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ABSTRACT

We propose a novel method for automatic alignment of fetal brain
magnetic resonance image volumes and 3D ultrasound images. Vol-
umetric fetal brain MRI is obtained from reconstructing 2D slices,
and is then segmented using a preterm neonatal probabilistic atlas.
The segmentation is further refined to extract features that are promi-
nent in fetal brain ultrasound. From the MR segmentation, a pseudo-
ultrasound image is simulated, taking into account the direction of
the beam in the real ultrasound volume. The simulated and real ul-
trasound images are then affinely aligned using normalized cross-
correlation. We show that the proposed approach performs better
than the standard approach for multi-modal registration of the MR
and ultrasound volumes driven by normalized mutual information.

Index Terms— Fetal brain imaging, MRI, 3D ultrasound, multi-
modal registration

1. INTRODUCTION

Fetal ultrasound (US) is the standard modality for assessing fetal
brain development in clinical practice. Though ultrasound can pro-
vide relatively high resolution, it is subject to severe artefacts. Tra-
ditional methods for assessment of fetal brain development rely on
measurements performed on 2D US scans, where a pre-defined plane
is manually selected by the radiographer, and several 2D measure-
ments are taken to assess the growth of the fetal head. If a brain
abnormality is suspected, fetal MRI is performed to confirm the find-
ing.

Recent advances in developing 3D US probes as well as new
methodologies for volumetric reconstruction of fetal brain MRI from
thick fast-spin-echo 2D slices provide opportunities for development
of new quantitative techniques for assessment of fetal brain develop-
ment. Recently emerged super-resolution techniques for reconstruc-
tion of high-resolution fetal brain MRI allow us to study the brain
development in great detail [1]. Detailed models of brain structure
constructed from such fetal MR volumes could serve as a prior for
quantitative measurements from 3D US.

In this paper we propose a method for 3D alignment of fetal
brain MRI to US. This problem has not been explored in literature
so far, even though various MR-US and CT-US alignment methods
for different organs have been proposed, mainly in the context of
computer assisted radiotherapy planning, e.g. [2]. Inspired by [2],
we propose to simulate the 3D fetal head US from an MR volume
and then align the simulated and real US image volumes. To perform
a suitable simulation, we analysed the correspondence of different
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features present in the fetal head US and MRI volumes, described
in Sec. 2. We segmented the chosen structures in one high quality
fetal MR volume and created a deformable template of fetal brain,
described in Sec. 3. The simulation of US from this template and the
alignment is presented in Sec. 4. We evaluate our method in Sec. 5
by performing affine inter-subject registration of the deformable MR
template to five US images and show that it outperforms standard
multimodal approach in which MR and US volumes are registered
directly using normalized mutual information.

2. FEATURES OF FETAL BRAIN US AND MRI

The major challenge in aligning fetal brain MR and US images is
that there exists no intensity mapping between the two modalities,
as they visualize complementary features. While MRI offers good
contrast between soft tissues, especially white matter (WM), grey
matter (GM) and cerebro-spinal fluid (CSF), US depicts surfaces of
the structures with superior resolution to MRI. The features best de-
tected using US are often hard to detect on MRI, because of its in-
sufficient resolution. Conversely, the WM-GM boundary does not
appear in US at all. The main US features which we will use to
guide the alignment include [3]

. the skull

. the midline (separating the two halves of the brain)

. the brain surface

. chloroid plexus (located in the ventricles)

. septi pelucidi (membranes separating ventricles)

. cerebellum

. deep GM

and are shown in Fig.1. The features visible on US are mainly cre-
ated by the reflection of the acoustic beam at the boundary of struc-
tures due to the difference in acoustic impedance (e.g. brain, cere-
bellum or bone surface, membranes), or the microstructure of the
tissue (e.g. in basal ganglia or brain volume). We therefore perform
a segmentation of the above structures in one MR image volume, and
use this to compute surface gradients to simulate reflection or to add
volumetric echogenity to simulate reflection of tissue microstructure.
The segmented MR image volume will serve as a deformable tem-
plate for inter-subject MR-US alignment.
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3. DEFORMABLE TEMPLATE OF FETAL BRAIN

3.1. Reconstruction of fetal brain MRI

To obtain a deformable 3D MR fetal brain template, an MR image
of a healthy fetus with gestational age (GA) 28 weeks was selected.
Fetal brain US often depicts structures that are difficult to visualize
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Fig. 1. Features visible on fetal brain US in axial view: skull, corti-
cal surface, midline, DGM, chloroid plexus (CP) and septum pellu-
cidum (SP). Positions of these features in MRI (a) and in US (b).

on MRI (e.g. membranes of the midline), thus a high resolution fetal
head MR image is essential for the creation of a deformable tem-
plate. Six stacks (two in each orthogonal direction) of 2.5mm thick
MR image slices with a slice gap 1.25mm and isotropic in-plane
resolution of 1.25mm were acquired using single-shot fast spin echo
T2w sequence’. The volume was reconstructed by iterating between
super-resolution reconstruction and slice-to-volume rigid registra-
tion using our previously developed fetal MR reconstruction method
[4]. The similarity measure used for slice-to-volume registration was
normalized mutual information [5]. Our superresolution reconstruc-
tion is designed to deal with the common artefacts of MR acquisi-
tion, namely exclusion of motion-corrupted slices, intensity match-
ing and bias field correction. The volume was obtained by iterative
minimization of the following objective function:
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where y; denotes voxel intensities of scaled and bias-corrected ac-
quired slices, y; = E ; Mijx; denotes voxel intensities of slices
simulated from the latest estimate of the volume with voxel inten-
sities ; using the point-spread function of MR acquisition sampled
into values m;;. The weights w; are obtained as posteriors of classi-
fication of intensity errors between simulated and corrected acquired
voxels or slices into outliers and inliers using an EM algorithm (more
specifically, w; is a product of the voxel and slice posteriors). The
reconstruction is regularized using edge-preserving smoothing [6].
The reconstructed volume, scaling factors and bias fields are esti-
mated by minimizing the objective function (1) using gradient de-
scent. The combination of this comprehensive and robust recon-
struction method together with high sampling and relatively small
slice thickness of the acquired dataset results in a high quality fetal

'We thank the Department of Neonatal Imaging, Imperial College Lon-
don for providing this dataset.
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head volume suitable for segmentation of the structures visible in
fetal US (Fig. 1a and 3a).

3.2. Segmentation of the brain in MRI

The reconstructed MRI was upsampled from a resolution with
isotropic voxels size 0.75mm to a higher resolution (isotropic voxels
with size 0.33mm) and segmented using a preterm neonatal proba-
bilistic atlas [7], publicly available at www.brain-development.org.
The earliest time-point available at this atlas (29 weeks GA) was
chosen. The average T2 template provided with the atlas was aligned
with the MR image using multi-resolution B-spline non-rigid reg-
istration with final control point spacing 5mm (see [7] for details).
The probability maps were then warped to the image space and used
as a spatial prior to segment the image into 7 classes (white matter
(WM), cortex, deep gray matter (DGM), brainstem, cerebellum,
cerebro-spinal fluid (CSF) and background) using EM algoritm [8],
by iterating between equations
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where x; denotes bias-corrected voxel intensities, p;j the posteri-
ors, and pJf!®* the priors from the probabilistic atlas. P(z} |k, o)
are likelihoods modelled by Gaussians with means p, and variances
ok. The exception is the background class, where a mixture of two
Gaussians was used to model the likelihood due to the presence of
amniotic fluid in background as well as larger proportion of extra-
cranial CSF in fetuses compared to pre-term infants. The bias field
was also iteratively corrected during segmentation. The posteriors,
means and variances can be used to model the estimate of the bias-
free image with voxel intensities e; = > %Hk /> I‘:ik [8]. The
bias field can then be estimated by comparing the image intensities
to the estimate followed by weighted Gaussian smoothing [9]. Un-
like previous approaches [8, 9], we avoid logarithmic transformation
of the intensities in the pre-processing to make the bias field addi-
tive, but instead work directly with a multiplicative bias field. At
each iteration we calculate the bias residual r; = log(x; /e;). This
is followed by weighted Gaussian smoothing of the residual r; with
weights 7 >, ’:;%: to calculate the bias field b} still present at the

n'™ iteration. The bias-corrected image is then updated as follows:
(@)™ = ()" exp(=07).

The automatic segmentation was visually inspected and any mi-
nor misclassifications were manually corrected. The CSF segmen-
tation was obtained by joining the bright background tissue and au-
tomatic segmentation of CSF. As amniotic fluid is always separated
from CSF, the CSF segmentation was obtained by calculating the
largest connected component of this joint tissue class.

In fetal brain US, the brain tissue (with exception of the corpus
callosum) is clearly divided into a right and left hemisphere. This
however is only partially visible on MRI due to insufficient resolu-
tion and partial volume effects along the midline. We therefore arti-
ficially separated the WM segmentation into two parts (by removing
the voxels closer than 1.5mm to the WM surface) and calculated dis-
tance transforms from these two WM cores. All the brain structures
(except for WM) were thus separated into right or left, depending
on their distance to the right or left WM core. Voxels with roughly



EM segmentation of brain structures
with probabilistic atlas
v
midline segmentation
using distance transform
v
joining of WM and cortex
v
skull segmentation
using distance transform
v
EM segmentation of non-brain
structures within CSF

Fig. 2. Overview of the methodology for the segmentation of the
deformable MR template.

same distance from both were removed to simulate the presence of a
small amount of CSF between right and left part of the brain, visible
on US.

Finally, the WM and cortex were joined to create the segmen-
tation of cortical hemispheres, as the WM-cortex boundary is not
visible on US.

3.3. Segmentation of the non-brain structures in MRI

Segmentation of skull in MRI is difficult as it appears dark and often
borders other tissues also appearing dark on T2w MRI. Addition-
ally, the thickness of the fetal skull is well below 1mm, making it
difficult to segment given the resolution of the image. The skull was
therefore estimated from the brain mask created by joining automatic
segmentations of five brain tissues and CSF, described in Sec. 3.2. A
distance transform from this brain mask was calculated, and it was
visually determined that the voxels with distance between 0.6mm
and 1.4mm delineated the skull very well.

Chloroid plexus, septi pellucidi and membranes of the midline
are structures well visible on US. They are located within the CSF
and are largely ignored in standard segmentation methods for brain
MRI. We therefore segmented the CSF voxels into two classes. The
darker class represents the non-brain structures we are interested in.
To avoid inclusion of partial volume (PV) voxels where CSF is mix-
ing with neighbouring brain tissue or the skull, we removed all vox-
els with distance less then 0.75mm from the brain or skull. For
classification into dark and bright intensity voxels, we used equa-
tions (2), (3) and (4), except that this time we did not use atlas as
a prior, but average of the posteriors of the six neighbouring voxels
from the previous iterations. The use of the neighbourhood prior,
though resulting in slight oversmoothing, ensured a clean segmenta-
tion of non-brain structures without inclusion of remaining PV vox-
els. The final segmentation of the MR deformable template is shown
in Fig. 3a. The overview of the segmentation of the MR template is
shown in Fig. 2.

4. MR-US ALIGNMENT

For the purpose of alignment of the deformable MR template with
3D US images, we simulated the US image from the segmentation of
the MR template, inspired by [2]. The reflections in US are visible
when a beam meets a boundary of two tissues with different acoustic
impedances. The main surfaces to consider here are the skull surface
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and the boundary between brain and CSF. In adults, the bone reflects
all the signal, thus creating shadows behind the bones. This does
not apply to the fetal skull, which is not fully calcified and fused,
hence the signal can penetrate through the fontanels and sutures. At
present there does not exist a model for acoustic properties of the
fetal skull. We therefore assume the beam passes through the skull.
This is partly true, as the radiographer tries to find a position of the
probe which gives the best view of the fetal brain while minimizing
the shadows.

Our simulation of a 3D US image from an MR volume there-
fore includes reflections of surface of the brain and skull. The brain
segmentation is obtained by joining segmentations of cerebral hemi-
spheres, DGM and brainstem. The cerebellum is treated separately,
as the cerebellar surface is of too small scale to simulate the reflec-
tion. We calculate the gradients g; of the brain and skull surface
which are an estimate of the surface normals. The surface s; can be
estimated as the gradient magnitude s; = |g;|. Membranes are di-
rectly treated as surfaces due to their small thickness. The amount of
reflected signal also depends on angle « of the direction of the beam
and the surface normal, with highest reflection if their direction is
identical. Finally, the amount of signal reflected back to the probe
also depends on factors z; derived from the acoustic impedances of
the two tissues [2]. The reflection R; is therefore calculated as

R; = z; x cos(a) * s; 5)

Lack of knowledge of tissue properties of the fetal skull and brain
prevents us from calculating the amount of signal transmitted
through the tissue surfaces. We therefore did not attempt to model
attenuation and use the simplified model given by eqn. (5). The val-
ues of z; for skull, brain and membrane surfaces are experimentally
determined. Visual inspection of the US also revealed that differ-
ent tissues have different levels of echogenity. This is highest for
chloroid plexus, followed by DGM and brainstem (appearing simil-
lar) and cortical hemispheres as darkest. We therefore add visually
determined uniform intensity values to these structures. Addition-
ally, the cerebellum is also included as a uniform high-intensity
structure. As we do not aim to perform realistic simulation but only
include the features which will drive the registration, we do not
include speckle in the pseudo-US image. The resulted simulation is
presented in Fig. 3b.

The simulated US image is then affinely aligned with the real
US image using normalized cross-correlation. The alignment could
be done iteratively, as the simulation depends on the direction of the
beam. However, the US images are usually acquired in roughly the
same position, so only one iteration is used at present.

5. RESULTS

The proposed registration method was applied to five US images of
fetal head, with GA 28-29 weeks >. Images were acquired using
Philips HD9 machine using a 3D transabdominal probe with me-
chanical steer. Quality of the US fetal brain scans can vary consid-
erably. Only good quality images were selected for experiments, on
the criteria of substantial amount of the brain to be visible and atten-
uation not too high to obstuct visibility of the features. The MR im-
age template was affinely aligned to these images using the proposed
method, and for comparison also using normalised mutual informa-
tion. We found that normalized mutual information was too flexi-
ble to find correct correspondences of surfaces which are prominent
in these images, and features were often misaligned (see Fig. 3c).

2We thank the Intergrowth-21% Consortium for providing the images



Fig. 3. MR to US alignment. (a) High resolution MR image with the
segmentation of skull (blue), brain (red), DGM (yellow) and non-
brain structures (green). (b) Simulated US image. (c) Affine align-
ment using NMI; the features are not well aligned. (d) Affine align-
ment using the proposed method; the corresponding features are well
aligned. Highlighted features: skull, insular lobe of the cortex (IL),
chloroid plexus (CP) and septum pellucidum (SP).

Method | No alignment [ NMI [ Proposed

Scan 1 1.80mm | 4.29mm 0.43mm
Scan 2 1.73mm | 6.02mm 0.66mm
Scan 3 3.29mm | 0.65mm 0.35mm
Scan 4 1.11lmm | 0.63mm 0.43mm
Scan 5 3.0lmm | 2.69mm 0.83mm

[ Average | 2.18mm [ 2.86mm | 0.54mm |

Table 1. Average distances of midline planes of MR and US volumes
after alignment with NMI and proposed method.

Much better results were obtained using the proposed method, as
shown in Fig. 3d.

Quantitative evaluation of the quality of alignment of US and
MRI is problematic as it is difficult to accurately define 3D land-
marks in US images with heavy artifacts and missing features. We
therefore investigated distance of the midline of both images. The
plane of the midline in MR image was calculated by carefully plac-
ing three points. The midline was manually traced in all five US
images in two orthogonal directions in regular intervals, wherever
visible. We calculated the average distance of these points to the
aligned midline plane of the MR image. Results presented in Table 1
show that our proposed method produces good quality alignment of
the midline with an average error of 0.54mm, while alignment using
NMI is unstable.

6. DISCUSSION AND CONCLUSION

In this paper we proposed a novel method for affine registration
of 3D fetal MRI and US. The method was based on simulation of
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pseudo-US image from a reconstructed MR template. We described
a high-resolution reconstruction of fetal brain MRI and atlas-based
segmentation of structures in MRI which are the important features
visible in fetal brain US. Though the segmentation included a man-
ual correction step, it could be also run automatically with a small
drop in the performance, thus enabling 3D registration of any MR
and US image of similar GA, for which a probabilistic atlas is avail-
able. We demonstarted that our method accurately aligns the mid-
line of the brain in the two modalities, unlike when using registration
using NMI. The proposed method will serve as a tool towards bet-
ter understanding of corresponding features in fetal brain MRI and
US. The method performed well when good quality 3D US scans
were used. In the future we would like to further develop our reg-
istration methodology to be more robust against artefacts in US and
to deal with missing features. This would enable us to register also
lower quality scans and perform non-rigid alignment. We would also
like to develop a framework for more comprehesive validation of the
alignment, which could include definition of the corresponding land-
marks and regions of interest in MR and US fetal brain MRI.
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