cut with
maximum margin training. They also show that the CRF model
is signicantly faster than SSVM in terms of training and
inference time when combined with deep learning potential
functions. Kamnitsas et al. [26] presented a multi-scale 3-
D CNN with fully connected CRF for accurate brain lesion
segmentation. Fully 3-D CNNs produce accurate soft segmen-
tation maps, but induce an increased number of parameters
and significant memory and computational requirements. One
of the reasons that discourage the use of 3-D CNNs is
the training procedure, which requires massive amounts of
memory and training data to store the model and allow for
good convergence and generalization respectively. Combining
segmentation of the liver and its lesions, Christ et al. [27]
trained and cascaded two fully convolutional neural networks
(FCNs). First, they trained using an FCN to segment the liver
as region of interest (ROI) input to the next FCN. Second,
the FCN then segments the lesions from the predicted ROI
of step 1. Furthermore they refine the segmentations of the
cascaded fully convolutional neural networks (CFCNs) using
a dense 3-D CRF that accounts for both spatial coherence
and appearance. This paper also suggests that volumetric FCN
actualization with 3-D convolutions is intensively constraint by
GPU hardware and available video random access memory
(VRAM). In addition, the spatial resolution of each direction
of CT volumes (e.g. 0.32-0.38 mm in z, y and 0.35-0.43 mm
in z in our cardiac CT volumes) makes it more cumbersome
to train discriminative 3-D filters.

We make some improvements to the related methods which
produce much better results. To prevent “over fitting” of
many parameters in FCN, image enhancement is needful to
rely on large-scale, high-quality training data. Thus we first
use multi-scale retinex with color restoration (MSRCR) [28],
[29] to enhance the CT image. Then we transform a single-
channel grayscale image into a 3-channel RGB image, which
improves the resolution of extracting local features (boundary,
orientation, etc.) by increasing the number of convolutions
[30]. Special discussion is in Section III-A. We have also tried
to address two deficiencies of fully connected CRF: First, some
deviation remains in the pre-set weight of Gaussian function;
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Fig. 4. Overview of the proposed LAA segmentation pipeline.

Second, since the measure function uses only the distance
size without the directional information in space, different
directions may also lead to different degrees of interaction.
Therefore, we define a new and simple class-adaptive smooth
factor 5. Special discussion is in Section III-C. Factor 3 is
automatically calculated from the classification probabilities of
FCN and is anisotropic for each class. The experimental results
show that the adaptive algorithm can effectively segment noisy
images and image detail information is revealed.

III. METHOD

In this paper, we present a method for automatic LAA
segmentation on CTA data using FCN and 3-D CRFs. To
segment each 2-D LAA slice (the reason why we prefer slices
to volume will be explained in Section 3.1), we first adopted
the extant FCN in natural scene segmentation and transfered
their learned models by fine-tuning the networks to our task.
After FCN generated soft probability maps, we used 3-D CRFs
which capture the spatial information across slices to produce
the final hard segmentation labels. The entire framework is
depicted in Fig. 4 and the details of our method will be
described in the following sections.

A. Preprocessing

The LAA is a little portion of the whole CT volume (shown
in Fig. 5 a), typically with size of 100x 100 x 60 while the size
of the whole CT volume is 512 x 512 x 300. Training FCN
with the whole CT volume is quite difficult because of the
limited VRAM [31] and the extremely high class imbalance,
even if additional weighting factors are introduced [21]. Thus
our method would only need to ensure four fiducial points to
obtain a bounding box to encase the LAA. All the algorithms
proposed in this paper will be carried out inside this ROI.
As shown in Fig. 5 b, ¢, d, one fiducial point is on the
initial axial slice where the LAA emerges, two correspond
to diagonal corners of the rectangle which encloses the LAA
closely on the mid-axial slice in which the LAA area is
normally the largest, and one is on the last axial slice where
the LAA disappears. Then we increased the volume contrast
by histogram equalization.

Data preprocessing is essential for the invariance and ro-
bustness properties required to the network when only a few

()

© (d)

Fig. 5. The ROI of LAA defined by four fiducial points. (a) The LAA
marked by the circle. (b) One fiducial point on the initial axial slice where
the LAA emerges. (c) Two correspond to diagonal corners of the rectangle
which encloses the LAA closely on the mid-axial slice in which the LAA
area is normally the largest. (d) One fiducial point on the end of axial slice
where the LAA will soon be gone.

TABLE I
TRANSFORMATION FROM GRAY LEVEL TO COLOR

Input gray level | Output color R G B
0~ 31 blue 0 0 255
32 ~ 63 green 0 255 0
64 ~ 95 light blue 193 | 210 | 240
96 ~ 127 purple 141 75 18
128 ~ 159 red 255 0 0
160 ~ 191 orange 250 | 140 53
160 ~ 191 yellow 255 | 255 0
160 ~ 191 light yellow | 227 | 207 | &9

training samples are available. It is necessary to rely on large-
scale, high-quality training data to prevent “over fitting” of
many parameters in CNNs. Thus we first used a method called
multi-scale retinex with color restoration (MSRCR) [28], [29]
to enhance the CT image (Fig. 6 b). Then we converted the
gray-level images to pseudo color images using the MATLAB
function label2rgb with color palette, its transformation shown
in Table I. The purpose was to transform a single-channel
grayscale image into a 3-channel RGB image (Fig. 6 c), which
improves the resolution of extracting local features (boundary,
orientation, etc.) by increasing the number of convolutions
[30]. Specifically in Fig. 7, the first layer convolution filters of
CNNs are visualized. We notice that somewhat blurry filters
are learned with random initialization from the original CT
images (Fig. 7 a). However, many higher orders of contrast
or boundary-preserving patterns (that enable capturing image
appearance details) are evidently learned through the image
enhancement (Fig. 7 b), which significantly improves the
performance of our segmentation algorithm.

It is generally well known that successful training of deep
networks requires a huge number of annotated samples. How-
ever for medical tasks, very few volume data are available to
train a powerful deep network. To obtain sufficient training
data, we would utilize all 2-D axial slices instead of volumes
to train FCN, with more than 5000 slices available from our
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Fig. 6. An example of image enhancement for an axis LAA CT slice. The
details of the dark area can be effectively reflected. (a) Original. (b) Multiscale
retinex. (¢) Multi-channel.
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Fig. 7. Visualization of the first-layer convolution filters of CNNs with
random initialization from original CT images and image enhancement. Many
higher orders of contrast or boundary-preserving patterns are evidently learned
through image enhancement. (a) Learned from original images. (b) Learned
from the images enhancement.

data set. The axial slices were selected because they are not
suitable for the study of LAA morphology for the other sagittal
and coronal slices [32]; meanwhile the number of axial planes
is relatively fewer.

B. 2-D FCN for soft probability maps

For each 2-D axial LAA slice, we first adopted the FCN
to generate a soft probability map. The network architecture
is shown in Fig. 8, which is adopted from the VGG 16-layer
net. The VGG 16-layer net consists of five convolution groups
with each group containing 2, 2, 3, 3, and 3 layers respectively
and three fully connected layers. Each convolution layer is
followed by a ReLU activation function and the max pooling
layer is after each convolution group. The convolution layer is
the primary building block to construct a CNN architecture. By
stacking several layers on top of each other, we can extract
a hierarchy of features. Each convolution layer can extract
features into the hierarchy from its previous layer to the next
layer connected. A single convolution layer takes input as
a stack of input channels and generates output as several
output channels, which we call feature maps. A feature map
can be considered as a topologically arranged map, which is
the response of a specific local nonlinear feature extractor
identically applied to the spatial neighborhood of the input
channels in a sliding window fashion [33]. Suppose each layer
I € [1, L] contains C; feature maps and the neurons of the mth
feature map FM;" in the /th layer are arranged in a 2-D array,
then the feature map is constituted as follows:

Cr1
FM]" = £ k™" «FM} | + ") (1)

n=1

In Eq. (1), the feature map is computed by convolving each of
the feature maps of the previous layer with a 2-D convolution
kernel k;™", adding a learned bias b} and applying to a non-
linear function f. The feature map FM{', input to the first
layer, corresponds to the channels of the input images. All ker-
nels are matrices of learned hidden weights W. In addition, Eq.
(1) can be viewed as the convolution of the 3-D concatenated
kernel k" = (k™" ..., k;"’cl ~') and the concatenated former
channels FM;_; = (FM; |, ...,FMZCEII). This intuitively
expresses that the neurons of higher layers in the hierarchy
combine the features extracted in preceding layers. Following
the convolution operation, an element-wise non-linearity is
applied to obtain features that are nonlinear transformations
of input. In the VGG 16-layer net, ReLU activation is adopted
as a nonlinear function f after each single convolution layer.
After each convolution group, max pooling operation is done
by taking the maximum neuron response over sub-windows
within each feature map. This can be defined as follows:
FM}"; = m;;a,x FM:, ip s 2)
where p determines the size of the max pooling window. The
pooling window can be overlapped or not. After the max-
pooling operation, the size of the feature map is shrunk. This
is decided by the pooling size p and the stride parameter s,
which correspond to the horizontal and vertical increments
by which the pooling window is arranged. This subsampling
procedure is proved beneficial by introducing local translation
invariance. The VGG 16-layer net has three fully connected
layers and the output y of last fully connected layer is fed
into a softmax function that produces the predicted probability
pi(y) = exp(y;)/ Z](.’;l exp(y;) for class i. Note that y is a
vector with length C' equaling to the total number of class.
As described in [21], our FCN is adopted from the VGG
16-layer net without the final classification layer, then turning
all fully connected layers into convolutions. Besides a 1 x 1
convolution layer with channel dimension 2 is utilized to
forecast probabilities of foreground or background at any po-
sitions of the coarse outputs, we upsample the coarse outputs
to a pixel-dense probability map by a deconvolution layer.
The upsampling can be carried out in-network for end-to-end
learning by back propagation by using the pixel-wise loss. This
is the FCN-32s architecture with the 32 pixel stride at the final
output layer. Our model is pre-trained on contemporary VGG
network, and then we fine-tune their learned representations
on the FCN-32s by using our own data set. Usually FCN-
32s can maintain the primary contours and structures but limit
the scale of detail in the prediction. To address this problem,
skips [34] are added that combine final output layer with
former layers that have finer strides. As shown in Fig. 8, this
operation turns into a DAG with edges that skip from lower
layers to higher layers. By combining fine and coarse layers,
we allow the local prediction of network while respecting
the global structure. We add a 1 x 1 convolution layer after
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TYPE
NAME

GROUP-1
Convl-1 Convl-2 Pooll
3x3x64

INPUT

ROUP-2
Conv2-1 Conv2-2 Pool2
3x3x128

GROUP-3 GROUP-4

Conv3-1Conv3-2 Conv3-3 Pool3 | Conv4-1Conv4-2 Convd-3 Poold | Conv5-1Conv5-2 Convs-3 Pool5 | Cony7 1x1x 4096
3x3%256

GROUP-5 Conv6 7x7x4096

3x3x512 3x3x512 Conv8 1x1x2

Convs
Poold 2 upsampled

x8 upsampled prediction

Pool3 2xupsampled score

Fig. 8. Details of the LAA FCN configuration. It combines abstract, high-level semantic features with appearance, low-level spatial information. Each layer
is displayed in the grids of the corresponding density. Row 1. FCN-32s. Row 2. FCN-16s. Row 3. FCN-8s.

pool4 layer to generate extra class predictions. By adding
these predictions with the output computed on top of conv7
which is calculated by connecting a 2x upsampling layer,
we first divide the output stride of 16 pixels to predict the
segmentation. The 2x upsampling is initialized as bilinear
interpolation, but the parameters are allowed to be learned
by back propagation. Finally we upsample the predictions of
stride 16 back to the image size. This net is the FCN-16s.
FCN-16s is initialized with the parameters of the former FCN-
32s and then learns end to end. We zero-initialize the new
parameters acting on pool4 in order that the network starts
with the same predictions as FCN-32s. We continue in this
fashion by leveraging predictions from the pool3 layer which
capture finer information to build the FCN-8s net. This is done
by linking the pool3 layer to the DAG net in the same way as
the linking of pool4 above. In our experiment, adding more
lower layers cannot improve the segmentation accuracy any
further. Thus we do not keep fusing even lower layers. The
FCN-8s network is used as our final network because it takes
advantage of coarse, high-level information and fine, low-level
information.

The loss function is calculated by a pixel-wise softmax over
the final output channels combined with the cross entropy.
With softmax defined as:

Zexp af;), 3)

p” = exp(a

where ak represents the activation in feature channel & at the

pixel posmon (i,7) € Q with Q € Z2. K is the total number of
class and pL ; denotes the probability of pixel (4, ) belonging
to the class k. Particularly, K = 2 in our task. Then the cross

entropy loss penalizes the deviation of pi—f ; from ground truth
label f)ﬁ ; at each position.

L=- Z Wi, [pz ,J log(pz ])+(1_ﬁzf,j) log(l_p{,g)] . (4)
(4,5)€Q
Note that p . is the foreground probability and p p . represents

the ground truth w; ; is the same weight as [21] to balance
the classes.

Training The network is trained with all 2-D LAA s-
lices and their corresponding segmentation maps using the
stochastic gradient descent (SGD) implemented by MXNet
[35] with GPU acceleration. First FCN-32s net is fine-tuned by
transferring the VGG 16-layer learned model to our task. Then
FCN-16s net and FCN-8s are trained sequentially based on
32s and 16s nets respectively. In the experiment, learning rate
is chosen to be 0.0001; the momentum, 0.95; weight decay,
0.0005; and epoch, 50. Using a single Tesla K80 GPU it took
6 hours to completely train our FCN-8s net.

C. Modified 3-D CRF for hard segmentation labels

Volumetric FCN implementation with 3-D convolution ker-
nels is limited by the available VRAM [31] and the extremely
high class imbalance. In our data set, the class imbalance
is as follows: The LAA has different complex morphologies
named cactus, chicken wing, windsock, and cauliflower with
volumes varying from 1 to 19 ml. We have the LAA CT data
of 150 patients. The cauliflower-shaped LAA accounts for only
5% of these data, but these patients with AF more likely
had prior stroke[36]. Compared with cauliflower, chicken
wings accounted for 48% ( more likely to remain stroke-free),
cactus accounted for 30%, and windsock accounted for 17%.
Furthermore, the anisotropic resolution of medical volumes (
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e.g. the dimension of approximately 0.35 mm in xy and 0.5
mm in z in our data set ) makes the training of discriminative
3-D filters complicated. Hence we decided to leverage 3-D
CRF as proposed in [27] to utilize the spatial information
across axial slices. Besides this, we found that 3-D CRF can
capture even more global context in Xy plane to correct some
spurious outputs with small isolated regions or holes in the
predictions that which are caused by local minima in training
and noise in the input images.

Given all slice-wise soft predictions by the FCN, we con-
sider all these 2-D probability maps jointly in the 3-D CRF
framework to achieve more structured segmentation labels.
This final label assignment can be formulated as maximum
a posteriori (MAP) inference. The best labeling is estimated
by the following equation:

X" = argmin, » F(x) , )

with x corresponding to the labels of all voxels and £ denoting
the label set. E(x) represents the energy function induced
according to Gibbs distribution:

)= pulr) +

i€V

> epliizg) . (6)
(i.5)€E
Note that we define the CRF on the complete graph G =
(V,&) with vertices ¢ € V for all voxels belonging to the
volume and each edge e € € = {(i,5), Vi,j €V, s.t.i < j}
between all vertices. ¢, (z;) = —log P(x;|I) is the unary
potential with P(x;|I) representing the probabilistic output of
the FCN. The pairwise potential between any pair of voxels
is of the form:

2 |wid — w0l

pp(wi,a)) = ulai, )l exp(— Y =20
d 1 1 %)

| Lie = Ljie|?
E )]
204

+wsy exp(— Z'xld x]d|
d=1

p(x;, ;) is the Potts function

. 1 ifxi 75 Zj
/L(x“xj) o { 0 IfJUZ = Xy,

|z; g — xjq| is the spatial distance of voxels i and j and
|I;c — I | is the intensity difference of them in the original
volume. The configurable weights w; and wy can define the
relative strength of the two potentials and we tune their effec-
tive ranges by the kernel size 01, o2 and os. The generalized
cross-validation leads to a good selection of these parameters
w and o [37].

To adaptively and effectively segment noisy images, we
introduce a smoothing factor 3,

ZZGV ZmGN (pk Py, )
k 0,1 N )

where k,o respectively represent the class and orientations
of neighborhood. We define the neighborhood of a voxel as
N; ={1,2,--- , N} where N is the number of all voxel in the
neighborhood. pi, p}™ respectively represent the probabilities
of a voxel ¢ and its neighbor m which belongs to the class

®)

€))

k. They come from the probabilistic output of the FCN. The
reason for this definition of /3 is that the probability of voxel is
the refinement of image information, and the change of image
information can be observed from the difference in probability
between a voxel and its neighbors that belong to a certain class.
It is an indicator denoting which component is activated. It
embodies the spatial context such as probability of occurrence
and relative orientation between labels [38], [39]. For instance,
the lobes are always in the lower right of the main body of
LAA, LAA lobes occur more often than the Left Circumflex
Artery (LCX) close to them in LAA segmentation (Fig. 13).
Furthermore,

(@i ;) = (Br,o,i + Br,o,)(Tis 5)
3 B 9
i,d — Ty,
[w1 exp(— Z T)
d=1 1
3
|ia — x4l (10)
+ws exp( Z 207
d=1
c
_ Z |Ii,C - QIJ'yC'Q)}.
ot 2073

Finally Eq. 5 is solved by the efficient mean field approxi-
mation algorithm in [27]. A random search algorithm is used
to choose the weights and kernels.

In summary, compared with other approachs, our approach
not only pays attention to the detailed segmentation in each
single slice, but also takes full advantage of the continuity of
topological relationships between slices for the postprocessing
based on 3-D volume.

IV. EXPERIMENTS AND RESULTS

The data used in this research were 150 cases of coronary
CTA, obtained using Philip 256-iCT. The experimental results
are evaluated using five-fold cross-validation. The scanned
information of CT contains the element spacing (0.357422
mm, 0.357422 mm, 0.449951 mm) and dim size (512 x 512).

A. Accuracy of the segmentation results

This paper uses the manual segmentation results as the
ground truth. To avoid the observer bias, manual segmenta-
tion is carried out by 4 experienced specialists collaborating
using the module for segmentation of Slicer 4.6 which is an
open source software platform for medical image processing.
In the Segment Editor, the following features are applied:
overlapping segments, display in both the 2-D and 3-D views,
editing in 3-D views, creating segmentation by interpolating
or extrapolating segmentation on a few slices, and editing on
slices in any orientation. To obtain an estimate of the actual
error, manual and automatic segmentation are performed in the
same pre-set bounding box encasing the LAA. We conducted
a detailed statistical analysis of the segmentation accuracy
for these cases of data by comparing automatic and manual
segmentation. It includes two aspects, one is similarity analysis
based on volume measurement and the other is error analysis
based on surface distance measurement. In the absence of a
explanation, FCN+CRF represents FCN+CRF with /3 in this

paper.
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Fig. 9. Similarity analysis of volume overlap (VO) ratio and dice coefficient
(DC) ratio in 30 cases of testing data.

1) Similarity analysis: The similarity can be obtained by
calculating the volume overlap (VO) ratio and dice coefficient
(DC) ratio. The closer the two ratios are to 1, the closer
the automatic results are to the manual. These two ratios are
calculated as follows:

|V8690V9t|

VO =229 9 (11)
[Vaeg U Vel
2|\ Vieq N Vil

DC = 129l L9 (12)
|Vseg| + |Vgt|

where V; and V., denote the volume of the ground truth and
the automatic segmentation respectively.

Fig. 9 lists the calculation results of the VO and DC for 30
cases of testing data, which shows that the segmentation results
of LAA have a high similarity between automatic and manual
segmentation. The mean value of VO equals 91.10%, and the
mean value of DC equals 94.76%. In two cases DC and VO
were low (the circular marks in Fig. 9) because the original
data were of low density resolution. At the same time we see
that the improvement effect of adding 3-D CRF postprocessing
is appreciable.

2) Error analysis: Surface distance measurement is to
measure the minimum distance from each point of the surface
of the automatic segmentation model to those of the manual
segmentation model. This approach can evaluate the accuracy
of the automatic segmentation result intuitively. The smaller
the measured distance, the closer the automatic results are
to the manual. Compared with the DC ratio, it can better
represent the accuracy and where the error occurs, such as
the interference from the left circumflex artery (LCX) around
the lobes of the LAA when the DC ratio is commonly not
reduced. The distance is calculated by

di = min(|Tgq — Tsegl)- (13)

Fig. 10 shows some cases of error distribution about the
points of surface. The segmentation errors are less than 1.30
mm in most areas. However, in some areas, the segmentation
accuracy declines slightly, such as the transition zone between
the left atrium (LA) and the LAA. The reason is that the

boundaries selected for manual segmentation differ from those

dist (mm)
5. 0000600

IS &
S
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5
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Fig. 10. The distribution of the surface distance error of the segmentation
results of six different LAAs. The size of the error is proportional to the
degree of color.
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Fig. 11. The box-and-whisker plots of mean error of the LAA surface distance
by each method. 3-D region-growing (3DRG), 3-D maximally connected
component (3DMCC) and 3-D graph cut (3DGC) are shown.

for automatic segmentation. In addition, automatic segmenta-
tion has slight differences from manual segmentation in the
areas of the LAA lobes and other parts because our approach
just adds some postprocessings, the CRFs and 3-D region-
growing method etc., which systematically explore morpho-
logical changes of the LAA and the topological relationship
between adjacent slices are also integrated. We can pinch out
or secondarily grow the corresponding tissues of the LAA but
cannot do this for the manual labeling based on single visual
judgments.

To verify the effect of FCN+CRF on improving the accuracy
of LAA segmentation, we compared and conducted an error
analysis of 3-D region growing (3DRG), 3-D maximally

(@ (b)

Fig. 12. Some failed cases of the LAA segmentation.
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Fig. 13. The sporadic interferences of small LCXs patches located around the lobes of the LAA in 2-D slice. The LCXs are marked by the border. Row I.
Manual segmentation. Row II. FCN. Row III. FCN+CRF without 8. Row IV. FCN+CRF with .

connected component (3ADMCC) and 3-D graph cut (3DGC)
segmentation by their surface distance in 150 cases as shown in
Fig. 11. It shows that the mean error of FCN+CREF is grouped
mainly between 1.1 and 1.7 mm and more concentrated than
the other methods.

At the same time, by comparison with that of Wang
et al.[19], our FCN is implemented based on the MXNet [35]
with GPU acceleration. It takes about 8 hours to completely
train the FCN-8s on a NVIDIA Tesla K80 GPU using cuDNN
v5.0. The segmentation of a LAA volume takes less than 35 s
using GPU acceleration, with about 25 s for FCN segmentaion
and 15 s for 3-D CRF. Our method finally obtains a mean

dice overlap of 94.76%, which is comparable with the result
of 95.21% in [19]. By contrast the method proposed by [19]
requires more than 3.5 minutes to completely segment a LAA
because this approach needs to solve a number of 2-D CRF
problems to generate hundreds of proposals for each slice
of LAA. FCN+CRF is more accurate and robust in LAA
segmentation, but the accuracy of the automatic segmentation
algorithm is dispersive in some cases as shown in Fig. 12,
which is mainly due to generating mild motion artifacts when
the CT images were collected or the contrast medium is not
completely filled in the LAA. These regions are also difficult
to segment manually.
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Fig. 14. Comparison of the 3D results using relevant segmentatlon approach-
es. (a), (b), (c) Initial states. (d), (e), (f) Manual segmentation. (g), (h), (i)
FCN, the blue area represents the LCX. (j), (k), (1) FCN+CRF without 3, the
green area represents the LCX. (m), (n), (0) FCN+CRF with 3.

(m)

B. Representative examples

More examples are given in this section to show the advan-
tage of the proposed algorithm. Experimental results (Fig. 13)
indicate that the FCN+CRF can segment LAA more precisely
and even eliminate the interference of the LCX located around
the lobes of the LAA, while FCN alone performs poorly.
Specifically, the FCN alone has obvious filtering effects on
the LCX with tubular features, but some large LCX patches
located around the lobes are often misjudged as the LAA,
as shown in 3), @, ---, @), and @) of Fig. 13.1I. The 3-D
models are shown in (g), (h), and (i) of Fig. 14; The FCN+CRF
without 3 can filter out some isolated LCX patches located
around the lobes but cannot solve the adhesion of the LCX
and lobes as shown in 3), @), - -+, (9), @ and @), @, - - -, @,
and @) of Fig. 13.1II. The 3-D models are shown in (j), (k),
and (1) of Fig. 14. Furthermore the FCN+CRF with 3 properly
solves these problems as shown in @), @2, ---, @, and (9 of
Fig. 13.1II. The 3-D models are shown in (m), (n), and (o) of
Fig. 14.
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(d (O]
Fig. 15. Some segmentation results of the special LAA shapes.

Some segmentation results of the special LAA shapes
selected from the 150 cases of data using the FCN+CRF are
shown in Fig. 15. The LAA promptly flexes its body at the
opening and reversely grows in Fig. 15 (a), (b) and (d), which
brings great difficulties to implant the closure; the neck of
the LAA is thick, the lobes are plump and laterally growing
and the angle with LSPV becomes larger in Fig. 15 (c); and
the neck of LAA is incrassate and the trend of its lobes is
serpentine in Fig. 15 (e), (f).

V. CONCLUSION

We proposed a robust method for automatic LAA segmen-
tation on CTA data using FCNs and 3-D CRFs. We adopted
the contemporary FCN in natural image segmentation and
transfered their learned models by fine-tuning the networks
to segment each 2-D LAA slice. Subsequently we used a
dense 3-D CREF that accounts for the 3-D spatial and larger
contextual information to refine the segmentations of all slices.
Our method was evaluated in 150 cases of CTA data using
five-fold cross-validation. Compared with manual annotation,
automatic segmentation allowed us to obtain a mean dice
overlap of 94.76% and mean volume overlap of 91.10% with
computation time of less than 40 s per volume. Experimental
results demonstrated the robustness of our method when
dealing with large anatomical variations and computational
efficiency for adoption in daily clinical routine.

This systematic approach can also be applied to the problem
of other chambers such as the LA which has complex shapes.
However one of the shortcomings of the current approach is
the need to manually mark the ROI of segmentation. We are
attempting to develop an automatic positioning algorithm of
LAA in CT images.
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