Medical Image Analysis 55 (2019) 88-102

Contents lists available at ScienceDirect

Medical Image Analysis

journal homepage: www.elsevier.com/locate/media

Abdominal multi-organ segmentation with organ-attention networks )
and statistical fusion et

Yan Wang®!, Yuyin Zhou®', Wei Shen®?, Seyoun Park®* Elliot K. Fishman®,
Alan L. Yuille 42

2 Department of Computer Science, Johns Hopkins University, Baltimore, MD, USA

b Key Laboratory of Specialty Fiber Optics and Optical Access Networks, Shanghai University, Shanghai, China
¢ Department of Radiology and Radiological Science, Johns Hopkins University, Baltimore, MD, USA

d Department of Cognitive Science, Johns Hopkins University, Baltimore, MD, USA

ARTICLE INFO ABSTRACT

Article history:

Received 3 May 2018

Revised 5 April 2019
Accepted 17 April 2019
Available online 18 April 2019

Accurate and robust segmentation of abdominal organs on CT is essential for many clinical applications
such as computer-aided diagnosis and computer-aided surgery. But this task is challenging due to the
weak boundaries of organs, the complexity of the background, and the variable sizes of different organs.
To address these challenges, we introduce a novel framework for multi-organ segmentation of abdominal
regions by using organ-attention networks with reverse connections (OAN-RCs) which are applied to 2D
views, of the 3D CT volume, and output estimates which are combined by statistical fusion exploiting
structural similarity. More specifically, OAN is a two-stage deep convolutional network, where deep net-
work features from the first stage are combined with the original image, in a second stage, to reduce
the complex background and enhance the discriminative information for the target organs. Intuitively,
OAN reduces the effect of the complex background by focusing attention so that each organ only needs
to be discriminated from its local background. RCs are added to the first stage to give the lower layers
more semantic information thereby enabling them to adapt to the sizes of different organs. Our networks
are trained on 2D views (slices) enabling us to use holistic information and allowing efficient computa-
tion (compared to using 3D patches). To compensate for the limited cross-sectional information of the
original 3D volumetric CT, e.g., the connectivity between neighbor slices, multi-sectional images are re-
constructed from the three different 2D view directions. Then we combine the segmentation results from
the different views using statistical fusion, with a novel term relating the structural similarity of the 2D
views to the original 3D structure. To train the network and evaluate results, 13 structures were manually
annotated by four human raters and confirmed by a senior expert on 236 normal cases. We tested our
algorithm by 4-fold cross-validation and computed Dice-Serensen similarity coefficients (DSC) and sur-
face distances for evaluating our estimates of the 13 structures. Our experiments show that the proposed
approach gives strong results and outperforms 2D- and 3D-patch based state-of-the-art methods in terms
of DSC and mean surface distances.
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1. Introduction

Segmentation of the internal structures, like body organs, in
medical images is an essential task for many clinical applications
such as computer-aided diagnosis (CAD), computer-aided surgery
(CAS) and radiation therapy (RT). However, despite intensive stud-
ies of automatic or semi-automatic segmentation methods, there
remain challenges which need to be overcome before these meth-
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ods can be applied to clinical environments. In particular, detailed
abdominal organ segmentation on CT is a challenging task both for
manual human annotation and for automatic segmentation algo-
rithms for various reasons including the morphological complex-
ity of the structures, the large variations between inter- and intra-
subjects, and image characteristics such as low contrast of soft tis-
sues.

Early studies of abdominal organ segmentation focused on spe-
cific single organs, for example relatively large isolated structures
such as the liver (Heimann et al,, 2009; Mharib et al., 2012; Li
et al., 2015) or critical structures such as blood vessels (Kirbas
and Quek, 2004; Lesage et al.,, 2009). However, most of the algo-


https://doi.org/10.1016/j.media.2019.04.005
http://www.ScienceDirect.com
http://www.elsevier.com/locate/media
http://crossmark.crossref.org/dialog/?doi=10.1016/j.media.2019.04.005&domain=pdf
mailto:spark139@jhmi.edu
https://doi.org/10.1016/j.media.2019.04.005

Y. Wang, Y. Zhou and W. Shen et al./ Medical Image Analysis 55 (2019) 88-102 89

rithms were based on specific features of the target organ, and so
extensibility to the simultaneous segmentation of multiple organs
was limited. For multi-organ segmentation, atlas-based approaches
were adopted for many applications (Iglesias and Sabuncu, 2015;
Asman and Landman, 2013; Chu et al, 2013; Wolz et al., 2013;
Kada et al,, 2015; Zhuang and Shen, 2016; Karasawa et al., 2017).
The general framework of atlas-based segmentations is to de-
formably register selected atlas images with segmented structures
to the target image. Critical issues for this approach, which affect
performance accuracy, include proper atlas selection, accurate de-
formable image registration, and label fusion. In particular, for the
abdominal region, inter-subject variations are relatively large com-
pared with other parts of the body (e.g., the brain) so the segmen-
tation results are dependent on deformable registration between
inter-subjects from the limited set of atlases, which is a challeng-
ing problem that critically affects the final accuracies. In addition,
computational time is strongly dependent on the number of at-
lases. Therefore, selection of the proper number and types of at-
lases is a critical factor for both of the accuracy and efficiency.

Recently, learning-based approaches exploiting large datasets
have been applied to the segmentation of medical images (Dou
et al., 2016; Cicek et al., 2016; Milletari et al., 2016; Nascimento
and Carneiro, 2016; Setio et al., 2016; Chen et al., 2017a; Rajchl
et al., 2017; Havaei et al., 2017; Jamnitsas et al.,, 2017; Zu et al.,
2017). In particular, deep convolutional neural networks (CNN)
have been very successful (Dou et al., 2016; Cicek et al., 2016;
Roth et al., 2015; 2016; Milletari et al., 2016; Setio et al., 2016;
Chen et al., 2017a; Rajchl et al., 2017; Havaei et al., 2017; Jamnit-
sas et al., 2017). Targets include regions in the brain (Chen et al.,
2017a; Havaei et al.,, 2017; Jamnitsas et al., 2017), chest (Setio et al.,
2016), and abdomen (Dou et al., 2016; Roth et al., 2015; 2016). The
performance results of CNNs for organs (and even tumors) reach,
or outperform, alternative state-of-the-art methods. Unlike multi-
atlas-based approaches, deep networks do not require selecting a
specific atlas or require deformable registration from training sets
to a target image. In this study, we apply deep network approaches
to abdominal organ segmentation.

Most studies based on deep networks, however, focused on a
single structure segmentation, particularly for abdominal regions,
and there are few studies of multi-organ segmentation partly due
to technical challenges discussed later. We note that fully convo-
lutional networks (FCNs) (Long et al., 2015) have been generally
accepted for organ segmentations on CT scans (Cicek et al., 2016;
Zhou et al.,, 2017; Roth et al., 2018) partly because they give state-
of-the-art performance for semantic segmentation of natural im-
ages (Long et al., 2015; Chen et al., 2017b). But there are three
major characteristics of abdominal CT which we must address in
order to obtain strong performance on multi-organ segmentation.

First, many abdominal organs have weak boundaries between
spatially adjacent structures on CT, e.g. between the head of the
pancreas and the duodenum. In addition, the entire CT volume
includes a large variety of different complex structures. Morpho-
logical and topological complexity includes anatomically connected
structures such as the gastrointestinal (GI) track (stomach, duode-
num, small bowel and colon) and vascular structures. The correct
anatomical borders between connected structures may not be al-
ways visible in CT, especially in sectional images (i.e., 2D slices),
and may be indicated only by subtle texture and shape change,
which causes uncertainty even for human experts. This makes it
hard for deep networks to distinguish the target organs from the
complex background.

Second, there are large variations in the relative sizes of dif-
ferent target organs, e.g. the liver compared to the gallbladder.
This causes problems when applying deep networks to multi-organ
segmentation because lower layers typically lack semantic infor-
mation when segmenting small structures. The same problem has

been observed in semantic segmentation of natural images where
the segmentation performance on small regions is typically much
worse than on large regions, motivating the need to introduce
mechanisms which attend to the scale (Chen et al., 2016).

Thirdly, although CT scans are high-resolution three-
dimensional volumes, most current deep network methods
were designed for 2D images. To overcome the limitations of
using 2D CNNs for 3D images, Setio et al. (2016) used multiple
2D patches reconstructed from 9 different directions around
the target region for the task of pulmonary nodule detection.
Zhuang and Shen (2016) used 2D axial, coronal, and sagittal slices
for pancreas detection at the coarse level and also for segmen-
tation at the finer level. More recently, there are studies which
use 3D deep networks (Cicek et al., 2016; Milletari et al., 2016;
Roth et al, 2018; Jamnitsas et al., 2017; Roth et al., 2018). These,
however, are not networks that act on the entire 3D CT volume
but instead are local patch-based approaches (due to complex
challenges of 3D deep networks discussed later in this paragraph).
To address the problems caused by restricting to image patches,
Roth et al. (2018) and Jamnitsas et al. (2017) used a hierarchical
approach with multi-resolutions, which reduces the dimension
of the whole volume for initial detection and focuses on smaller
regions at the finer resolution. But this strategy is best suited to
a single target structure. Roth et al. (2018) applied a bigger patch
size to deal with the whole dense pancreatic volume, but this
was also for single pancreas segmentation and hard to extend
to the whole abdominal region. In general, 3D deep networks
face far greater complex challenges than 2D deep networks. Both
approaches rely heavily on graphics processing units (GPUs) but
these GPUs have limited memory size which makes it difficult
when dealing with full 3D CT volumes compared to 2D CT slices
(which require much less memory). In addition, 3D deep networks
typically require many more parameters than 2D deep networks
and hence require much more training data, unless they are re-
stricted to patches. But there is limited training data for abdominal
CT images, because annotating them is challenging and requires
expert human radiologists, which makes it particularly difficult to
apply 3D deep networks to abdominal multi-organ segmentation.
We have, however, implemented a 3D patch based approach for
comparison.

To deal with the technical difficulties for abdominal multi-organ
segmentation on CT, we introduce a novel framework of an organ-
attention 2D deep networks with reverse connections (OAN-RC)
followed by statistical fusion to combine the information from
the three different views exploiting structural similarity using lo-
cal isotropic 3D patches. OAN is a two-stage deep network, which
computes an organ-attention map (OAM) from typical probability
map of labels for input images in the first stage and combines
OAM to the original input image for the second stage. This two-
stage strategy effectively reduces the complexity of the background
while enhancing the discriminative information of target structures
(by concentrating attention close to the target structures). By train-
ing OAM with additional deep network, uncertainties and errors
from the first stage are adjusted and the fidelity of the final prob-
ability map is improved. In this procedure, we apply reverse con-
nections (Kong et al., 2017) to the first stage so that we can localize
organ information at different scales by assisting the lower layers
with semantic information.

More specifically, we apply OAN-RC to each sectional slice,
which is an extreme form of anisotropic local patches but in-
clude the whole semantic (i.e. volume) information from one
viewing direction. This yields segmentation information from
separate sets of multi-sectional images (axial, coronal, and sagit-
tal planes in this study similarly to most of medical image
platforms for 2D visualization). We statistically fuse the three
sources of information using local isotropic 3D patches based
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Fig. 1. The overall framework.

on direction-dependent local structural similarity. The basic fu-
sion framework uses expectation-maximization (EM) similar to
Warfield et al. (2004) and Asman and Landman (2013). But, unlike
typical statistical fusion methods used for atlas-based segmenta-
tion, the input volumes and the target volumes for segmentation
in our problem are the same. But different structures and texture
patterns, from different viewing directions, will often generate
nonidentical segmentations in 3D. Our strategy is to exploit struc-
tural similarity by computing a direction-dependent local property
at each voxel. This models the structural similarity from the 2D
images to the original 3D structure (in the 3D volume) by local
weights. This structural statistical fusion improves our overall per-
formance by combining the information from the three different
views in a principled manner and also imposing local structure.

Fig. 1 describes the graphical concept of our framework. Our
proposed algorithm was tested on 236 abdominal CT scans of nor-
mal cases collected as a part of FELIX project for pancreatic cancer
research (Lugo-Fagundo et al., 2018). By experiments, our method
showed robust and high fidelities to the ground-truth for all tar-
get structures with smooth boundaries. It outperformed 3D patch-
based algorithms as well as 2D-based in terms of DICE-similarity
coefficient and average surface distance with memory and compu-
tational efficiency.

2. Organ-attention networks with reverse connections

Given a 3D volume of interest (VOI) of a scanned CT image
V c R3, our goal is to find the label of each voxel veV. The target
structures (i.e., the labeled structures) are restricted to be organs
which do not overlap with each other, so every voxel v should be
assigned to a label in a finite set £. In this section we introduce
our proposed organ-attention networks with reverse connections
(annotated as OAN-RC) which is run separately on three different
views, and then in the next section we describe our novel struc-
tural similarity statistical fusion method which combines the seg-
mentation results obtained from the OAN-RCs on the three differ-
ent views.

2.1. Two-stage organ attention network

We first introduce the OAN, which is composed of two jointly
optimized stages. The first stage (stage-l) transforms the organ

segmentation probability map to provide spatial attention to the
second stage (stage-II), so that the segmentation network trained
in stage-II is more discriminative for segmenting organs (because
it only has to deal with local context). To assist the lower lay-
ers in stage-I with more semantic information, we employ reverse
connections (Section 2.2), which pass semantic information down
from high layers to low layers. The OAN is trained in an end-to-end
fashion to enhance the learning ability of all stages.

There are previous studies wusing attention maps.
Xu et al. (2015) used soft-attention map for text captioning
purpose from natural images which can be different from pix-
elwise semantic segmentation of organs. Especially in medical
images, the locations and sizes of organs are more structured
than natural image whose context can be random. Therefore, it
is possible and useful to get and use more accurate attention
map in our pixelwise segmentation. Otkay et al. (2018) applied
attention gates into the U-net structure for pancreas detection. In
our approach, we use explicit separate 2-stages with supervisions
for accurate multi-organ segmentation.

The input images to our OAN are reconstructed 2D slices from
axial, sagittal and coronal directions. Based on the normal vec-
tor directions of the sagittal (X), coronal (Y) and axial (Z) planes,
we denote the 2D images by I, IY and K respectively, where
i=1,....nx, j=1,...,ny, k=1, nz and ny, ny,n; are the num-
bers of slices for the three directions, respectively, and U,-lf‘ =
U;j l}' = Uy IZ = V. Following the work of Zhou et al. (2017), we
train an individual OAN for each direction.

Fig. 2 illustrates the conceptual architecture of our organ-
attention-network. The whole operations (Fig. A1) and the full ar-
chitecture (Fig. A2) can be found in Appendix A. The network con-
sists of two stages, where each stage is a segmentation network.
For notational simplicity, we denote an input 2D slice by I ¢ RF*W
and its corresponding label map by T = {t;};_;.__y,w. Stage-I out-
puts a probability map P1) = f(I; 1) c RH*WxIZI for each label
at every pixel, where the probability density function f{-; @)
is a segmentation network parameterized by ®(1). We use FCN
(Long et al., 2015) with reverse connections, which is explained in
Section 2.2, as ®), FCN is the backbone network throughout the
paper. Each element p(l) e P is the probability that the ith pixel
in the input slice belongs to label I, where [ = 0 is the background,
and [ =1,...,|£| are target organs. We define p(l) _a(a(l))—
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Fig. 2. The architecture of our two-stage organ-attention network with reverse connections. The organ-attention network (OAN) is composed of two jointly optimized
stages, where the first stage (stage-I) transforms the organ segmentation probability map by spatial attention to the second stage (stage-II). Hence the organ segmentation
map generated in the organ-attention module guides the latter computation. The reverse connections, described in Section 2.2, modify the first stage of OAN as shown by

dashed lines.
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where a,.( is the activation value of the ith pixel

the activation map. The objective function to minimize for @) is
given by

. 1 HxW |£|
TVOM) =~y | L 21 =Dlogpy) |. M
i=1 1=0

where 1(-) is an indicator function.

Using a preliminary organ segmentation map to guide the com-
putation of a better organ segmentation can be thought as em-
ploying an attentional mechanism. Toward this end, we propose an
organ-attention module by

Q=Wx«PD 4 b, (2)

where * denotes the convolution operator, W indicates the convo-
lutional filters whose dimension is (5 x 5 x |£|) in this study, and
b is the bias. Eq. (2) embeds cross-organ information into a single
organ-attention map, Q c RF*W | which learns discriminative spa-
tial attention for different organs automatically. By combining Q
with the original input I, we get an image which emphasizes each
organ by

I =1xQ, (3)

where « is the element-wise product operator. We apply 1? ¢
RHXW to the input of stage-II, and the probability of stage-II then
becomes P@® = f(1); @),

In order to drive stage-II to focus on organ regions without
needing to deal with complicated non-local background, we define
a selection function, 1(P61) < p) where P(()l) = {pf’l])}iﬂm,.,xw is
the probability map provided by stage-I. In stage-II, we only accept
the region if plf’lo) > p and do not back-propagate it to stage-1. We
selected p = 0.98 in a conservative way in our experiments to keep
the possible foreground region as much as possible from the stage-
I so that the remaining boundary uncertainty can be dealt at the
stage-II and possible noise and inconsistency can be treated by the
following statistical fusion step. The value between 0.95 < p <0.98
did not sensitively affect to the final results. The loss function for
stage-II is formulated as

HxW |£|

PO W.b) = — [Z > 1(ply < p) 1t = l)logpﬁ)}. (4)

i=1 1=0

To jointly optimize stage-I and stage-II, we define a loss func-
tion aiming at estimating parameters ®(1), ®2), W, and b by op-
timizing

J=hMg0@") +h? 7@ W.b). (5)

where h(V) and h(® are the fusion weights. By experiments, a
stronger weight of the finer network, stage-II, than the coarse net-
work, stage-I, i.e. h(!) <h(?), showed better performance compared
to k) >k and h™ = 0.5 and h® = 1.5 were initially set empir-
ically and fixed during training.

2.2. Reverse connections

FCNs (Long et al., 2015) have shown good segmentation results
in recent studies, especially for single organ segmentation. How-
ever, for multi-organ segmentation, lower layers typically lack se-
mantic information, which may lead to inaccurate segmentation
particularly for smaller structures. Therefore, we propose reverse
connections which feed coarse-scale (high) layer information back-
ward to fine-scale (low) layer for semantic segmentation of multi-
scale structures, inspired by Kong et al. (2017). This enables us to
connect abstract high-level semantic information to the more de-
tailed lower layers so that all the target organs have similar levels
of details and abstract information at the same layer. The reverse
connections framework for stage-I is shown in Fig. 3. Fig. 4 illus-
trates a reverse connection block. Let R, denote the reverse con-
nection map of the nth convolutional layer in the backbone net-
work, i.e. FCN in this study, where C, is the output of the nth con-
volutional layer. A convolutional layer (with 512 channels by 3 x 3
kernels) is added after C;, and a deconvolutional layer (with 512
channels by 4 x4 kernels) is applied after R,.;. Ry is then ob-
tained via an element-wise summation of these two maps. R; is
the output of a convolutional layer (with 512 channels by 2 x 2 ker-
nels) grafted onto C;. Let w" denote the corresponding weights for
obtaining R;. Following Kong et al. (2017), we add reverse connec-
tions from C4 to C;.

With these learnable reverse connections, the semantic infor-
mation of the lower layers can be enriched. In order to drive
learned reverse connection maps to produce segmentation results
approaching the ground-truth, we make each reverse connection
map associate with a classifier. As the side-output layers proposed
in Kong et al. (2017) are designed for detection purposes, they are
not suitable for our task. Instead we follow the side-outputs used
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Fig. 3. The reverse connections architecture of OAN stage-1. The network has reverse connections to the output of convolutional layers. In the training step, both backbone
network and reverse connection side-outputs are supervised by the ground-truth. Finally, all reverse connection side-outputs and the output of backbone network are fused

and made to approach ground-truth.

Rn+1

Fig. 4. A reverse connection block.

in Xie and Tu (2015). More specifically, a convolutional layer (with
|£]| channels by 1 x 1 kernels) is added on top of R,, whose output
is denoted as V;, and followed by a deconvolutional layer (with |Z|
channels), and each side-output layer is supervised by the ground-
truth as shown in Fig. 3. This side-output layer also brings differ-
ences from the original deep supervision approach (Wang et al.,
2015) by allowing additional convolution between different level
of side-output layers which makes multi-scale fusion of the layers.
We denote the weights of the nth side-output layer by 6". There-
fore, the loss function for side-output layers 71 is defined as

7
j(s,l)(@)(l)’ w, 0) _ Z hr(IS.l)er(ISJ)((;)(1)y wh, 0">’ (6)

n=4

where ¢V = 1o [Zf’:xlw Y1 =1) logpl.(j’”] and pi5" is

the probability output of the nth side-output layer. Each h,(f‘” was
set as 0.5 and fixed during training.

In order to combine the learned reverse connection maps of
fine layers and coarse layers, we add up the predictions (i.e., V)
of the reverse connection maps from high layer to low layer gradu-
ally. First, Vg is fused with a 2 x upsampling of V; by an element-
wisely addition. Then we follow the same strategy and gradually
merge Vs and Vg4, as shown in Fig. 5. To obtain a fused activation

both side-outputs (i.e., A1) and convolutional layers in the back-
bone network (i.e., A1), a scale function is adopted followed by
an element-wise addition by

AU Z pSDASD 4 pODACD [0 |z] ™)

where A, indicates the Ith channel of the activation map. h,(“) and

hl(b'l) are fusion weights, and we set hl(“) =0.75 and hl(b'l) =0.15
for each Ith channel of the activation map and updated them
by gradient descent during training. Then the fused probability

map, PUD = {pY"V}_;  y.wico.. |z can be obtained by p» =

a(ai({‘”). The final objective function for stage-I is defined by
JD @M W, ) =D 70D @)
+hED 76D (@1 W, 0) + hI D gUD (@1 w. 6), (8)
where h®1), hs1) and h¢1) are fusion weights, and

HxW |£]

> Y 1t =Dhlogp V| (9)

i=1 j=0

1
HxW

JEY OV, w,0) = —

Note that in our full system with the two-stage organ-attention
network and reverse connections, all the parameters are optimized
simultaneously by standard back-propagation
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Fig. 5. Feature fusion strategy. A deep-to-shallow refinement is adopted for multi-scale side-output features. The final activation map (AU)) for stage-I is an element-wise
addition of the side-output activation map (A®!) and the backbone network activation map (A1),

©" . w.0.6” W.b)
=argmin{h® 7D (@O w,0) + k@72 (@O? W,b)}. (10)

Algorithm 1 shows a step-by-step forward pass iteration of our
OAN-RC.

Algorithm 1 One forward pass iteration of the organ attention
network with reverse connections
Input: initialize network parameters, @1, @@ w, W, 0 ran-
domly
input training slice I and its label map T .
Output: updated network parameters, @), @2, w, W, 6, b.
: Obtain P(M) by the forward pass PV = f(I, @), w, 9)
: Compute the organ-attention map Q by Eq.2
: Calculate the input to stage-I1 I by Eq.3
: Obtain P® by the forward pass P@® = f(I1?); @®)
: Update parameters @), @@, w, W, 0, b by standard back-
propagation, Eq. 10

s W N =

2.3. Testing phase

In the testing stage, given a slice I, we obtain the stage-I and
stage-II probability map by

PO = f: 0", w, 8)
PO — f1. 07 W, b), (1)

where f(-, -) is the network functions defined in Section 2.1. A
fused probability map of P(1) and P(?) is then given by

P=PD 1P > p) + PP o 1(P{" < p). (12)

The final label map S={s;};_;
arg mine. py .-

Hxw IS determined by s;=

3. Statistical label fusion based on local structural similarity

As described in Section 1, our OAN-RC is based on 2D images
which is an extreme case of 3D anisotropic patches. In this sec-
tion, we propose to fuse anisotropic information obtained from dif-
ferent viewing directions using isotropic 3D local patches to esti-
mate the final segmentation. Let us denote the segmentation re-
sults by S/, (j=1,...,M=3), which are obtained as described in

Section 2.3 from the axial (Z), sagittal (X), and coronal (Y) OAN-
RCs. Depending on the viewing directions, sectional images con-
tain different structures and may have different texture patterns
in the same organs. These differences can cause nonidentical seg-
mentations by the deep network as shown in Fig. 6 in 3D. In
addition, there is no guarantee of connectivity between neighbor
slices by independent use of slices for training and testing. Possi-
ble naive approaches for determining the final segmentation in 3D
from the OAN-RC results can be boolean operations such as union
or intersection. Majority voting (MV) is another candidate for effi-
cient fusion, however, theses approaches assume the same global
weights of OAN-RC results. From the observations that the perfor-
mance level of segmentation, e.g. sensitivity, can be different from
viewing directions for each organ, we set the performance level
to be an unknown variable when computing the probability of la-
beling. This concept is similar to the label fusion algorithms using
expectation-maximization (EM) framework such as STAPLE (simul-
taneous truth and performance level estimation) and its extensions
(Warfield et al., 2004; Asman and Landman, 2012; 2013).

Let us denote the true label of the V by T, which is un-
known, and the unknown performance level parameter of seg-
mentation by 0. The segmentations from the deep networks S =
{S/]j=1.....M} are observed values. Under this condition, the
basic EM framework is performed by following two steps in an it-
erative manner: (1) to compute Q%(6|0®)) = Er[InL(0[S,T)|S, 6]
which is the expected value of the log likelihood, InL(6|S,T) =
InP(S,T|6), under the current estimate of the parameters 6% at
kth iteration, and (2) to find the parameter #*+1) which maxi-
mizes Q%(0]6)).

The maximization step can be written as

&+ — arg mé‘:leT[ln P(S.T|6)]S.6%]

= argmax Fy [InP(SIT.0)P(T)|S, 6% ]

= argmax ZT: In{P(S|T, 0)P(T)}P(T|S, 8 %))

arg m@axz {InP(S|T,0) + InP(T)}P(T|S, 8 ®). (13)
T

By assuming independence between T and € in our problem, the
second term X,ln P(T)P(TS, 8K)) in Eq. (13) becomes free of # and
the maximization step can be written as

Okt — arg m@axz InP(S|T, 0)P(T|S, 6%))
T

= argmé‘:leT[lnP(S|T, 0)1S.6®]. (14)
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Fig. 6. An example of multi-planar reconstruction view of OAN-RC estimations.

Therefore, =~ we  redefine  Q%@1P%) as  Q(O|8W) =
Er[InP(S|T.0)[S,0®)].

The performance level parameter in this framework is a global
property representing the overall confidence of deep network seg-
mentation for the whole volume. However, it can also vary accord-
ing to the voxel spatial locations via the local and neighbor struc-
tures as we use 2D slices for the initial segmentation. Therefore,
we propose to combine local structural similarity shown from a
specific viewing direction to the original 3D volume and the global
performance level, conceptually similar to local weighted voting
(Sabuncu et al., 2010). We compute the probability of correspon-
dence between 2D images and the 3D volume by structural simi-

larity (SSIM) (Wang et al., 2004) by
o] = P(62(I)]e3 (Vi) = SSIM (62 (), £3(Vp))

(2’% iHHeam Cl) (2%2(1{5@3 w Cz) (15)

2 2 2 2
(“52(1{) TG T C1) (Gzza,i) To%hwt Cz)

where alj is the SSIM from the jth viewing direction at the ith
voxel. ¢; and ¢, are user-defined constants, and ¢,(I;) and ¢5(V;)
represent local 2D and 3D patches centered at the ith voxel, re-
spectively. i, and o, are the average and standard deviation of the
patch ¢, respectively, and O, (163 (V) is the covariance of ¢,(I;) and
¢3(V;). Fig. 7 shows an example of the structural similarity com-
puted on different viewing directions as a color map.

Considering the local image properties, the expectation of log
likelihood function in our problem becomes

Q(016™) = E[InP(S, 1T, V,6)[S,1,V,0®]
=Y InP(S.I|T.V.6)P(T|S.1.V.60W). (16)
T

The global underlying performance level parameters of the deep
network segmentations is defined as

Bjss=P(S =T =5.601))). (17)

js's

where 0 is the probability of the voxel labeled as s’ from the jth
deep network with the current estimated performance value oW

s's’
when the true label is s. !
To make the problem simple, we assume conditional indepen-
dence between labeling and the original volume intensities. The la-
beling probability with the target image intensity then becomes

P(S! =5 ()T =s.£3(V;). 01))

* Y js's
=P(S] =5'Ti=5,0))P(2 (1) |e3(V))
= 0jgs0t]. (18)
3.1. E-step

In the expectation step (E-step), we estimate the probability of
voxelwise labels. Let us denote the probability that the true label
of ith voxel is s € £ at the kth iteration by a)s(lk) When the deep
network segmentations S and performance level parameters at the
kth iteration @) are given, a)g‘) can be then described as

P(T;=s|S.1.V.6®) = 0, (19)

where 6 e RN<I£IXI£] s the vector of all (645)T. From the inde-
pendence between SX,SY, and S%, we apply Bayesian theorem to

Eq. (19).
w0 _  PT=9T]P(S] =5 20D Ti =5 64, 6/")
T NPT =n)[]P(S! =5, )T =n,e3%), 6°)
(20)

where P(T; =s) is a priori of the i voxel. By applying Eq. (18) to
Eqg. (20), we then obtain the probability of voxelwise labeling as

— (k) \,J
ot — _PT =91 Ojosti . 1)
TP =) [T; 00

js'n~i




Y. Wang, Y. Zhou and W. Shen et al./Medical Image Analysis 55 (2019) 88-102 95

Axial view 5

o

Sagittal
(P)

Coronal

("

agittal view
- & )

aae 0.9

Fig. 7. The local structural similarity map between 2D slices and the 3D volume. Each row is captured from the same similarity map computed on one viewing direction.
Each column shows the captures images at the same location computed from different viewing directions. (For interpretation of the references to colour in this figure legend,

the reader is referred to the web version of this article.)

3.2. M-step

In the maximization step (M-step), the goal is to find the per-
formance parameters, @, which maximize Eq. (16) with the current
given parameters. Considering each S’ and 6; independently, the
expectation of log likelihood function in Eq. (16) can be expressed
with the estimated voxelwise probability in E-step. Then the per-
formance parameter of each segmentation can be formulated to
find the solution which maximizes the summation of voxelwise
probability as

(k+1) _ 1Y (0.1
0, = argrrb?xQ(9]|0j )= argmo?xZQ,(G]wj ). (22)
1
where Q; = E[InP(S;, £, (I)|T;. £3(V;), 0®)|S, 1,V,0W] at ith voxel.
By applying Eq. (19) and Eq. (18), Eq. (22) becomes
9].("“) = argmeaxZZP(Ti =s|S,1,V,0%)
TS

< InP(S], & ()|T; =5, £3(V;), 6/°)
= arg max Yo > @P InP(S], ()T =5, 65(V), 0()
J i s
=argmaxy_ Y > ol
oy iisi=s’ S
xInP(S! =5, () [T =5, ¢3(Vp), 0{)
(k) j
= arg rr};?xz > Y o’ Inbiga). (23)

s isl=g S

From the definition of 6 in Eq. (17), the summation of probabil-
ity mass function, Y ¢ 91.(5'2, must be 1, and Eq. (22) becomes a con-

strained optimization problem which can be solved by introducing
a Lagrange multiplier, . We then obtain the optimal solution by
making the first gradient zero as

)

0=

Q(6; |9;’<>) +A) Oiss |- (24)

By applying the derivation of Q in Egs. (16), (22) and (23),
Eq. (24) becomes

o i
Yisi—y ws(i )O‘z!
0= —0—
ejs’s
k) o J
Z.. i LW o
(k+1) _ i:Sj=s"""si i
st/s —_ _—A" (25)
By substituting the constraint of ) ¢ 6](512 =1, we can obtain the
final optimal solution as
) J gy )
6<(k+1) _ Z:i:S]{=S’ O (26)
Js's (k)
Zi Wy

The two steps, Eqs. (21) and (26), are then computed alterna-
tively in the EM iterations until they converge. From the final val-
ues of Eq. (21), the final segmentation can be computed by graph-
based approaches such as Boykov et al. (2001).

3.3. Parallel computing using GPUs
The fusion step can be efficiently computed in a parallel way

on a GPU. The local structural similarity a,.f of ith voxel in jth deep
network and priori P(T;) can be computed for each voxel and saved
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Fig. 8. Box plots of the Dice-Serensen similarity coefficients of 13 structures to compare performance. As in typical box plots, the box represents the first quartile, median,
and the third quartile from the lower border, middle and the upper boarder, respectively, and the lower and the upper whiskers show the minimum and the maximum

values. (LSSF: local similarity-based statistical fusion.)

as a pre-processing step. In the EM iterations, as shown in Eq. (21),
the probability can be computed and updated for each structure
at each voxel. In our implementation, a GPU thread is logically
allocated for each voxel. However, to reduce the used memory
and computation cost, the target volume of interest (VOI) for each
structure s is computed in an extended region as § = 4 voxels for
each direction from V(UJ; S/ =) in our implementation. For par-
allel computing, one CPU thread is allocated to a structure and
launches a kernel of one GPU to compute EM iteration for each
structure.

4. Experimental results

We evaluated our methods on 236 abdominal CT images of nor-
mal cases under an IRB (institutional review board) approved pro-
tocol in Johns Hopkins Hospital as a part of the FELIX project for
pancreatic cancer research (Lugo-Fagundo et al., 2018). CT images
were obtained by Siemens Healthineers (Erlangen, Germany) SO-
MATOM Sensation and Definition CT scanners. CT scans are com-
posed of (319-1051) slices of (512 x 512) images, and have voxel
spatial resolution of ([0.523 — 0.977] x [0.523 — 0.977] x 0.5) mm?>.
All CT scans are contrast enhanced images and obtained in the por-
tal venous phase.

A total of 13 structures for each case were segmented by four
human annotators/raters, one case by one person, and confirmed
by an independent senior expert. The structures include the aorta,
colon, duodenum, gallbladder, interior vena cava (IVC), kidney (left,
right), liver, pancreas, small bowel, spleen, stomach, and large

veins. Vascular structures were segmented only outside of the or-
gans in order to make the structures exclusive to each other (i.e.
no overlaps).

As explained in Section 2, we used OAN-RCs for multi-organ
segmentation whose backbone FCNs had been pre-trained by Pas-
calVOC dataset (Everingham et al., 2015). From the possible variants
of FCNs (e.g., FCN-32s, FCN-16s, and FCN-8s), which depend on
how they combine the fine detailed predictions (Shelhamer et al.,
2017). FCN-32s upsample stride 32 predictions back to pixels in a
single step, FCN-16s combine predictions from both the final layer
and the 4th pooling layer, at stride 16, and FCN-8s combine addi-
tional predictions from the 3rd pooling layer, at stride 8. We se-
lected FCN-8s in this study because it captures very fine details
in the 3rd and 4th pooling layer, and keeps high-level semantic
contextual information from the final layer. Our algorithm was im-
plemented and tested on a workstation with Intel i7-6850K CPU,
NVidia TITAN X (PASCAL) GPU. With 236 cases, the initial segmen-
tations using OAN-RCs were tested by four-fold cross-validation. All
the input images of OAN-RCs are 1.5 times enlarged by upsampling,
which lead to improved performance in our experiments.

In the fusion step, the average probability of SX, SY, § are taken
as a priors in Eq. (21) and the initial performance levels 9;3; were

computed by randomly selecting 5 cases and by comparing them
to the ground-truth. To compute the local patch-based structural
similarity in Eq. (15), patches of (4.5 x 4.5 x 4.5)mm? size cubes
were used for 3D volume. Since CT voxels are not always isotropic
and spatial resolutions can be different between scan volumes, we
re-sampled the 3D patch with 0.5 mm length cubic voxels so that
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Table 1
Dice-Serensen similarity coefficient (DSC, %) of thirteen segmented organs (mean + standard deviation of 236
cases).
Structure 3D U-net HFCN FCN MV OAN MV OAN-RC MV OAN-RC LSSF
Aorta 870 +123 883 +88 85.0 + 4.2 85.5 + 4.2 85.3 + 41 91.8 + 35
Colon 77.0 £ 11.0 793 £92 80.3 £ 9.1 815+ 94 82.0 + 8.8 83.0 + 74
Duodenum 66.8 £128 703 +104 702 +113 726 +£ 114 734+ 111 754 £ 9.1
Gallbladder 854 +10.3 879+ 75 878 +£83 88.9 + 6.2 89.4 + 6.1 90.5 + 5.3
IVC 80.8 +£10.2 847 +59 84.0 + 6.0 85.6 + 5.8 86.0 + 5.5 87.0 +£ 4.2
Kidney(L) 839+224 952426 96.1 £ 2.0 96.2 £ 2.2 959 + 23 96.8 + 1.9
Kidney(R) 88.0 + 144 956 +45 95.8 + 4.9 95.9 + 49 96.0 + 2.5 984 + 2.1
Liver 914 £ 99 95.7 + 1.8 96.8 + 0.8 97.0 £ 0.9 97.0 +£ 0.8 98.0 + 0.7
Pancreas 79.3 £ 11.7 814 +£ 108 843 +49 86.2 + 4.5 86.6 + 4.3 87.8 + 3.1
Small bowel 69.9 + 17.3 711 +£150 769+140 78.0+138 79.0+ 134 80.1 + 10.2
Spleen 89.6 + 9.5 931+ 21 96.3 + 1.9 96.4 + 1.9 96.4 + 1.7 971 + 15
Stomach 90.1 + 7.2 932 +54 939 + 3.2 942 +29 942 + 3.0 95.2 + 2.6
Veins 60.7 £23.7 745+ 105 748 £10.7 76.8 £ 112 774 + 121 80.7 £ 93

The highest DSC for each structure is highlighted as bold.

Table 2

Average surface distances of thirteen segmented organs for all 236 cases (mean + standard deviation of aver-

age surface distances in mm).

Structure 3D U-net HFCN FCN MV OAN MV OAN-RC MV OAN-RC LSSF
Aorta 0.44 + 1.01 042 £ 058  0.56 +0.47 0.47 £ 0.42 0.44 £ 028  0.39 + 0.21
Colon 6.75 + 9.01 6,35 + 8.12 6.27 £ 744 565+ 7.25 4.07 £5.72  3.59 + 417
Duodenum 2.01 + 2.46 170 £ 218 171 £ 2.25 149 + 1.87 154 + 143 1.36 + 1.31
Gallbladder 1.31 £ 0.76 1.21 +£ 0.50 122 £0.52 112 + 0.50 1.05 + 0.41 0.95 + 0.37
\e 1.57 + 1.53 115 + 1.05 1.26 + 1.08 116 + 1.38 112 + 1.24 1.08 + 1.03
Kidney(L) 0.77 £+ 1.04 041 £ 042 036 +047 034 + 047 030 +£033  0.30 + 0.30
Kidney(R) 1.39 £ 2.01 1.03 + 1.68 1.05 £ 1.74 0.74 + 1.32 0.54 + 1.09 045 + 0.89
Liver 1.89 £ 3.21 160+ 0 1.61 + 2.98 1.39 + 2.64 132 + 1.74 1.23 + 1.52
Pancreas 178 £ 1.05 1.51 + 0.80 141 + 0.88 119 + 0.82 117 £ 0.72 1.05 + 0.65
Small bowel 421 +£5.78  4.01 + 6.01 391 £6.05 3.20 £+ 4.05 337 +£548 3.01 +£3.35
Spleen 098 +£056 059+037 060+036 056+040 047 £027 042 +0.25
Stomach 278 £589 250+5.02 251+513 2.36 + 5.65 1.88 + 1.64 1.68 + 1.55
Veins 2.31 + 4.51 1.75 £ 3.51 1.69 + 3.61 192 + 6.48 140 + 3.61 1.21 £+ 3.05

The highest DSC for each structure is highlighted as bold.

the same size of (9 x 9 x 9) 3D patches and (9 x 9) 2D patches from
all directions can be used for all cases in our experiments.

The final segmentation results using OAN-RC with local
structural similarity-based statistical fusion (LSSF) were com-
pared with the 3D-patch based state-of-the-art approaches,
3D Unet(Cicek et al, 2016) and hierarchical 3D FCN (HFCN)
(Roth et al., 2018) as well as 2D-based FCN, OAN and OAN-RC with
majority voting (MV). For a quantitative comparison, we computed
the well-known Dice-Serensen similarity coefficient (DSC) and the
surface distances based on the manual annotations as ground-
truth. For a structure s, DSC is computed as % where S
is the estimated segmentation and T is the ground-truth, i.e. man-
ual annotations in this study. The surface distance was computed
from each vertex of the ground-truth and to the estimates of our
algorithms. Fig. 8 shows comparison results by box plots, while
Tables 1 and 2 represent the mean and standard deviations for all
the 236 cases.

As shown in Fig. 8, the basic OAN-RC outperforms other state-
of-the-art approaches and our local structural similarity-based fu-
sion improves the results even more. We note that although DSC
shows the relative overall volume similarity, it does not quantify
the boundary smoothness or the boundary noise of the results. But
evaluating the surface distances, see below, shows that our method
works effectively for both the whole volumes and the boundaries
of the organs.

Tables 1 and 2 represent the mean and standard deviations
of performance measures for 13 critical organs. Similar to the
box plots, they show that our OAN-RCs with statistical fusion
improves the overall mean performance and also reduces the
standard deviations significantly. Fig. 9 shows an example gen-
erated by our proposed OAN-RC with LSSF, which is visually in-

distinguishable from manual segmentation for almost all target
structures.

The OAN-RC training and testing can be computed in parallel
for each view direction. In our experiments, the training took 40
hours for 120,000 iterations for 177 training cases and the aver-
age testing time for each volume was 76.73 s. The fusion time
depended on the volume of the target structure, and the average
computation time for 13 organs was 6.87s.

5. Discussion

Multi-organ segmentation using OAN-RCs alone, without the
statistical fusion, gave similar or better performance compared
with the state-of-the-art approaches as shown in Tables 1 and 2.
Comparisons to non-deep network based algorithms can be found
in Karasawa et al. (2017). Table 3 shows a statistical test results in
terms of p-values for difference between different networks struc-
tures, denoted as ®, and our OAN-RC, represented as ®*. A rank-
ing test introduced by a difference zone § € R is proper to test
DSCg+ > DSCq, which equals do = DSCg+ — DSCq > 6(8 > 0). We
tested the null hypothesis as d = § versus the alternative hypothe-
sis d > 6. Based on § = 0.1%, the test result shows p <0.001 in most
of the cases which explains that OAN-RC is superior to state-of-
the-art methods including our OAN without reverse connection in
terms of DSC. Among target organs, our performance on structures
such as gallbladder and pancreas, whose sizes are relatively small
and have particularly weak boundaries improves significantly from
using basic FCNs or using OANs without reverse connections.

Moreover, as shown in Section 4, our statistical fusion based on
local structural similarity improves the overall segmentation ac-
curacies in terms of both DSC and average surface distances. In
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Fig. 9. 3D photo-realistic volume rendering (Kores et al., 2012) of the ground-truth (left) and the results from OAN-RC with statistical fusion (right). The aorta, duodenum,
IVC, liver, kidneys, pancreas, duodenum, spleen, and stomach are rendered. The difference between our results and the ground-truth are almost visually indistinguishable. The
rib and spine bones are also rendered as a reference frame to show the spatial location and relationship of the internal organs for the qualitative comparison. To differentiate
adjacent organs and from manual segmentation, different color setting were applied to the our methods results. (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article.)

Table 3

Statistical difference test between OAN-RC with majority voting (MV) and
the following approaches. p-values are reported. The bold values rep-
resent the test result of —dg = DSCq — DSCq- =0 for the cases with
DSCg > DSCo.

Structure 3D U-net  HFCN FCN MV OAN-RC MV(®*)
Aorta 0.1825 0.0139 0.1792 0.1061
Colon <0.0001 <0.0001 <0.0001 0.0528
Duodenum <0.0001 <0.0001 <0.0001 <0.0001
Gallbladder <0.0001 0.0002 0.0002 0.0027
IVC <0.0001 0.0001 <0.0001 0.0002
Kidney (L) <0.0001 0.2045 0.4967 0.0025
Kidney (R) <0.0001 0.2143 0.3134 0.4255
Liver <0.0001 <0.0001 0.0002 0.174
Pancreas <0.0001 <0.0001 <0.0001 0.0381
Small bowel <0.0001 <0.0001 0.0024 0.0001
Spleen <0.0001 <0.0001 0.4107 0.3974
Stomach <0.0001 0.0002 0.0031 0.3027
Veins <0.0001 <0.0001 <0.0001 <0.0001

particular, there are significant performance improvements for the
minimum values as shown in Fig. 8, which helps explain the ro-
bustness of the algorithm.

The differences can be depicted more clearly by visualizing the
3D surfaces as shown in Figs. 10 and 11. The noise of the deep
network segmentations is distributed over large regions, without
much connectivity, and occasionally they show significantly dif-
ferent patterns. But our fusion step exploits structural similarity
which outputs clean and smooth boundaries by effectively combin-
ing different information based on the local structure of the origi-
nal 3D volume.

Table 4 summarizes the number of network parameters used
in the experiment and average computation time in seconds per a
test case. Note that the time of FCN, OAN, and OAN-RC is for all
three directions, which can be parallelized into 3 threads. Table 5
shows three types of additional experiments between the FCN and
a wider FCN, FCN LSSF, and comparison of three fusion approaches
including MV, STAPLE, and LSSF. The number of parameters of the
wider FCN was 269M, which is almost double of the number of pa-
rameters of the FCN and similar to the OAN’s. However, as shown
in Table 5, the performance was similar to or slightly lower than
the FCN. This shows our architecture is effectively designed for
multi-organ segmentation not only by increasing number of pa-
rameters.

When applying our proposed method and interpreting the eval-
uation results, we must address several considerations. As shown
in our experiments, our proposed algorithm also outperforms 3D
patch based approaches. But 3D (isotropic) patch-based approaches
have several issues which make it hard to apply to this prob-
lem. To make bigger patch size, they require more parameters and
hence require more training data or, if this is not available, signif-
icant data augmentation (e.g., by scaling, rotation, and elastic de-
formation). In addition, there can be practical memory limitation
on GPUs which restricts the expandable patch size. The limited
patch size means that the deep networks receptive field sizes con-
tains only limited local information which is problematic for multi-
organ segmentation and the discontinuities between the patches
also raises problems. It is possible that solutions to these three
problems may make 3D patch based methods work better in the
future. Unlike 3D approaches, the local structure-similarity used
in our fusion method effectively combine the information from
anisotropic patches to 3D at each voxel.

The ground-truth used in this study for training and evalua-
tion was specified using manual annotations by human observers.
It is well known that there can be significant inter-/intra-observer
variations in manual segmentation. But, as explained before, the
ground-truth was created by four human observers and checked by
experts in a visual way, and we randomly divided testing groups in
our 4-fold cross-validation to avoid biased comparison. However,
it is still possible that inaccuracies due to human variability may
affect the evaluation as well as the training. This can be further
intensively explored as separate experiments.

Another possible consideration when applying the proposed ap-
proach is the image quality which can affect both of manual an-
notations and deep network segmentation results. Various factors
such as spatial resolution, level of artifacts and reconstruction ker-
nels should be considered. The dataset used in this study has been
collected in the same institute with control over the scanning pa-
rameters. CT images used in this study is scanned from 2005 to
2009 from adult kidney donors to guarantee that the cases are
pathologically proven as normal. Two different types of machines
were used in this study and 4 different parameters of reconstruc-
tion kernels were used. As explained in Section 4, the CT proto-
col is the portal venous phase and the spatial resolution is almost
isotropic. But different scanning parameters and artifacts may af-
fect our algorithms performance when applied to other datasets.
Proper data collection with various scanning parameters and with
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S¥ (Coronal)
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(a) Liver (upper) and Pancreas (lower)

SX (Sagittal) SY (Coronal) SZ (Axial)
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(b) Pancreas (Upper) and Duodenum (lower)

Fig. 10. Effects of local structural similarity-based statistical fusion (LSSF) for estimating 3D surfaces. From left to right, the manual segmentation (ground-truth), initial
segmentations from OAN-RCs with X, Y, Z slices, and the results of our proposed algorithm with statistical fusion. (a) When S*, SY, and S show similar result, statistical
fusion produces smoother and less-noisy boundaries. (b) Surface estimation examples when initial OAN-RCs give differing results. But our approach effectively fuses the

information, exploiting the local structural similarity.

Table 4

Number of parameters between different networks.
Structure 3D U-net  HFCN FCN OAN OAN-RC
No. parameters 19M 38M 134M 269M 313M

Average computation time(s)/case 1012

1105 146 213 230

enough distribution of samples including multi-cohorts is another
issue to apply this approach to clinical environment.

The same issues about manual segmentations and image quali-
ties can be raised in general segmentation and evaluations. Specif-
ically for our proposed approach, especially in the fusion step, the
way of computing priori, P(T), used in Eq. (21) can in practice affect
the final segmentation. But considering that the deep network seg-
mentation results from different viewing-directions are indepen-
dently obtained, the mean can be accepted in general. However,
if the deep network segmentations show clear tendencies toward
over-estimation or under-estimation, then different types of mod-

els for priors may need to be used in order to improve the final
result for practical applications.

One of the main advantages of our algorithm is the efficient
computation time. Table 4 shows the comparison of number of pa-
rameters and computation time between different deep network
architectures. Considering the computation for three directions can
be parallelized, the segmentation of 13 organs of the whole volume
takes similar to or less than 1.5 minute with better performance
reported than the state-of-the-art methods (Karasawa et al., 2017).
Hence our approach can be practically useful in clinical environ-
ments.
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FCN MV

Manual (ground truth)

OAN-RCMV OAN-RC LSSF

(b)

Fig. 11. Examples of FCN, OAN, OAN-RC, and OAN-RC. The manual segmentation (ground-truth), FCN MV, OAN MV, OAN-RC MV, OAN-RC LSFF (from left to right). (a)
Pancreas: DSC(%) and surface distances (mean+ standard deviation in mm) to the ground-truth are 72.5 and 2.13+1.74 (FCN MV), 77.2 and 1.90+1.77 (OAN MV), 82.4
and 1.33 +1.31 (OAN-RC MV), and 85.5 and 0.71 £0.81 (OAN-RC LSSF), respectively. (b) Stomach: DSC(%) and surface distances (mean# standard deviation in mm) to the
ground-truth are 92.5 and 2.44 +1.27 (FCN MV), 93.6 and 1.63 & 1.14 (OAN MV), 94.9 and 2.25 +1.30 (OAN-RC MV), and 97.1 and 1.26 4 0.88 (OAN-RC LSSF), respectively.

Table 5

Comparison of different FCN variants and fusion algorithms. DSC for thirteen segmented organs are presented.

Structure FCNs and fusion OAN-RC fusion
FCN MV Wider FCN MV FCN LSSF OAN-RC MV OAN-RC STAPLE OAN-RC LSSF

Aorta 85.0 +£ 4.2 854 + 44 909 + 35 853 + 4.1 88.2 + 3.8 91.8 + 3.5
Colon 80.3 + 9.1 80.0 £ 9.5 815 + 8.5 82.0 + 8.8 82.2 +£8.2 83.0 + 74
Duodenum 70.2 +£ 11.3 69.3 + 11.7 726 £99 734 £ 111 74.0 + 10.5 754 + 9.1
Gallbladder 87.8 £ 8.3 872 +£ 9.6 884 +73 89.4 + 6.1 89.6 + 6.0 90.5 + 5.3
\/e 84.0 +£ 6.0 833 +6.3 851 £ 54 86.0 £ 5.5 86.2 +£ 5.0 870 £ 42
Kidney(L) 96.1 £ 2.0 959 + 1.9 969 + 19 959 + 23 96.2 £ 2.2 96.8 + 1.9
Kidney(R) 95.8 +£ 49 959 + 24 979 + 0.8 96.0 +£ 2.5 979 +£23 984 + 2.1
Liver 96.8 + 0.8 96.8 + 0.9 97.8 £ 0.8 97.0 £ 0.8 97.8 £ 0.7 98.0 + 0.7
Pancreas 843 + 49 83.7 £ 5.1 851 +£ 3.5 86.6 + 4.3 87.0 £ 4.0 87.8 £ 3.1
Small bowel 769 + 140 759 + 15.6 778 £125 79.0 £ 134 792 +£ 124 80.1 + 10.2
Spleen 963 + 1.9 96.1 + 2.8 97.0 + 1.6 964 + 1.7 969 + 1.5 971 £ 15
Stomach 939 + 3.2 93.6 + 3.6 945 + 2.6 94.2 + 3.0 94.7 £ 2.9 952 + 2.6
Veins 74.8 £ 10.7 72.0 £ 17.8 771 + 10.1 774 + 121 789 + 10.8 80.7 £ 9.3

The highest DSC for each structure is highlighted as bold.

6. Conclusion

In this paper, we proposed a novel framework for multi-
organ segmentation using OAN-RCs with statistical fusion exploit-
ing structural similarity. Our two-stage organ-attention network
reduces uncertainties at weak boundaries, focuses attention on or-
gan regions with simple context, and adjusts FCN error by training
the combination of original images and OAMs. Reverse connections
deliver abstract level semantic information to lower layers so that
hidden layers can be assisted to contain more semantic informa-
tion and give good results even for small organs. The results are
improved by the statistical fusion, based on local structural simi-
larity, which smooths our noise and removes biases leading to bet-
ter overall segmentation performance in terms of DSC and surface
distances. We showed that our performance is better than previous
state of the art algorithms. Our framework is not specific to any

particular body region, but gives high quality and robust results for
abdominal CTs, which are typically challenging regions due to their
low contrast, large intra-/inter-variations, and different scales. In
addition, the efficient computational time of our algorithm makes
our approach practical for clinical environments such as CAD, CAS
or RT.
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Appendix A. The full architecture of the 2-stage network
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Fig. A1. The full operation chart of the 2-stage OAN-RC.
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