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25  Abstract

26 Multi-atlas-based methods are commonly used for MR brain image labeling, which alleviates the
27  burdening and time-consuming task of manual labeling in neuroimaging analysis studies.
28  Traditionally, multi-atlas-based methods first register multiple atlases to the target image, and
29  then propagate the labels from the labeled atlases to the unlabeled target image. However, the
30 registration step involves non-rigid alignment, which is often time-consuming and might lack
31 high accuracy. Alternatively, patch-based methods have shown promise in relaxing the demand
32  for accurate registration, but they often require the use of hand-crafted features. Recently, deep
33 learning techniques have demonstrated their effectiveness in image labeling, by automatically
34  learning comprehensive appearance features from training images. In this paper, we propose a
35  multi-atlas guided fully convolutional network (MA-FCN) for automatic image labeling, which
36 aims at further improving the labeling performance with the aid of prior knowledge from the
37  training atlases. Specifically, we train our MA-FCN model in a patch-based manner, where the

38  input data consists of not only a training image patch but also a set of its neighboring (i.e., most
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similar) affine-aligned atlas patches. The guidance information from neighboring atlas patches
can help boost the discriminative ability of the learned FCN. Experimental results on different
datasets demonstrate the effectiveness of our proposed method, by significantly outperforming
the conventional FCN and several state-of-the-art MR brain labeling methods.

Keywords: Brain image labeling, multi-atlas-based method, fully convolutional network, patch-
based labeling

1.Introduction

Anatomical brain labeling is highly desired for region-based analysis of MR brain images,
which is important for many research studies and clinical applications, such as facilitating
diagnosis [1, 2] and investigating early brain development [3]. Also, brain labeling is a
fundamental step in brain network analysis pipelines, where regions-of-interest (ROIs) need to
be identified prior to exploring any connectivity traits [4-7]. But it is labor-intensive and
impractical to manually label a large set of 3D MR images, thus recent developments focused on
automatic labeling of brain anatomy. However, there are multiple challenges in automatic
labeling: 1) complex brain structures, 2) ambiguous boundaries between neighboring regions as
observed by the highlighted region in Figure 1, and 3) large variation of the same brain structure

across different subjects.

Intensity Image Brain Labeling

Figure 1: Typical example of brain MR intensity image (left) and its label map (right). The
region inside the orange rectangle has a blurry boundary, which is challenging for automatic

brain labeling.
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Recently, many attempts have been made to address these challenges in MR brain labeling
[8-15]. In particular, the multi-atlas-based labeling methods have been widely used as standard
approaches for their effectiveness and robustness. Basically, through defining an atlas as a
combination of the intensity image with its manually-labeled map, one can label a target image
in two steps: 1) registering the atlas image to the target image, and then 2) propagating the atlas
label map to the target image. This generalizes to multi-atlas labeling methods, where multiples
atlases are first registered to the target image, and then labels from all labeled atlases are
propagated to the target unlabeled image. Generally, the multi-atlas-based methods can be
classified into two categories: registration-based and patch-based methods. Typically,
registration-based methods first align multiple atlases to the target image in the registration step
[16, 17], and then fuse the respective warped atlas label maps to obtain the final labels in the
label fusion step [8, 18-20]. The main drawback of such methods is that the labeling performance
highly depends on the reliability of non-rigid registration techniques used, which is often quite

time-consuming [21].

Patch-based methods, on the other hand, have gained increased attention in image labeling,
since they can alleviate the need for high registration accuracy through exploring several
neighboring patches within a local search region [22-27]. For such methods, affine registration of
the atlases to the target image is often used. Specifically, for each target patch, similar patches
are selected from the affine-aligned atlas images according to patch similarities within a search
region. Then, the labels of those selected atlas patches are fused together to label the subject
patch. The underlying assumption of patch-based methods is that, when two patches are similar
in intensity, they are also similar in labels [28]. To measure the similarity between patches,
several feature extraction methods have been proposed based on anatomical structures [22, 29] or
intensity distributions [23, 24]. However, these hand-crafted patch-driven features have a key
limitation. For example, they are limited by using a pre-defined set of features (i.e., color,
gradient, shape, intensity distribution etc.), without exploring other possible features that can be

considered and learned when comparing patches for our target task.

Recently, the convolutional networks (ConvNet) methods have shown great promise and
performance in several medical image analysis tasks, including image segmentation [30-33] and
image synthesis [34-36]. An appealing aspect of ConvNet is that it can automatically learn the

most comprehensive, high-level appearance features that can best represent the image.
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Specifically, the fully convolutional network (FCN) [37] have demonstrated its effectiveness in
medical image segmentation. For example, Nie et al. [38] adopted the FCN model for brain
tissue segmentation, which significantly outperformed the conventional segmentation methods in

terms of accuracy.

In this paper, we propose a novel multi-atlas guided fully convolution network (MA-FCN)
aiming at further improving the labeling performance with the aid of patch-based manner and the
registration-based labeling. To guide the learning of a conventional FCN for automatic brain
labeling by leveraging available multiple atlases, we align a subset of the training atlases to the
target images. Note that we only implement affine registration (with 12 degree of freedom using
normalized correlation as cost function) to roughly align atlases to the target image, instead of
non-rigid registration, which ensures efficiency and also demonstrates the ability of the FCN for
inferring labels from local regions. In the training stage, we propose a novel candidate target
patch selection strategy for helping identify the optimal set of candidate target patches, thus
balancing the large variability of ROI sizes. Both target patches and their corresponding
candidate atlas patches (two training sources) are used for training the FCN model. We take our
proposed FCN model one step further by devising three novel strategies to incorporate the
extracted appearance features from the two training sources in a more effective way, i.e., atlas-
unique pathway, target-patch pathway, and atlas-aware fusion pathway. Specifically, atlas-
unique pathway and target-patch pathway process the atlas patch and target patch separately,
while atlas-aware fusion pathway merges these pathways together. The main contributions of our
method are two-fold:

(1) We guide the learning of FCN model by leveraging the available information in multiple

atlases.

(2) The proposed method does not need a non-rigid registration step for aligning atlases to

the target image, which is more efficient for brain labeling.
2. Related Works

Registration-based labeling. Registration based methods leverage both non-linear
registration and label fusion techniques. Many relevant works were proposed to improve the
performance of the registration step, including the LEAP method [39] which constructs an image
manifold according to the similarities between all training and test images. The sophisticated
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tree-based group-wise registration strategy developed in [40] employed pairwise registration
strategy that concatenated precomputed registrations between pairs of atlases (Wang et al. 2013).
For the label fusion step, the voting-based strategies proposed by [8, 41-47] are popular for
fusing the warped atlas labels. For instance, Langerak et al. [8] defined a global weight for each
atlas by its similarity in intensity to the target image, and then performed a weighted sum of all
atlas labels to get the final label. They used a single weight for the whole atlas image, which
overlooks the fact that subject-to-subject similarity varies across anatomical regions. To address
this limitation, Artaechevarria et al. [42] proposed a local weighted voting method to fuse
weights in a voxel-wise manner. Specifically, the weight of each voxel is computed using the
mutual information similarity of the atlas image and the target image in a small region. The local
weighted strategy can boost the accuracy of label propagation; however, it may fail in highly
variable anatomical regions that cannot be simultaneously captured by all atlases. To avoid this
limitation, Isgum et al. [43] used an atlas selection strategy to select a subset of atlases with the
highest similarities to the target image by statistical pattern recognition theory. Then, the
propagated labels were combined by spatially varying decision fusion weights. In a different
work, Sanroma et al. [48] combined a learning-based atlas selection strategy with nonlocal
weighted voting to label a brain. The best atlases were selected based on their expected labeling
accuracy by learning the relationship between the pairwise appearance of the observed instances
and their final labeling performance, and then the final label value was voted from both local and
neighboring voxels in the selected atlases. The limitation of this method is that the weights are
computed independently for each atlas, without taking into account the fact that different atlases
may produce similar label errors. Wang et al. [20] solved this limitation by proposing a joint
label fusion strategy (JLF), in which joint probability of pairwise atlases is modeled to estimate
the segmentation error at a voxel, and then weighted voting is formulated in terms of minimizing
the total expectation of labeling error. One major limitation of registration-based methods is that
it takes lots of time to align atlases to the target image.

Patch-based labeling. Patch-based labeling methods use a non-local strategy to alleviate
the need for high registration accuracy. They propagate the label information of the selected
similar atlas patches, which are identified within a local neighborhood of the target patch. Most
patch based methods are constructed assuming only affine registration as a prerequisite to align

the atlases to the target image because affine registration is much faster than non-rigid
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registration. Some methods use sparse patch selection strategy to select the most similar intensity
patches for the target training patch to improve the label fusion step. Zhang et al. [49] segmented
the brain by using a sparse patch-based label fusion (SPBL) strategy. Candidate image patches
are selected from a neighborhood region to build a graph, and then a sparse constraint is applied
to the candidate atlas patches to derive the graph weights. Finally, the patches are fused together
by a weighted fusion function. In other works, the learning strategies are proposed to learn the
mapping from the input intensity patch to the final label map. Zhang et al. [29] proposed to label
the brain by using a hierarchical random forest. They clustered similar patches together to learn a
bottom-level forest, and then the bottom-level forests were clustered together by their
capabilities. Finally, the high-level forest was trained by clustering bottom-level forests and all
atlases. The limitation of their method is that the performance can be easily influenced by the
cluster strategy. Zikic et al. [24] proposed to build atlas forests (AF) by using a small and deep
classification forest, which encodes each atlas individually in reference to an aligned
probabilistic atlas map. Each atlas forest produces one probability label estimation, and then all
label estimations are averaged to get the final label. Their method is fast since only one
registration is needed to align the target image to the probabilistic atlas map. However, this
method requires manually designed features to train the forest, without exploring other possible
image features, which may not best represent the target image. Some methods combine
registration-based method with patch-based method together to improve the labeling
performance. Wu et al. [11] proposed a hierarchical feature representation and label-specific
patch partition method (HSPBL), which is a combination of registration-based method and
patch-based method. Specifically, they use non-rigid registration to preprocess the atlas data, and
then each image patch is represented by multi-scale features that encode both local and semi-
local image information to increase the fidelity of similarity calculation. Finally, the atlas patch
is further partitioned into a set of label-specific partial image patches by atlas label information.
ConvNet labeling. ConvNet, on the other hand, can automatically learn the high-level
features of the image. One of the widely used ConvNet architectures in image labeling is
convolutional neural networks (CNN) [50, 51], which learns convolution kernels to simulate the
receptive fields of our visual system [52] and extracts the deep features from the image. The
parameters of the convolution kernels are updated by back-propagation of the errors. However,

CNN is limited by a lack of efficiency in processing the whole brain image as it uses a patch-to-
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voxel prediction strategy, which can only predict the label of a center voxel for each input patch.
To solve this issue, fully convolutional networks (FCN) [37, 38] were developed by using a
patch-to-patch training strategy without using the fully connected layer. FCN typically inputs a
patch and outputs the predicted label of the whole patch. U-Net [30] and V-Net [31] were also
introduced to label brains by combining shallow layers with corresponding deep layers in FCN.
This allows merging learned features at different depths of the network and helps avoid gradient
degeneration when reaching shallow layers, thus guaranteeing the convergence of the network

training.
3. Method

In this section, we detail the proposed MA-FCN framework for automatic brain labeling.
Our goal is to improve the labeling performance of a typical FCN by guiding and boosting its
learning using multiple aligned atlases. Our method comprises training and testing stages. In the
training stage, we randomly select several training images as atlases. Specifically, we first select
3D patches from the training images using a random selection strategy. Next, for each selected
training 3D patch, we select the K most similar candidate atlas patches within a specific search
window. Then, all training patches and their corresponding selected candidate atlas patches are
input into the MA-FCN model for training. Note that the atlas patch refers to the combination of
atlas intensity patch and its corresponding label patch. In the testing stage, each testing 3D patch
is concatenated with its K most similar atlas patches, and then fed into MA-FCN to predict the
label patch. Since each target voxel x in the brain belongs to many overlapping 3D patches, we
fuse all the predicted labels from all patches containing x to finally label the target voxel by
majority voting.
3.1. Data Preparation

Prior to the atlas patch selection step, we affine register all atlases (i.e., intensity images and
their corresponding label maps) to the training data using FLIRT in FSL toolkit [53]. Next, we
propose a patch sampling and selection strategy to identify the most similar atlas patch to the

target patch. Figure 2 presents the flowchart of our novel strategies for training patch sampling

and atlas patch selection, which are further detailed in Sections 3.1.1 and 3.1.2, respectively.

3.1.1. Training patch sampling
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Noting the large variability in size across anatomical ROIs, randomly sampling from the
whole brain will create an imbalance in training samples across different ROIs. For instance, a
whole-brain sampling strategy might select many more locations within large ROIs than smaller
ones, which will weaken the model learning for small brain anatomical regions. On the other
hand, ROl boundaries are very important in labeling since they contain direct structural
information, but voxels near the boundaries are more difficult to classify than the inside voxels.
Therefore, more training samples should be sampled along the boundaries of the target ROIs.

We proposed a boundary-focused patch extraction strategy to solve the imbalance samples
by randomly sampling patches across the whole brain. For each labeled ROI, we detect its
boundary using the Canny edge detector, thereby creating an edge map for each target intensity
image (Figure 2). We also extract the inner voxels within each ROl while excluding the edge to
build an inner voxel location map. Then, we randomly sample locations from both edge and
inner voxel maps while ensuring that: 1) the number of samples extracted from each ROI is the
same, and 2) the number of patches extracted around the boundary is larger than that from the
inside of each ROI. In our experiment, the ratio between the boundary and inside patches is set to
4:1. We have tested the ratios 1:1 and 2:1 and found that the performance of 2:1 is better than
1:1. Then we tested the ratio 4:1 and found that it has the same performance as 2:1. Thus, we

choose ratio 4:1.
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Figure 2: Flowchart illustrating patch sampling and similar atlas patches selection. (Top) We
sample patches both around the boundary (e.g., red dots) and inside (e.g., green dot) the target
anatomical regions of interest. (Bottom) The blue box represents a selected patch and the yellow
box delineates its corresponding search neighborhood. For each target intensity patch, we
identify its K most similar atlas patches. Then, each selected intensity atlas patch is coupled with
its corresponding label patch to make up the training atlas data (paired with the target training

patch).
3.1.2. Candidate atlas patch selection

An atlas set A contains M atlases, which is defined as A = {I4(;), Lacy|i = 1,2, ..., M}, where
Iy and Ly represent the i-th atlas intensity image and its corresponding atlas label map,
respectively. For convenience, the atlas set is represented as (2, where 2 = {1,2, ..., M}. A target
image set B contains N samples, each defined as follows: B; = {Ig ), Lg(y|i = 1,2, ..., N}, where
Igy and Lg;) represent the j-th training intensity image and its corresponding label map,
respectively. For each target patch Ié(i) centered at location j, the most similar atlas intensity

patches are extracted from each atlas I,(;, within a search neighborhood N(j) based on a
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predefined image similarity measure. As shown in Equation 1 below, P is the collection of

selected candidate atlas patches from all existing atlases. P,y = {Lin), Laem)} denotes the

selected label and intensity patches from atlas mat location n, and Iy.,), Ly, denote the

intensity and label patches, respectively. || - ||, is the Euclidean distance.
~ _ . ]
P = {Pagmym € Q | min ||l = Ligm|12} (1)

To reduce the computational time of our model, we divide our patch selection strategy into
two steps. For each atlas image, we first extract their atlas patches within the first search window
(with the same center location as the intensity patch and spaced out by a step size of 2 voxels).
Among these patches, we find the candidate patch that has the highest similarity with the
intensity patch. Then, we set up the second search window (with the same center location as the
aforementioned candidate patch and spaced out by a step size of 1 voxels), and reselect the
candidate patch following the same criterion, and within that new search region. Note that, to use
our method on different datasets, all brain MR data are first normalized within a fixed intensity
range [0, 255] using Min-Max normalization strategy before performing atlas patch selection.
For example, in our validation datasets, image intensity of LONI dataset falls within a range of
[0, 3000], while image intensity of SATA dataset falls within a range of [0, 4000]. We suppress
the intensity value to the 85% of the max intensity value of the input image, and then normalize
the image intensity value from 0 to 255. We should also note that the range [0, 255] is not very
important. We have also normalized the MR data using [0, 1] and [-0.5, 0.5] intervals
respectively, which did not affect the labeling performance when using a normalization interval
of [0, 255]. Next, we identify the set of most similar atlas intensity patches to the target intensity
patch using the Euclidean distance as follows:

P =Py m € R, IRl = K|[| I = Liomy |12 < 1113

(m)’

@ ~ a2 Loy iy EP;t €Q—R}  (2)

By ranking all selected atlas image patches P, the top K most similar patches P can be
selected from the M similar patches using Equation 2.Then, the training patch Iém and its K
selected atlas image patches are combined as joint input to our proposed model. R is a subset of

1, which contains the indices of the final selected similar atlases. |R| denotes the cardinal of R.

Figure 2 shows both patch sampling and similar atlas patches selection steps. In the
sampling step, we extract many patches around the ROI boundary (red points) and fewer patches

inside the target ROI (green point).
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3.2. Multi-atlas Guided Fully Convolutional Networks (MA-FCN)

The flowchart of our proposed framework is summarized in Figure 3, which comprises
three components: 1) atlas-unique pathway, 2) target-patch pathway, and 3) atlas-aware fusion
pathway. For each candidate atlas patch, it is concatenated with the target patch to propagate
independently using an atlas-unique pathway. On the other hand, an atlas-aware-fusion pathway
is proposed to merge separate atlas pathways into the target-patch pathway. In particular, the
target-patch pathway propagates the target patch along with the fused atlas intensity and label
patches to get the final label map. Note that each training patch propagates not only using an
independent path (target-patch pathway), but also along the atlas-unique pathway as it
concatenates with the selected candidate atlas patch. We detail each of these three components in
Sections 3.2.1, 3.2.2 and 3.2.3, respectively.
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Figure3: The flowchart of the proposed Multi-Atlas Fully-Convolution Network (MA-FCN).
The three pathways in MA-FCN are highlighted in gray, cyan, and pink bands. The batch
normalization layer and the ReLU layer are each followed by the convolution and deconvolution
layers. The symbol @ denotes the concatenation of all the data together and then being convolved

bya 1 x 1 x 1 kernel. The parameters under the figure are the parameters of the single pathway.
3.2.1 Atlas-unique pathway

The atlas-unique pathway is designed based on the fully convolutional network (FCN),
which aims to convert the atlas information (intensity and label) into comprehensive features to

enhance the discrimination capacity of the model. In our previous work [54], we concatenated
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the atlas image and the target image together directly as input to the neural network, in order to
learn the mapping from intensity image to the label map. In this method, we adopt a patch-wise
‘atlas and target’ integration strategy, where the atlas patch is treated as an enhanced feature of
the target patch. However, this enhanced information might misguide the learning process since
the label of the selected atlas patch might not correspond well with the true label of the target
patch. To tackle this issue, instead of directly combining the atlas with the target intensity patch,
we design an atlas-unique pathway to process each atlas patch independently.

For each atlas-unique pathway, we concatenate the target intensity patch and the atlas patch
(i.e., intensity and label atlas patches) together as input to our FCN. The reason for adding atlas
label patch is that the label represents strong semantic information, which can better guide the
learning process. An example of the atlas-unique pathway is highlighted in cyan band in Figure
3. The structure of each atlas-unique pathway is an FCN. In the proposed model, we have several
atlas-unique pathways, each processing a single atlas patch. Note that all pathways are processed
independently and the weights between different pathways are not shared. The reason for
designing the model in such way is that we want to build the relationship between the target
patch and each atlas label patch, while taking into account the fact that different atlases have
different mappings between the target patch and its label patch. In the proposed model, we order
the atlas patches by the decreasing similarity, where the top atlas-unique pathway includes the
most similar atlas patch, and the second pathway includes the second most similar atlas patch,
etc.
3.2.2 Target-patch pathway

The target-patch pathway is used to learn the features of the target patch, as shown in the
gray band in Figure 3. It is designed based on a U-Net model. We select U-Net as a basic
architecture in the target-patch pathway, since U-Net architecture can combine the shadow layer
feature with deep layer feature. Shadow layer features can help compensate the information loss
caused by max pooling operation. Moreover, the proposed architecture will fuse the atlas feature
in the latter layers, so that the U-Net structure can combine pure target information (without atlas

information) into the latter layer to increase the weights of target patch features.
3.2.3. Atlas-aware fusion pathway
For each atlas, we create an atlas-unique pathway, along which the atlas patches are

propagated. Hence, we create multiple independent atlas-unique pathways, each associated with

12
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a single atlas. To ultimately merge all atlas features with the target image feature, an atlas-aware
fusion procedure is applied in the MA-FCN by using a convolution operation. Specifically, for
all the atlas-unique pathways, the feature maps in each level are concatenated together following
several convolutions. Then, a convolution layer with 1x 1 x1 kernel is used to fuse them
together, which is denoted by @ in Figure 3. As the size of convolution kernel is one, the atlas-
aware fusion is similar to a weighted sum of the learned feature maps of atlases. Unlike existing
methods that define the weight based on the similarity, the weights in our framework are learned
automatically by the model itself. In this paper, we use atlas-aware fusion in a hierarchical
manner, instead of just using it at the very end of the model in order to make full use of the
image features of the model. Specifically, we use atlas-aware fusion at each image scale (e.g.,
preceding each pooling layer and also following each deconvolution layer). Different image
scales contain different image features. For example, in the first three layers of the model, the
features contain lots of original intensity related information. But after several max pooling

operations, the features may contain more advanced information such as edge.
3.2.4. Loss function

In the training stage, the output of the MA-FCN is the probability map of each class of the
output patch. Suppose we have N voxels, ¥(i),i = 1,2, ..., N, denotes the probability of voxel i.
If the class label for the corresponding golden standard is u, the loss function is defined as

Equation 3:

C
D 160,wlogH(®) ©)

u=1

=Z| -

N
L=-
=1

L
0 y® =y
1 y® =4

the predicted label value. We use stochastic gradient descent with the standard back-propagation

Where I(y®,u) means the similarity between y® and u. I(y®,u) = { and y® is
in [52] to minimize the loss function L.

4. Experiments and Results

We evaluated the proposed method on the LONI LBPA40! [55] dataset and SATA MICCAI
2013 challenge dataset? [56]. LONI dataset and SATA dataset are the two widely-used datasets

L http://www.loni.ucla.edu/Atlases/LPBA40
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for evaluating 2D [11, 24, 57] or 3D [22, 58, 59] labeling algorithms. They contain different
anatomical regions of the brain, which can provide several ways for demonstrating the validity of
our proposed method. Both datasets include different anatomical regions of the brain. The
LONI_LPBA40 dataset contains 40 T1-weighted MR brain images with 54 manually labeled
ROIs, provided by the Laboratory of Neuro Imaging (LONI) from UCLA [55]. Most of the ROIs
are distributed within cortical regions of the brain. Here, we used the images and their
corresponding labels in our experiments. The SATA dataset is provided by MICCAI 2013
segmentation challenge workshop, in which 35 subjects (each with both intensity image and
label map) are provided with 14 manually labeled ROIs. These 14 ROIls are inner regions of the
brain, which cover accumbens, amygdala, caudate, hippocampus, pallidum, thalamus and
putamen on both hemispheres. Both raw images and non-rigidly aligned images are provided by
this dataset. Our goal in this section is to demonstrate the capability of our proposed framework
in dealing with various challenges in brain image labeling.

We used CAFFE [60] framework to train our MA-FCN. The kernel weights were initialized
by Xavier function, and stochastic gradient descent (SGD) was used for backpropagation. We set
the start learning rate to 0.01 and used inverse learning policy, where gamma was set to 0.0001,
momentum to 0.9, and the weight decay to 0.00005. These hyper parameters are chosen by trial
and error, and we also use the training and validation errors to help infer the choice of hyper-
parameters.

Our proposed method was implemented on GPU server (GeForce GTX TITAN X, RAM
12GB, 8 Intel(R) Core(TM) i7-6700K CPU@4.00GHz). For LONI dataset, the training batch
size is 16, and for SATA dataset, the training batch size is 64.

We used Dice Similarity Coefficient (DSC) and Hausdorff Distances (HD) [61] to measures
the degree of overlap between two ROIs for assessing the labeling accuracy. DSC is calculated
using Equation 4, where | - | denotes the volume of an ROI, S;, S, are two regions in the brain,
and N denotes the intersection operator. The Hausdorff Distance between sets A and B is
calculated using Equation 5 and Equation 6, where ||a — b|| is Euclidean distance.

DSC(S1,S52) = 2% [$1 N S,1/(IS1] + 1S21) (4)
HD(A, B) = max(h(4, B), h(B, A) (5)

2 https://masi.vuse.vanderbilt.edu/workshop2013/index.php/Main_Page
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h(4,B) = maxmin ||a — bl| (6)

4.1. Evaluation on LONI LPBA40 dataset

Four-fold cross-validation is used to validate the proposed method. Specifically, in each
experiment, one-fold (10 images) is randomly selected as atlases, two image folds are used for
training, and the remaining fold is used for testing. The training patch size is 24 X 24 x 24, and
we select 8100 patches from each training image. We don’t use data augmentation strategies
such as flipping or rotating the cropped training patches. We increase the number of the data by
densely cropping training patches from original MR image. Specifically, 150 patches are selected
from each ROI, with 120 from ROI boundaries and 30 from the inside of each ROI. In the testing
stage, to ensure that the testing patch can cover the entire image and have a sufficient overlap
with the neighboring patches, the step size should be defined at least less than half the patch size;
otherwise, there will be only one prediction for some locations. We sample the testing image
with a fixed step size where patches are visited with a step size of 11 voxels. Since each voxel
belongs to several overlapping patches, we use majority voting to get a final label value from all
overlapping predicted label patches. For selecting candidate atlas patches, the size of the search
neighborhood is set to 12 voxels, larger than the patch size in all three directions. Typically, the
search region size is usually 1-2 times bigger than that of the patch size [9]. In our case, we
chose the search region 1 time bigger than the patch size. For the LONI dataset, if we define the
search region as 1 time bigger than the patch size, the computing time would be very high. So,
we reduced the search region size. We had compared the similar patch selection result by 12
voxels larger and 24 voxels larger, and found that 87% of the selected locations remained
unchanged. In the proposed architecture, the number of candidate atlas patches is set to K=3.

We compare our proposed method with U-Net (Ronneberger, Fischer et al. 2015) and FCN
(Long, Shelhamer et al. 2015) architectures. The structure of the used U-Net is same as the
target-patch pathway, which is shown in gray band in Figure 3. The structure of FCN is same as
the atlas-unique pathway, which is shown in cyan band in Figure 3. For fair comparison, both the
U-Net and FCN architectures share the same number of parameters in proposed structure.
Specifically, in each layer, the number of the convolution kernels is 4 times the number of
kernels in each pathway. Also, both models input 3D patches of the same size (without

corresponding atlas patch compared with the input of MA-FCN). The hyper parameters such as
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learning rata, gamma, momentum, and the weight decay are set similarly to MA-FCN. We
evaluated U-Net and FCN architectures on SATA dataset as baseline methods. Table 1 displays
the mean and standard deviation of DSC for all 54 ROIs. The proposed method achieves 1.8%
improvement over U-Net and 2.3% over FCN, respectively. For the HD, proposed model is
smaller than both of them. Figure 4 displays the results of our method in comparison with the
FCN and U-Net on all 54 ROIs. The symbol ‘+’ indicates that MA-FCN has a statistically
significant (p<0.05 by paired t-test) improvement compared with the conventional FCN method
in 29 ROIs, while the symbol ‘*’ indicates that MA-FCN has a statistically significant (p<0.05
by t-test) improvement compared with the U-Net in 28 ROIs. Figure 5 shows the visual
comparison of the proposed MA-FCN with FCN and U-Net. The labeling result of the region
inside the yellow box shows that, with the integration of multiple atlases, the labeling ability of
our model is improved. In Figure 5 and 6, the labeling result produced by our proposed method
is smoother than the ground truth. Since the ground truth is manually labeled, the discontinuity
error might be occurred between adjacent slices. However, the smoother result is more
biologically feasible, and our method has not reproduced this discontinuity error. Therefore, our
labeling performance is not attributed by simple overfitting the data. Moreover, we also teste the
trained model by using the training image, and achieve the labeling DSC of 84.3% on LONI
dataset. This demonstrates that the labeling results are not overfitting the dataset.
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Figure 4: DSC for each ROI by FCN, U-Net, JLF, HSPBL and MA-FCN, respectively. MA-
FCN outperforms both the conventional FCN and U-Net in all ROIs. The symbol ‘+
indicates statistically significant improvement (p<0.05 by paired t-test) with respect to the
conventional FCN. The symbol ¢** indicates statistically significant improvement (p<0.05
by paired t-test) with respect to U-Net. The symbol ‘0’ indicates statistically significant
improvement (p<0.05 by paired t-test) with respect to the JLF. The symbol ‘®’ indicates
statistically significant improvement (p<0.05 by paired t-test) with respect to the HSPBL.

17



435

436
437
438

439

440
441
442
443
444
445
446
447
448
449
450
451
452
453

454

Intensity Image Golden Standard HSPBL JLF FCN U-Net MA-FCN

Figure 5: Visual comparison of labeling results by HSPBL, JLF, 3D patch-based FCN, U-
Net, and MA-FCN for a representative subject. Our method produces more accurate labels

for the regions inside the yellow box.

4.2. Evaluation on SATA MICCAI 2013 dataset

7-fold cross-validation is used in this experiment. Specifically, we divide 35 subjects into 7
groups, each group containing 5 subjects. Next, we randomly select 2 folds as atlas images, 4
folds as our training set, and the remaining fold as our test set. Since the number of ROIs to label
is smaller than that in LONI dataset, we set the training patch size to 12 x 12 X 12, and select
4200 patches from each training image. Note that 300 patches are selected from each ROI,
including 240 around the boundary and 60 inside the ROI. We evenly visit patches with a step
size of 5 voxels. For selecting the candidate atlas patches, the size of the search neighborhood is
set to 12 voxels larger than the patch size in all three directions. The number of candidate atlas
patches is set to K=3.

The mean and standard deviation of DSC for all comparison methods are listed in Table 1.
In terms of DSC, our proposed method has a 0.8% improvement compared with U-Net and 1.2%
improvement compared with FCN. The HD of the proposed model is smaller than both
comparison models. Figure 6 gives visual comparison of our labeling results with the golden
standard. The labeling result of the region inside the yellow box shows that, with the integration

of multiple atlases, the labeling ability of our model is improved.
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Figure 6: Visual comparison of labeling results by HSPBL, JLF, 3D patch-based FCN, U-
Net, and MA-FCN for a representative subject from SATA dataset. Our method produces

more accurate labels for the regions inside the yellow box.
4.3. Parameter tuning

4.3.1 Patch size

In order to evaluate the influence of the patch size on labeling ROIs with different sizes, we
selected 12 representative ROIs with different volume sizes from the LONI_LPBAA40 dataset and
6 representative ROIs with different volume sizes from SATA MICCAI 2013 dataset.
Specifically, for LONI dataset, these ROIls include the right/left inferior frontal gyrus (IFG),
right/left precentral gyrus (PG), right/left precuneus (PC), right/left para hippocampus gyrus
(PHG), right/left caudate (CD) and right/left hippocampus (HC). The volumes of right/left IFG
and left/right PG contain about 25,000 voxels, the volumes of right/left PC and PHG contain
about 10,000 voxels, and the volumes of right/left CD and HC contain about 5,000 voxels. For
SATA dataset, these ROIs include the right/left accumbens (AC), right/left caudate (CA) and
right/left putamen (PU). The right/left AC contains about 500 voxels, the right/left CA contains
about 3000 voxels, and the right/left PU contains about 8000 voxels.

We varied the patch size between 8 x 8 x 8 and 28 x 28 x 28 for the LONI dataset by 4-
fold cross-validation. Figure 7 shows the labeling performance using different patch sizes. We
note that the performance has been improved when increasing the patch size from 8 to 12 and
then remains stable when the patch size falls between 12 and 24. However, when the patch size
exceeds 24, the labeling accuracy starts to decrease. This is mainly because a small patch
contains less structural information while two patches from different locations may look similar.

This may cause the model to fail in distinguishing between them. Conversely, using larger

19



479
480
481
482
483
484
485
486
487
488
489
490

491

492
493
494
495
496

patches would decrease similarity with the selected atlas patches. The larger the patch size, the
more structure is included in the patch, so the dissimilarity between target patch and selected
atlas patches is increased. For the target patch, the number of the wrong label will increase (if the
atlas label is directly used as target patch label), thereby causing a drop in the labeling accuracy.

We also varied the patch size between 8 X 8 X 8 and 24 x 24 x 24 for the SATA dataset
by 7-fold cross-validation. Figure 8 shows the labeling performance using different patch sizes.
The performance increases from patch size 8 to 12 for all ROIs and keeps stable from 12 to 20
on large and mediate ROIs, but decreases in small ROIs. When the patch size keeps increasing,
the labeling accuracy decreases in all ROls. The reason that the labeling accuracy of small ROI
keeps decreasing from patch size 12 is because of small size of those ROIs. If the patch size is
large, those small ROIs only account for a small portion of the patch, thus causing the poor
learning in these ROIs.

I 3x8x8 MM 12x12x12 MW l6x16x16 M 20x20x20 24x24x24 MR 28x28x28

844

82

DSC(%)

781

761

R/LIFG R/L PG R/L PC R/L PHG R/L CD R/L HC

Figure 7: The influence of using different label patch sizes on labeling 12 representative ROIs on
the LONI_LPBAJ40 dataset. By enlarging the patch size between8 x 8 x 8 and 12 X 12 X 12,

the performance largely increases, and then remains stable between patch sizes of 12 x 12 x 12
and 24 x 24 x 24. As the patch size continues to increase, the performance decreases. Note that

the DSC is the average value across all four-fold cross-validation.
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Figure 8: The influence of using different label patch sizes on labeling 6 representative ROIs on
the SATA MICCAI 2013 dataset. By enlarging the patch size between 8 x 8 x 8 and 12 x 12 X
12, the performance largely increases on all ROIs, while remaining stable between patch sizes of
12 x 12 x 12 and 20 x 20 x 20on mediate and large ROIs but beginning decreasing for small
ROIs. As the patch size continues to increase, the performance decreases. The DSC is the
average of all the 35 testing data by seven-fold cross-validation.

4.3.2 The number of atlas-unique pathways

In the proposed method, the top K similar candidate atlas patches are selected from affine-
aligned atlases as input to the atlas-unique pathways for helping improve the labeling
performance. We evaluated the performance by tuning the parameter K on both LONI and
SATA datasets. The value of K ranges from 0 to 4. Figure 9 shows the evaluation result with
respect to the number of the atlas-unique pathways. We can clearly see that the performance of
our model increases significantly from 0 atlas-unique pathways to 1 atlas-unique pathway,
indicating that the atlas and label information did aid in boosting the labeling quality. As the
number of patches increases, the labeling quality is refined, but the memory and processing time
cost also increase. To balance the performance and the memory cost (and also processing time),

we use 3 atlas-unique pathways in our model.
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Figure 9: Evaluation on the number of atlas-unique pathways using both LONI and SATA
dataset, in terms of DSC (%). The performance increases with the increase of the number of

candidate atlas patches.

4.4. Comparison with state-of-the-art methods

To evaluate the labeling performance, we compare our proposed method with two state-of-
the-art methods on both LONI and SATA datasets. The comparison methods include 1) HSPBL
[11] and JLF [20] (antsJointFusion command in ANTSs toolbox). JLF is a registration-based
labeling method, and HSPBL is a patch-based labeling method. The detailed comparisons are
listed in Table 1. We reproduced all results shown in Table 1. Both methods use leave-one-out
strategy to evaluate all the test data and the configure parameters are same as the original papers.

For LONI dataset, our proposed MA-FCN improved the labeling accuracy by 2% in
comparison with JLF. Compared with the HSPBL method, our proposed method achieves 2.72%
improvement. Figure 4 displays the results of our method in comparison with the HSPBL and
JLF on all 54 ROIs. The symbol ‘®’ indicates that MA-FCN has a statistically significant
(p<0.05 by paired t-test) improvement compared with the HSPBL method in 31 ROIs, while the
symbol ‘[J” indicates that MA-FCN has a statistically significant (p<0.05 by t-test) improvement
compared with the JLF in 23 ROIs. Figure 5 shows the visual comparison of the proposed MA-
FCN with HSPBL and JLF on LONI dataset. For SATA dataset, our proposed MA-FCN
improved the labeling accuracy by 1.81% in comparison with JLF and 2.91% more than the
HSPBL method. For the Hausdorff distance, our method has the smallest value for both datasets.
Figure 6 gives visual comparison of our labeling results with the HSPBL and JLF on SATA

dataset.

Table 1. Comparison with state-of-the-art methods on two datasets.
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LONI LPBA40

Method HSPBL JLF FCN U-Net MA-FCN
HD(voxel) 22.95+4.81 17.59+3.14 21.50+4.69  16.25+4.00 14.11+3.22
DSC(%) 78.47+2.33 79.19+0.98 78.88+1.07  79.42+1.12  81.19+1.06
SATA
Method HSPBL JLF FCN U-Net MA-FCN
HD(voxel) 4.18+1.73 3.84+1.30 3.34+0.92 2.76x0.81 2.38+0.71
DSC(%) 86.13+£2.75 87.23+1.91 87.82+1.37  88.25+1.42  89.04+1.30

The average testing time is 7 minutes for each subject. In particular, 5 minutes are used for

preparing the test patches on CPU and about 2 minutes used for inferencing the test patches by

the trained model on the GPU platform. For the registration-based method [20], the average

labeling time for one subject is 120 minutes on CPU. Our proposed method is much faster than

registration-based method. For the patch-based method [11], the labeling time is 40 minutes.

Notably, our method is faster. For example, for ConvNet-based methods, the average labeling

time is 2 minutes. On the other hand, although ConvNet-based methods are faster than MA-FCN,

MA-FCN can achieve higher labeling accuracy, as indicated in Section 4.1. The specific time

usage and memory cost is listed in Table 2. The sign “-”” means no this step in the method.

Table 2. The comparison of time usage and memory cost for different methods

Affine reg. Deform reg. Patch selection  Label fusion Inference Training
Memory <1G <1G <1G 3G 1G 12G
CPU CPU CPU CPU GPU GPU
HSPBL 8 min (4 threads) 240 min (4 threads) - 40 min - -
JLF 8 min (4 threads) 240 min (4 threads) - 120 min - -
FCN - - - - 90s 12 h
U-Net - - - - 90s 14 h
MA-FCN 8 min (4 threads) - 5 min (2 threads) - 140 s 20 h
5. Discussion

In this paper, we proposed an automated labeling framework of brain images, by integrating

multiple-atlas based labeling approaches into an FCN architecture. Previously, several neural

network-based methods aimed to integrate data from multiple sources or different modalities by
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concatenating them together for network training [54, 62-64]. Our proposed MA-FCN falls into
the same category, but it has more appealing aspects. For instance, Fang et al. [54] simply
concatenate the training patch, atlas intensity patches, and label maps together as inputs to the U-
Net, whereas the atlas information is propagated independently and fused together in our MA-
FCN architecture.

The proposed MA-FCN outperformed U-Net [54] as it increased the labeling accuracy by
0.8%. We note that atlas label patches are selected from the atlas, not from the target image,
hence the label values might not perfectly match with the ground-truth label of the target patch.
To address this issue, we defined the atlas-unique pathway in our FCN, where label information
can be propagated independently. Guided by the ground truth, the label can be refined by the
convolution operation. Then, the refined label maps are fused into target patch to get the final
label maps.

The label map is a strong semantic information that is leveraged and integrated into our
proposed deep learning architecture. Both the feature information from the target-patch pathway
and the atlas-unique pathway make contributions to the labeling works in the MA-FCN. Here,
we further validate their importance in the framework, by conducting a labeling experiment
using our proposed method without the target-patch pathway, and leaving only the atlas-aware
fusion and the atlas-unique pathways. The labeling performance for the LONI-LBPA 40 is
reduced to 76.91 = 1.21%, compared with the MA-FCN method with all three components
included (81.19£1.06%) as shown in Table 1. Meanwhile, the labeling performance for U-Net
FCN is 79.42+1.12%, which can also be considered as the MA-FCN method using only the
component of target-patch pathway. Therefore, this experiment validates that all three
components help improve the labeling performance for the MA-FCN method.

In Rousseau et al. [28], they found that accurate correspondences derived from non-rigid
registration could improve the labeling performance. Here, we evaluate the performance of our
proposed architecture by replacing the affine registration with non-rigid registration. For the
SATA dataset, the organizer had already provided non-rigid registration results. For the LONI
dataset, we use SyN registration method integrated in ANTSs software to non-rigidly register
atlases to the target image. The DSC on SATA dataset is 89.27+1.07%, and the performance on
LONI dataset is 81.81%. These results show that non-rigid registration can slightly improve the

label performance of our proposed architecture than affine registration.
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Despite its appealing aspects, our MA-FCN method is limited by a large memory cost when
compared with the conventional FCN and U-Net architectures. Although the added similar atlas
patches improve the labeling performance, the memory cost increases largely. For example, the
memory cost is almost two times the ordinary FCN for a MA-FCN with three pathways.
Moreover, even though our MA-FCN method needs fewer iterations to converge, the training
time for each iteration increase as the complexity of network architecture increases, which leads
to a longer training time. Future work will focus on how to reduce the parameters of the network.
Alternatively, we will consider using ResNet [65, 66] structure as a backbone structure in our
MA-FCN method. ResNet structure is proved to be more efficient and uses less memory than the

general convolutional network.
6. Conclusion

In this work, we have proposed a novel multi-atlas guided fully convolutional networks
(MA-FCN) for brain labeling. Different from conventional ConvNet methods, we integrated
atlas intensity and label information through new pathways embedded in the proposed FCN
architecture. The MA-FCN contains three propagation pathways: atlas-unique pathway, atlas-
aware fusion pathway, and target-patch pathway. The atlas-uniquepathway can amend the
wrong labels in the atlas by using the convolution operation. The atlas-aware fusion pathway
gives each voxel in the candidate atlas patch a weight and fuses them together at the voxel level.
Last, the target-patch pathway propagates the target patch and the fused information. In this
way, MA-FCN combines the advantages of both multi-atlas-based and ConvNet labeling
methods. Our method does not require non-rigid registration, but it can still achieve better or
comparable results with the state-of-the-art multi-atlas-based methods on LONI dataset and
much better performance on SATA dataset. Moreover, the idea of our proposed architecture can
also be easily applied to other ConvNet methods such as RNN [67] or LSTM [68].
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