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Abstract

Brain atlases are an integral component of neuroimaging studies. However, most brain atlases are
fuzzy and lack structural details, especially in the cortical regions. In particular, neonatal brain
atlases are especially challenging to construct due to the low spatial resolution and low tissue
contrast. This is mainly caused by the image averaging process involved in atlas construction,
often smoothing out high-frequency contents that indicate fine anatomical details. In this paper, we
propose a novel framework for detail-preserving construction of atlases. Our approach combines
space and frequency information to better preserve image details. This is achieved by performing
reconstruction in the space-frequency domain given by wavelet transform. Sparse patch-based
atlas reconstruction is performed in each frequency subband. Combining the results for all these
subbands will then result in a refined atlas. Compared with existing atlases, experimental results
indicate that our approach has the ability to build an atlas with more structural details, thus leading
to better performance when used to normalize a group of testing neonatal images.

1 Introduction

Brain atlases are spatial representations of anatomical structures, allowing integral brain
analysis to be performed in a standardized space. They are widely used for neuroscience
studies, disease diagnosis, and pedagogical purposes [1,2].

An ideal brain atlas is expected to contain sufficient anatomical details and also to be
representative of the images in a population. It serves as a non-bias reference for image
analysis. Generally, atlas construction involves registering a population of images to a
common space and then fusing them into a final atlas. In this process, structural
misalignment often causes the fine structural details to be smoothed out, which results in
blurred atlases. The blurred atlases can hardly represent real images, which are normally rich
with anatomical details.

To improve the preservation of details in atlases, the focus of most existing approaches [3-7]
has been on improving image registration. For instance, Kuklisova-Murgasova et a/. [3]
constructed atlases for preterm infants by affine registration of all images to a reference
image, which was further extended in [4] by using groupwise parametric diffeomorphic
registration. Qishi et al. [5] proposed to combine affine and non-linear registrations for
hierarchically building an infant brain atlas. Using adaptive kernel regression and group-
wise registration, Serag et al. [6] constructed a spatio-temporal atlas of the developing brain.
In [7], Luo et al. used both intensity and sulci landmark information in the group-wise
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registration for constructing a toddler atlas. However, all these methods perform simple
weighted averaging of the registered images and hence have limited ability in preserving
details during image fusion. For more effective image fusion, Shi ef a/. [8] utilized a sparse
representation technique for patch-based fusion of similar brain structures that occur in the
local neighborhood of each voxel. The limitation of this approach is that it lacks an explicit
attempt to preserve high frequency contents for improving the preservation of anatomical
details. In [9], Wei et al. proposed to use wavelet transform to reveal detailed information
from motion-corrupted diffusion-weighted images of the human heart. It is shown that
pyramidal decomposition of images encodes coarse and fine image contents in different
frequency subbands.

In this paper, we propose a novel image fusion approach for obtaining neonatal brain atlases
with rich details. We employ information in both frequency and space domains given by
wavelet transform for atlas construction.

Frequency domain

By decomposing each brain image into multiple scales and orientations using wavelet
transform, fine and latent anatomical structures become more apparent in certain frequency
subbands. It is hence easier to design constraints to preserve these structures.

Space Domain

2 Method

The neighboring patches are group-constrained for spatial consistency during reconstruction.
We apply our method to construct brain atlases for neonatal MR images, which is
challenging due to the low spatial resolution and low tissue contrast. Experimental results
indicate that the proposed method can generate atlases of much higher quality, compared to
the existing state-of-the-art neonatal atlases.

2.1 Overview

The overall pipeline of the proposed method is shown in Fig. 1. First, all individual subject
images are aligned to a common space using group-wise registration to generate a mean
image. Wavelet transform is then used to decompose both the aligned individual images and
the mean image into the frequency domain. In each frequency subband, we then construct an
atlas using patch-by-patch sparse reconstruction. To avoid inconsistency, the immediate
neighbors of each patch are group-constrained to have similar sparse coefficients. Finally,
the reconstructed frequency subband atlases are combined together to construct a final atlas.

2.2 Image Preprocessing

All images were preprocessed with a standard pipeline, including resampling, bias
correction, skull stripping, and tissue segmentation. We use a publicly available group-wise
registration method [10] (http://www.nitrc.org/projects/glirt) to align all images to a
common space. We can then obtain a set of Aregistered images
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{Iyjn = 1, - ,N} , I, € R>. These images are averaged to form a mean image

Imean = § I,
n=1

2.3 Frequency Domain Reconstruction

We combine atlases generated from different frequency subbands of the images to better
preserve high-frequency image details. We first perform pyrami decomposition using 3D
wavelet on all images:

S R
ZZI(S,T) ZZD sr. (s,7) @

s=1r=1 s=1r=1

where scale s=1,...,Sdenotes that the image has been down-sampled stimes. For each
scale s, images are further decomposed into orientation subband r=1, ..., R. For each
scale s, we fixed £= 8, and the corresponding orientation subbands in 3D are denoted as
LLL CHLL CLHL, *HHL, ‘LLH, *HLH, ‘LHH', and ‘ HHH filters, where ‘L’
indicates low-pass filtering and ‘A indicates high-pass filtering, i.e., ‘HLH’ denotes high-
pass filtering in xand zdirections and low-pass filtering in ydirection. D7) denotes the
wavelet basis of subband (s, /), and as") denotes the wavelet coefficients in subband (s, A.
The wavelet coefficients of subband (s,7) of all images {/,|n =1,..., NV} are denoted as

{asls’r)\nzl, e ,N}_

Atlas construction is performed in a patch-by-patch manner. We consider a local cubic patch

p&r) centered at location (x, y; 2) in the mean image /e, The patch is represented as a
vector of length V= vx vx v, where vis the patch diameter in each dimension. We sparsely

refine the mean patch pgflvez)n using a dictionary, formed by including all patches at the same

(sm)  _ [pgs r)’p(s )

location in all AVtraining images, i.e., £ yoe ,p(s’r)} thereby

generating the reconstructed detail-preserving atlas patch pfmr) To compensate for possible
registration error, we enrich the dictionary by including patches from neighboring locations,
i.e., 26 locations immediately adjacent to (x, , 2) . Therefore, from all NMaligned images, we
will have a total of Ny =27 x N patches in the dictionary, i.e.,

pen) = [p(ls ps o l] We use this dictionary to reconstruct the refined atlas

patch p((;;’;)s by estimating a sparse coefficient vector 3(5 ") with each element denoting the
weight of the contribution of a patch in the dictionary.

To further enhance robustness, we constrain the reconstructed atlas patch p(S T) _to be similar

to the appearance of a small set of K (K< Njy) neighboring patches {Pk ’ )Ik—l, i ,K}

from P ) that are most similar to p(S 7). The reconstruction problem can now be
formulated as

Med Image Comput Comput Assist Interv. Author manuscript; available in PMC 2016 May 08.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Zhang et al. Page 4

g argmmz 17 = PO gD |24 || 5D, )
ﬁ(sr >Ok 1

where A is a non-negative parameter controlling the influence of the regularization term.

Here, the first term measures the discrepancy between observations p(s ") and the

A(sr)

reconstructed atlas patch p(‘;lgs = PG . 3" and the second term is for £4-

regularization on the coefficients in A5%. Considering that the dictionary A5 and the

observations p(s ) share the same basis D", we can combine Eq. (1) and Eq. (2) for a
wavelet representation version of the problem:

57 = angminy” | D) (O — 00 400) 2] 40T, g
3 s0k=1

(s,7)

where C(S ") is a vector consisting of the wavelet coefficients of p.’and

cln = [Cgs T), Céw)a Tt SV; t) l] is a matrix containing the wavelet coefficients of the

patches in dictionary 257, Finally, the atlas is constructed as

S R
Latias ZZ a:l:)g = ZZD(S,T) . C(s,r) .ﬁ(S’T) @

s=1r=1 s=1r=1

2.4 Spatial Consistency

To promote local consistency, multi-task LASSO [11] is used for spatial regularization in the
space-frequency domain to simultaneously estimate G neighboring atlas patches, indexed as
g=1..,G

We denote the dictionary, training patch, and sparse coefficient vector for the g-th neighbor

respectively as P(*"), p{"” and 3(*"). For simplicity, we let B*"=[8{*"), -+, 5]

S
BGm= :

which can also be written in the form of row vectors: L ,Y(J,r) J where ~(7) is the
m-th row in the matrix B (with totally M rows).

Then, we reformulate Eg. (2) using multi-task LASSO:

B = argmmzz P87 = P 8D |24 | BNy,

B<“>>09 k=

—argmin 3> 3> || DO (€57 — €7 5°7) [BA || BE)
B go=1k=1

®)
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M
where | B (5=~ 11957 |l The first term is a multi-task sum-of-squares term for
all G neighboring atlas patches. The second term is for multi-task regularization using a
combination of Ly and £, norms. L, norm penalization is imposed on each row of matrix

BG (ie., %(;jﬂ'>) to enforce similarity of neighboring patches. L; norm penalization is to
ensure representation sparsity. This combined penalization ensures that the neighboring
patches have similar sparse coefficients. The multi-task LASSO in Eq. (5) can be solved
efficiently by using the algorithm described in [11].

3 Experiments

Dataset

We use neonatal brain scans to demonstrate the performance of the proposed atlas
construction method. Specifically, 73 healthy neonatal subjects (42 males / 31 females) were
used in this study. MR images of the subjects were scanned at postnatal age of 24+10 (9-55)
days using a Siemens head-only 3T scanner. T2-weighted images were obtained with 70
axial slices using a turbo spin-echo (TSE) sequence for a resolution of 1.25x1.25x1.95mm3.
All 73 images were resampled to have an isotropic resolution of 1x1x1 mm3, bias-corrected,
skull-stripped, and tissue-segmented.

Implementation Details

There are several parameters in the proposed method: the patch size v, the number of nearest
patches K; the regularization parameter A, and the number of wavelet scale levels S. We
performed a grid search for parameters that produced the atlas with the highest signal
energy. Then we fixed the patch size as v=6 (VV= 6 x 6 x 6) and set the number of closest
patches to A= 10. We also set the regularization parameter to A = 1074, We used ‘symlets 4’
as the wavelet basis for image decomposition. The number of scale levels for wavelet
decomposition was set to S= 3. The low-frequency content of a single subject image was
similar to the low-frequency content of the average atlas when using atlas when using 3 or
more scales. This suggests that it is sufficient to use 3 scales.

Atlas Construction Performance Using 73 Subjects

Fig. 2 (a-e) show five representative axial slices of the neonatal brain atlas built by the
proposed method. Despite the large number of subjects (73) used for atlas construction, the
atlas still contains clear structural details especially in the cortical regions.

Comparison with State-of-the-Art Neonatal Atlases

Four state-of-the-art neonatal atlases are included for visual inspection. Atlas-A: The 41-th
week atlas created by Kuklisova-Murgasova et al. [3], longitudinally for each week from
week 28.6 to week 47.7 using 142 neonatal subjects. Atlas-B: The atlas constructed by Oishi
et al. [5] using 25 brain images from neonates of 0-4 days of age. Atlas-C: The 41-th week
atlas built by Serag et al. [6] involving 204 premature neonates between 26.7 and 44.3
gestational weeks. Atlas-D: The neonatal atlas created by Shi ef a/. [8], involving the same
neonatal brain images as used in this work. An atlas created by simply averaging the 73
aligned neonatal images is also included for comparison. One can easily observe from Fig. 3
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that the atlas generated by the proposed method provides the clearest structural details. Note
that, Atlas-A, Atlas-B and Atlas-C are constructed using datasets different from ours and
thus may have different appearances from our atlas. Atlas-D, Averaging atlas, and the
Proposed atlas are built from the same dataset.

Evaluation of Atlas Representativeness

We evaluate the 6 neonatal atlases shown in Fig. 3 in terms of how well they can spatially
normalize a testing population of neonatal images. MR images of 20 new healthy neonatal
subjects (10 males/ 10 females) were obtained at 37-41 gestational weeks, using TSE
sequences with parameters: TR=6200 ms, TE=116 ms, Flip Angle=150°, and
resolution=1.25x1.25x1.95 mm3. Similar image preprocessing was performed, which
includes resampling to 1x1x1 mm3, bias correction, skull stripping, and tissue segmentation.
All these 20 test images are aligned to each of the 6 atlases by first using affine registration
and then nonlinear deformable registration with Diffeomorphic Demons [12], respectively.
For each atlas, a mean segmentation image is built by voxel-wise majority voting using all
aligned segmentation images. The segmentation images of all individuals, warped to the
atlas space, are then compared with this mean segmentation image by means of Dice Ratio:
DR=2[AN B|/(|A[+[Bl)), where A and Bare the two segmentation maps. DR ranges from
0 (for totally disjoint segmentations) to 1 (for identical segmentations). The structural
agreement is calculated in pair of each aligned image and the voted mean segmentation
image, which denotes the ability of each atlas for guiding test images into a common space.
Statistical analysis (Fig. 4) indicates that the proposed atlas outperforms all other atlases in
GM, WM and CSF alignment. Twosample t-tests based on the Dice Ratios demonstrate that
the proposed method significantly outperforms all other comparison methods (p<0.001).

Evaluation of Energy Distribution

We assess the image energy variation across all frequency subbands for the 6 neonatal
atlases shown in Fig. 3 and then compare with the individual images. For fair comparison,
the intensity ranges of all atlases are normalized to interval [0,255]. Low variation of high-
frequency components indicates loss of anatomical details. The energy of each frequency
subband is defined as the L, norm of wavelet coefficients in that subband. The average
energy is computed for each of the 24 wavelet subbands (including 3 scales, and 8
orientations for each scale) of the 73 neonatal subject images. Fig. 5 shows the energy
distributions for different scale levels and orientations. For the atlases created with simple
averaging, the energy loss is significant in the high frequency subbands (e.g., from subband
‘HLL’ to ‘HHH in Scale 1), compared to the atlas created using the proposed method. The
energy loss can also be observed in the higher frequency subbands (e.g., subband * HHH') of
Scale 2 and Scale 3. The proposed atlas mitigates the energy loss problem, illustrating that
the proposed atlas preserves more anatomical details from individual images and is hence
more representative of the population.

4 Conclusion

In this paper, we presented a novel space-frequency domain based sparse representation
method to better preserve structural details in neonatal brain atlases. Our approach employs
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a hierarchical strategy in reconstructing the atlas through combining atlases reconstructed
from the frequency subbands using wavelet decomposition. Experimental results
demonstrated that our approach preserves richer anatomical details (with better performance
on neonatal image normalization) than other state-of-the-art neonatal atlases.

References

1.

Evans A, Janke A, Collins D, Baillet S. Brain templates and atlases. Neuroimage. 2012; 62:911—
922. [PubMed: 22248580]

JJin’Y, Shi Y, Zhan L, Gutman B, De Zubicaray D, McMahon K, Wright M, Toga A, Thompson P.

Automatic clustering of white matter fibers in brain diffusion MRI with an application to genetics.
Neurolmage. 2014; 100:75-90. [PubMed: 24821529]

. Kuklisova-Murgasova M, Aljabar P, Srinivasan L, Counsell SL, Doria V, Serag A, Rueckert D. A

dynamic 4D probabilistic atlas of the developing brain. Neurolmage. 2011; 54(4):2750-2763.
[PubMed: 20969966]

. Schuh, A., et al. Construction of a 4D brain atlas and growth model using diffeomorphic

registration. Durrleman, S.; Fletcher, T.; Gerig, G.; Niethammer, M.; Pennec, X., editors. Vol. 8682.
Springer; Heidelberg: 2015. p. 27-37.STIA 2014, LNCS 8682. LNCS

. Oishi K, Mori S, Donohue P, Ernst T, Anderson L, Buchthal S, Chang L. Multi-contrast human

neonatal brain atlas: application to normal neonate development analysis. Neurolmage. 2011; 56(1):
8-20. [PubMed: 21276861]

. Serag A, Aljabar P, Ball G, Counsell S, Boardman J, Rutherford M, Rueckert D. Construction of a

consistent high-definition spatio-temporal atlas of the developing brain using adaptive kernel
regression. Neurolmage. 2012; 59(3):2255-2265. [PubMed: 21985910]

. Luo Y, Shi L, Weng J, He H, Chu W, Chen F, Wang D. Intensity and sulci land-mark combined brain

atlas construction for Chinese pediatric population. Human Brain Mapping. 2014; 35(8):3880-3892.
[PubMed: 24443182]

. Shi F, Wang L, Wu G, Li G, Gilmore J, Lin W, Shen D. Neonatal atlas construction using sparse

representation. Human Brain Mapping. 2014; 35(9):4663-4677. [PubMed: 24638883]

. Wei H, Viallon M, Delattre B, Moulin K, Yang F, Croisille P, Zhu Y. Free-Breathing Diffusion

Tensor Imaging and Tractography of the Human Heart in Healthy Volunteers using Wavelet-Based
Image Fusion. IEEE Trans. Med. Imaging. 2015; 34(1):306-316. [PubMed: 25216480]

10. Wu G, Wang Q, Jia H, Shen D. Feature based group-wise registration by hierarchical anatomical

correspondence detection. Human Brain Mapping. 2012; 33(2):253-271. [PubMed: 21391266]

11. Liu, J.; Ji, S.; Ye, J. Multi-task feature learning via efficient | 2, 1-norm minimization; Proceedings

of the Twenty-Fifth Conference on Uncertainty in Artificial Intelligence; Jun. 2009 p.
339-348.AUAI Press

12. Vercauteren T, Pennec X, Perchant A, Ayache N. Diffeomorphic demons: Efficient non-parametric

image registration. Neurolmage. 2009; 45(1):S61-S72. [PubMed: 19041946]

Med Image Comput Comput Assist Interv. Author manuscript; available in PMC 2016 May 08.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Zhang et al.

Individual
subject images

K%
Subject 1
A
¥\
Subject 2
)

Subject ¥

Averaging

Subject 2

3D wavelet decomposition

Subject N

Group-wise
registration

o Vemimaze — l_r N —
Frequency . Frequency Spatial

subband (1,1) subband (S,R) Consistency
-

1
1)
1] )
1 53
1
1 B
1| subject 1 i ('u .'g
1 =
1
1
1
-
1
1
1

In each

frequency

\gubband (s.r) =

For each location

Patch from
mean image

'\

. Similar,”

compare™,
I P Eld

Ntotal Patches from subject images
- N T B

Sparse Representation

Result
patch

“

reference patches

Fig. 1.

Space-Frequency Detail-Preserving Construction of atlases
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Fig. 2.
Neonatal atlas constructed from 73 subjects.
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Atlas-A Atlas-B Atlas-C Atlas-D Averaging Proposed

Fig. 3.
Comparison of neonatal atlases constructed by Kuklisova-Murgasova et a/. (Atlas-A, 2010),

Oishi et al. (Atlas-B, 2011), Serag et al. (Atlas-C, 2012), Shi et al. (Atlas-D, 2014), simple
averaging (Averaging), and our proposed method (Proposed) on the 73 aligned images.
Similar slices were selected from each of these six atlases for easy comparison.
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Box plots for the Dice Ratio (PR=2|AN B|/ (|A|+|Bl)), where Aand Bare the two
segmentation maps) values associated with the five state-of-the-art atlases and the proposed
atlas. Red lines in the boxes mark the medians. The boxes extend to the lower and upper
quartiles (i.e., 25% and 75%). Whiskers extend to the minimum and maximum values in
one-and-a-half interquartile range. Outliers beyond this range are marked by red “+”

symbols.
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Image energy distributions across orientations and scales, for the individual images, and the
6 neonatal atlases shown in Fig. 3. Higher energy values in high frequency subbands
represent better preservation of anatomical details. It can be seen that the proposed atlas
preserves more details from individual images, compared with state-of-the-art atlases.
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