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Abstract. Atlas selection and label fusion are two major challenges in
multi-atlas segmentation. In this paper, we propose a novel deep fusion
net for better solving these challenges. Deep fusion net is a deep architecture by concatenating a feature extraction subnet and a non-local patchbased label fusion (NL-PLF) subnet in a single network. This network
is trained end-to-end for automatically learning deep features achieving
optimal performance in a NL-PLF framework. The learned deep features
are further utilized in defining a similarity measure for atlas selection.
Experimental results on Cardiac MR images for left ventricular segmentation demonstrate that our approach is effective both in atlas selection
and multi-atlas label fusion, and achieves state of the art in performance.
Keywords: Multi-atlas segmentation, deep fusion net, feature learning,
atlas selection, end-to-end training, left ventricular segmentation.
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Introduction

Multi-atlas segmentation (MAS) aims at segmenting anatomical structures or
tissues from a target image by fusing the ground-truth segmentation labels of
multiple atlases [6]. It has been one of the most popular methodologies over the
past decade. In MAS, atlas images are warped to the target image by registration, and then corresponding warped atlas labels are combined to produce an
estimated segmentation of the target image, i.e., target label.
Atlas selection and label fusion are two major steps in multi-atlas segmentation. Atlas selection is to select a few most relevant atlases for a target image, so
as to raise computational efficiency or improve final segmentation accuracy. It
relies on a ranking of atlases, and several similarity measures between atlas and
target image have been proposed [4], [9]. Label fusion is to predict the target label
by fusing the warped atlas labels, and a key problem is the accurate computation
of fusion weights for atlas pixels or patches. Non-local patch-based label fusion
(NL-PLF) approach [1, 2] has been the state of the art in MAS, which uses all
the patches in a search region around a pixel of interest for label fusion. Besides,
[1], [5] extract hand-crafted features to compute the fusion weights, while [11]
utilizes dictionary learning for label fusion.
In this work, we propose a novel deep architecture for multi-atlas segmentation, dubbed deep fusion net, which comprises a feature extraction subnet for feature extraction, and a non-local patch-based label fusion subnet for label fusion.
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Deep fusion net can be interpreted as a deep architecture for feature learning
in NL-PLF framework. Compared to NL-PLF methods using features extracted
by handcraft or unsupervised learning, we discriminatively learn optimal deep
features for label fusion by concatenating feature extraction and NL-PLF in a
single network structure. Moreover, we apply the extracted features to define an
atlas distance for atlas selection, shown to be effective in experimental section.
We test our method on a cardiac MR image set provided by Cardiac Atlas Project in MICCAI 2013 SATA Segmentation Challenge 1 . The data were
collected from patients with coronary artery diseases and regional wall motion
abnormalities due to prior myocardial infarction. The experiments demonstrate
that deep fusion net can effectively select well-aligned atlases and accurately
fuse atlas labels. Compared to the traditional methods, our proposed method
achieves state of the art in Dice metric for left ventricular segmentation.
Deep learning has been applied to multi-atlas organ segmentation [3], [8].
These methods commonly learn a classification net as a pixel-wise or segmentwise label predictor. Contrary to them, our net is a label fusion net relying
on the registration of atlas to target image. We learn deep features to compute
optimal fusion weights for fusing the warped atlas labels provided by registration.
This reduces the ambiguities in classification purely based on local patches. The
advantage of fusion net compared to a classification net is shown in section 3.2.
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Fig. 1. The architecture of deep fusion net. A target image T and its warped atlas
images Xi are first fed into a feature extraction subnet to extract deep features. These
features and atlas labels are then sent to a non-local patch-based label fusion subnet
(NL-PLF subnet) for generating the estimated label of target image, i.e., target label.
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Method: Deep Fusion Net

As shown in Fig. 1, deep fusion net (DFN) for multi-atlas segmentation is defined
as a feature extraction subnet, followed by a non-local patch-based label fusion
subnet (NL-PLF subnet). The first subnet is responsible for extracting dense
features from target and atlas images, and the second one aims at fusing the
warped atlas labels using these extracted features. Given a target image T , we
1
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register multiple atlases to T , and the warped atlas image and label pairs are
K
denoted as {Xi , L(Xi )}K
i=1 . First, target image T and atlas images {Xi }i=1 are
fed into feature extraction subnet to output their per-pixel features F (T ) and
{F (Xi )}K
i=1 . Then, these features and atlas labels are fed into NL-PLF subnet to
generate target label. The network parameters are learned by end-to-end training
based on a loss defined between network output and ground-truth target label.
2.1

Feature Extraction Subnet

The feature extraction subnet extracts deep features from images. All the target
images and warped atlas images share the same feature extraction subnet. As
shown in Fig. 1, the subnet consists of multiple repetitions of convolutional layer
with ReLU activation function, and a final layer for response normalization.
Convolutional layer [7] convolves input feature using a set of learnable fil0
k
wf ×wf ×D
ters {W k }D
is a third-order tensor. Given
k=1 , and each filter W ∈ R
l−1
M ×N ×D
an input feature G (X) ∈ R
of image X, this layer outputs feature
0
Gl (X) ∈ R(M −wf +1)×(N −wf +1)×D at layer l. Rectified linear unit (ReLU) function is defined as ϕ(x) = max(0, x).
Response normalization layer (RNL) [7] normalizes feature for robustly computing feature distance in NL-PLF subnet. Given an input feature G(X) for
image X with element
gm,n,d , the normalized feature
is F (X) with element:

γ
Pmin(D−1,d+β/2)
2
fm,n,d = gm,n,d / κ + α i=max(0,d−β/2) (gm,n,i )
, where D is the size of the
third dimension of G(X). As in [7], κ, α, β and γ are set to 2, 10−4 , 5 and 0.75.
2.2

Non-Local Patch-Based Label Fusion Subnet

This subnet is a deep architecture implementing non-local patch-based label
fusion scheme on top of feature extraction subnet. As shown in Fig.1, our NLPLF subnet consists of shift layer, distance layer, weight layer and voting layer,
and outputs the estimated label of target image.
Figure 2(a) shows the idea of non-local patch-based label fusion scheme. For
each pixel p in a target image T , all the atlas labels in non-local search window
around p in the warped atlases {Xi }K
i=1 are fused to estimate the target pixel
label. In deep fusion net, fusion weights are computed using the deep features
extracted by the feature extraction subnet. Specifically, the fusion weight of pixel
q in atlas Xi for predicting the label of pixel p in target T is computed by
exp(−||Fp (T ; Θ) − Fq (Xi ; Θ)||2 )
,
wi,p,q (Θ) = P P
2
j
q∈Np exp(−||Fp (T ; Θ) − Fq (Xj ; Θ)|| )

(1)

where Θ is the network parameters, i.e., filters and biases, in feature extraction
subnet. Fp (T ; Θ) is the extracted feature vector of image T at pixel p, Np is a
search window around p. Hence, the estimated label of p in target image T is
X X
L̂p (T ; Θ) =
wi,p,q (Θ)Lq (Xi ),
(2)
i

q∈Np
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Fig. 2. Illustration of non-local patch-based label fusion and shift operation.

where Lq (Xi ) is the label of Xi at pixel q.
We expect that the estimated label of T using Eqn. (2) should be close to
the ground-truth label L(T ). Therefore, we define a loss layer:
1
2
L̂(T ; Θ) − L(T ) ,
(3)
P
where P is the number of pixels in L(T ). Our task in network training is to
minimize this loss function on a training set w.r.t. the network parameters Θ
using back-propagation. We next omit Θ for brevity.
Directly computing fusion weights using Eqn.(1) is fairly complex in gradient
computation, because it is highly non-linear and depends on the pairwise feature
distances in search windows. Hence, we decompose this complex operation into
successive simple operations modeled as shift layer, distance layer and weight
layer. Each operation and the gradient of its output w.r.t input can be efficiently
computed using GPU in network training.
Figure 2 shows our motivation for this decomposition. We observe that, the
feature distance of pixel p in T and q in Xi shown in Fig. 2(a) equals to the
per-pixel feature distance at p between T and the shifted Xi in direction α =
p − q shown in Fig. 2(b). Suppose that the search window width is 2t + 1.
To compute Eqn.(1), we first shift each feature map of Xi in each direction
α ∈ Rnl = (u, v) ∈ Z2 | − t ≤ u, v ≤ t using a shift layer, then compute the
pixel-wise feature distance using a distance layer, and finally transform these
distances into voting weights using a weight layer.
E(L̂(T ; Θ), L(T )) =

Shift Layer. It spatially shifts the feature or label of an atlas. For feature
F (Xi ) ∈ RM ×N ×D of atlas Xi , this layer generates (2t + 1) × (2t + 1) spatially
shifted features along each direction α ∈ Rnl . Due to the boundary effect, we
remove the 
boundary and only retain features of pixel within the spatially valid
set: Rval = (m, n) ∈ Z2 |t < m ≤ M − t, t < n ≤ N − t . The shift operation in
direction α is denoted as S α , and cropping operation is denoted as C. They are
linear operations, therefore gradients can be easily derived for network training.
Distance Layer. It computes feature distance of each shifted feature S α (F (Xi ))
of atlas Xi and the target’s feature F (T ) at each pixel p within Rval :
Dpα (T, Xi ) = [C(S α (F (Xi )))]p − [C(F (T ))]p

2

.

(4)
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where [·]p denotes the value, i.e., feature vector, at a pixel p.
Weight Layer. It maps the feature distances to fusion weights using a softmax operation. The fusion weight of pixel q (q = p − α, α ∈ Rnl ) in atlas Xi for
predicting the label of pixel p in target T can be written as
α

e−Dp (T,Xi )
wi,p,q = wpα (Xi ) = P P
.
−Dpα (T,Xj )
j
α∈Rnl e
Voting Layer. It estimates the label of the target image T at pixel p as:
X X
L̂p (T ) =
wpα (Xi )[C(S α (L(Xi )))]p , p ∈ Rval .
i

(5)

(6)

α∈Rnl

Summary: The NL-PLF subnet successively processes atlas and target features/labels by shift, distance, and weight layers to output voting weights, which
are further utilized by voting layer to estimate the target label. This subnet implements Eqn.(1) using the above simple layers. For each of them, the gradient
of output w.r.t. input can be easily derived for efficient network training.
2.3

Network Training

We learn the network parameter Θ by minimizing the loss in Eqn.(3) w.r.t. Θ
using back-propagation. Given a training set of atlases, each atlas is selected as a
target image in turn, and the remaining atlases are taken as the training atlases.
If the target image is Xi with ground-truth label L(Xi ), the remaining warped
atlases are denoted by Ai = {Xj , L(Xj )|j = 1, 2, ..., K, j 6= i}. Each triplet of
(Ai , Xi , L(Xi )) is called a training data. We use stochastic gradient descent in
training, and each training data is taken as a batch. In each batch, we sampled K0
(K0 = 5) warped atlases as the atlas set, according to a distribution proportional
to warped atlas image’s normalized mutual information to the target image.
2.4

Atlas Selection in Network Testing

In testing, the learned deep fusion net loads a test sample (a target image and
its warped atlases) and outputs the estimated target label. To improve the accuracy, we only pick a few most similar atlases for a target image. Because of the
well-trained feature extraction subnet in deep fusion net, we define the distance
between a target image and its warped atlas image by:
dF (T, Xi ) = F (T ) − F (Xi )

2

,

(7)

where F (·) is the extracted feature using feature extraction subnet. We take the
top-k atlases with least distances as the selected atlases for a target image, as
shown in Fig. 3(a). Then the target image and the selected atlases are fed into
the learned deep fusion net to produce the estimated target label.
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Results

3.1

Experimental Setting

Data Set. We apply deep fusion net to the cardiac MR images from MICCAI
2013 SATA Segmentation Challenge for left ventricular segmentation. These
subjects are provided by Cardiac Atlas Project, and each subject contains all
short-axis cardiac MR images throughout the cardiac cycle with an approximate
dimension of 192 × 192 × 16 × 30.
Image registration. The subject images are with complex backgrounds, we
manually crop the ventricular from backgrounds using a bounding box on each
subject determined by two corner points, then perform automatic registration
and segmentation within the bounding-boxes. To register an atlas to a target
image, we perform 3D affine registration for all slices, followed by 2D affine
registration and 2D B-spline registration on each slice using ITK 2 .
Network structure. In feature extraction subnet, we use four successive repetitions of convolutional layer and ReLU nonlinearity, and finally followed by a
normalization layer. Theses convolutional layers respectively have 64 filters in
size of 5 × 5 × 1, 64 filters in size of 5 × 5 × 64, 128 filters in size of 5 × 5 × 64,
and 128 filters in size of 5 × 5 × 128. Therefore, the extracted feature for each
pixel is a 128-D vector. In NL-PLF subnet, we use 7 × 7 search window. This
setting enables accurate performance while taking moderate GPU memory.
We evaluate deep fusion net on end diastolic (ED) frame of 83 training subjects using 5-fold cross-validation, and take the average Dice metric over the
validation sets in five times as final accuracy. In each fold, a subset is taken as
validation set and the other four subsets are taken for learning deep fusion net.
3.2

Experimental Results

Figure 3(a) shows the top-5 atlases selected by normalized mutual information
(NMI) and deep features extracted by feature extraction subnet respectively,
while Fig. 3(b) illustrates the mean Dice metrics of searched atlases w.r.t. their
ranking indexes. The two curves clearly show that our atlas selection method is
effective in searching similar atlases for target image compared to NMI.
We compare deep fusion net with majority voting (MV) and state-of-the-art
multi-atlas methods for left ventricular segmentation: patch-based label fusion
(PB) [2], multi-atlas patch match (MAPM) [10] and SVM with augmented feature (SVMAF) [1]. For fair comparison, all the target images and warped atlases
are same for different methods using registration in section 3.1. The results of
MV, PB, SVMAF and MAPM are produced by the published codes 3 . Our binary segmentation masks are simply generated by thresholding the fused label
2
3
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Fig. 3. (a) comparison of atlas selection using NMI and deep features. (b) the mean
accuracies of atlases w.r.t. their ranking indexes. (c) comparison of segmentation results
using different methods.

map using a fixed threshold of 100. As shown in Table 1, our method produces
significantly higher accuracy (0.816), and our net using NMI in atlas selection
(DFN NMI) achieves lower result of 0.803. In addition, Fig. 3(c) shows some
comparative results. Table 2 shows our results using different number of atlases
for each target image, and our method is robust to the number of selected atlases.

Method

MV

PB [2]

MAPM [10]

SVMAF [1]

CNN

DFN NMI

DFN

Accuracy

0.653

0.683

0.754

0.726

0.681

0.803

0.816

Table 1. The mean Dice metrics of different methods.

In Table 1, we also compare deep fusion net to a traditional convolutional
neural network (CNN), which has the same net structure as our feature extraction subnet followed by a soft-max layer for classifying each pixel. CNN directly
learns a mapping from MR image to label without registration, achieving 0.681
compared to ours (0.816). This shows the advantage of deep fusion net that relies
on atlas to target image registration for providing global matching constraint.
Compared to registration method using five landmarks in [1], our registration
method only relies on a rough bounding-box, and therefore produces less accurately registered atlases. Notably, our method works significantly better than
others, benefiting from the robust atlas selection and effective label fusion enabled by the discriminatively learned deep features.

4

Conclusion

We propose a novel deep fusion net for atlas selection and label fusion in multiatlas segmentation. Compared to traditional NL-PLF methods, we discriminatively learn optimal deep features for label fusion. Compared to a common CNN
for classification, our net relies on the atlas to target image registration. We have
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Numb.

1

3

5

7

9

11

13

15

17

19

Accuracy 0.7776 0.8079 0.8141 0.8151 0.8157 0.8161 0.8161 0.8160 0.8158 0.8157
Table 2. The accuracies of DFN using different number of selected atlases.

shown its advantages in Cardiac MR image segmentation. Its success also motivates us to further investigate deep features in registration and segmentation.
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