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and maternal organs such as the amniotic fluid, fetal hand
and foot, and cord that surround the fetal head. Those organs
can move non-rigidly in 3D and should be excluded from
the fetal head motion correction and reconstruction process.
Therefore, fetal head is often localized and extracted from
images prior to volumetric fetal brain MRI reconstruction.
The extraction of a region-of-interest around fetal head may
be performed manually or automatically.
Automatic localization of the fetal brain in MRI has
recently been addressed two groups [10, 11]. A two-stage
Random Forest classifier was proposed in [10], and a Bagof-Words model using SIFT features plus RANSAC for
robust fitting was proposed in [11, 12]. As compared to
these techniques, which focused on detecting a bounding
box around the fetal brain, we propose a block matching
technique to match (register) a spatiotemporal fetal brain
MRI atlas to the fetal brain in each 2D fetal MRI slice.
While prior knowledge is encoded and used as features
and scales based on gestational age in the previous studies,
we use an age-matched template as prior and match it
directly to each slice through an accelerated block matching
approach. The immediate outcome of our novel template-toslice block matching technique is automatic fetal brain MRI
localization (similar to the previous studies), but in addition,
we achieve template-to-slice matching (i.e. alignment in
3D), which can be used to improve fetal brain MRI
reconstruction and segmentation.

1. INTRODUCTION

2. METHOD

In-vivo fetal brain MRI analysis has accelerated in recent
years mainly due to the advent of retrospective motion
correction and volume reconstruction techniques [1-4].
Several groups have developed digital spatiotemporal MRI
atlases of the fetal brain [5-7] and have used atlases for
automatic segmentation, and volumetric and morphometric
analysis [8, 9]. One of the potential applications of the
developed spatiotemporal atlases of the fetal brain is to help
improve fetal brain localization and reconstruction, and to
automatize the entire fetal brain MRI analysis pipeline.
An important assumption in correcting inter-slice
motion for fetal brain MRI reconstruction is that the motion
of the fetal head is 3D rigid. Obviously this assumption is
only valid for the fetal head and does not hold for the fetal

This method aims at estimating a rigid transformation to
align a template (an age-matched fetal brain MRI template)
to fetal brain MRI scans. We formulate our problem as a
block matching algorithm in which the similarity between
each block, i.e. a whole 2D slice, extracted from the
template and a query image (a fetal MRI slice) is
maximized. However, as we do not have any prior
knowledge about the position of the fetal head, the similarity
is computed between each block in the template with all 2D
blocks in the query image. Consequently the search space is
large and the problem is computationally intensive.
To limit the search space, we break the rigid
transformation model to rotation ( ) and translation (T)
parts, and estimate the parameters of each part separately.
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For each rotation angle, the translation parameters are
estimated through our block-matching technique. Further,
we take advantage of dimension reduction as detailed below
to accelerate the estimation process. The algorithm involves
three steps: 1) block extraction and dimension reduction, 2)
block matching using expectation maximization (EM), and
3) calculation of final transform by maximizing similarity.
2.1. Block extraction and dimension reduction

Hence we can determine the a-posteriori probability of the
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Equations (1) and (4) lead to the following equation [14],
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By computing the Sum of Square Distances (SSD) between
a 2D block (i) in a template image and a 2D block (j) in the
query image we generate a similarity matrix as,
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We initially set the translation T to zero, and iteratively
update it to maximize the probability of the block in being
matched to the blocks in ,

∑
In order to accelerate the calculation of the similarity matrix,
we project each block to a lower dimensional space through
a random matrix based on the Johnson-Lindenstrauss
Lemma [13]. However, SSD is not rotation invariant, we
need to initially rotate the template image using a rotation
matrix (θ), extract the 2D blocks from the template, and
compute the similarity matrix
for each rotation matrix.
Note that the resolution of the rotation angle is 45˚, which
according to our experiments yields satisfying performance
in terms of speed and fetal brain localization accuracy.
2.2. Expectation maximization for match detection
After applying initial rotation
and calculation of the
similarity matrix
, we estimate the translation in the next
step. Due to the large search space, and the similarity of
surrounding structures such as the amniotic fluid and uterus
wall, a block in the query image with the highest similarity
with the template block may not necessarily indicate the
correct match. Therefore, we collect multiple blocks in the
query image with high similarity to each template slice. Let
be a binary matrix illustrating the match between the
blocks in two images [14], thus [ ]
(
). We
consider:
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We iteratively update the matches through Eq. (5) and the
translation in Eq. (7). Through iterations of the EM steps
formulated here, weights are assigned to a set of blocks with
highest similarity and are updated to find the best match.
2.3. Final transformation
Once we calculate the translation T, we apply the translation
and the initial rotation to the template, and calculate the
similarity between the transformed template and the fetal
image. Last, we choose the transformation with the highest
similarity value as the most probable transformation, that is,
(
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where NCC is the normalized cross correlation (Fig. 1).
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be two block
centers in the template image ( ) and the query image ( ),
respectively. The joint probability of and is,
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where
is the translation transferring the template to the
fetal brain in the image after initial rotation , ( |
)
is the probability of
being homologous to
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Assuming the template image blocks are independent,
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Fig. 1. In our template-to-slice algorithm, the 2D blocks of the
template (top) are matched to the brain slices in the fetal MRI scan
(bottom). The edge of the best match is shown as color overlay.

Fig. 2. Evaluation of the success rates of localization in the total
number of 366 scans for 30 subjects. The graph shows the
frequency distribution of mis-localized scans: in 15 subjects none
of the scans was mis-localized and in none of the cases more than
3 scans were mis-localized. Total number of mis-localized scans
was 21 (out of 366). This corresponds to 94% success rate.

The landmarks were detected on axial, coronal, and sagittal
slices chosen from a subset of scans (correctly localized
according to the previous experiment) for each case. The
landmarks included anterior commissure (AC), posterior
commissure (PC), anterior point (AP), posterior point (PP),
superior point (SP), and inferior point (IP). TRE was
calculated in millimeter as the Euclidean distance between
each pair of points on the matched template and each query
image. Figure 3(b) shows the boxplot of the TRE in
millimeters for the selected landmarks separately detected
on the matched template image and each query image
(Median of TRE = 4.2 mm). The boxplot analysis detected
100 outliers, which indicates 73% success rate in the fetus
brain matching.

3. EXPERIMENTAL RESULTS
We examined our algorithm on fetal MRI scans of 30
subjects. The gestation age (GA) of the fetuses at the time of
MRI scans was between 27 to 36 weeks (mean=31,
stdev=3). Imaging was performed on a 1.5T MRI scanner.
For each subject multiple single shot fast spin echo (SSFSE)
images were acquired with in-plane resolution of 1 to 1.25
mm, and slice thickness of 2 to 4 mm. The total number of
SSFSE scans in our study was 366 which correspond to an
average number of 12.2 scans per subject with standard
deviation of 1.9. Each of these scans was used as a query
image consisting of between 10 to 30 slices depending on
the field-of-view and the size of the fetus in each study.
3.1. Localization accuracy
We used a spatiotemporal MRI atlas of the fetal brain as the
template for brain matching [7]. We applied our matching
algorithm and found bounding boxes around the fetal head
in each scan (total number of 366 bounding boxes). We
calculated the localization error (LE) in millimeter as the
distance between the center of the computed bounding box
and the bounding boxes defined by a trained observer (gold
standard). Figure 2 shows the number of cases with 0 to 4
mis-localized scans. In 15 cases the brain was completely
localized in all scans, and in none of the cases more than 3
scans (out of the average of 12.2 scans) was mis-localized.
Figure 3(a) shows the boxplot of the localization error for
366 scans. The median of LE was 6.45 mm, which, as
compared to the 240-300 mm field of view of the fetal MRI
scans, and the sub-optimality of manually defined bounding
boxes in the presence of inter-slice fetal motion, is
remarkable. The boxplot analysis also detected 21 outliers
which confirmed our qualitative evaluation in Figure 2. This
indicates 94% success rate in fetal brain localization.
3.2. Registration accuracy
To calculate target registration error (TRE), we asked an
expert to find 10 point landmarks separately on the matched
template image and on the query image for each subject.
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Fig. 3. Boxplot analysis and statistics of (a) the localization error,
and (b) the target registration error computed for the landmarks
detected manually on pairs of correctly matched template and
query images for 30 fetuses (10 landmarks were detected on a set
of slices for each fetus). The reported statistics include mean (µ),
median (med), standard deviation (σ), first quartile (Q1), third
quartile (Q3), and the mean absolute deviation from median (D med)
in millimeters.

Fig. 4. Typical outcome of our template matching algorithm in a
sagittal fetal MRI scan of a 34 week GA fetus with severe interslice motion artifacts (slice thickness = 4 mm); (a) sagittal view of
the sagittal SSFSE scan, (b) coronal, and (c) axial views of the
same scan that are disrupted by inter-slice motion artifacts, with
the matched template image overlaid on the subject anatomy (in
color). Our results show that, even under severe motion artifacts,
our algorithm is capable of localizing the brain and matching the
template to a good fraction of slices.

3.3. Robustness to the choice of template
We also examined the sensitivity of the algorithm to the use
of templates that were one week younger than the subject.
Our results showed that the median localization error
increased from 6.45mm to 6.6mm, which shows that the
algorithm is relatively robust to variations in anatomy and
tolerates differences in maturation levels. Figure 4 shows an
example outcome of our template-to-slice matching
technique. Sagittal, coronal, and axial planes of the fetal
MRI scans are shown in (a) to (c) along with the matched
template scan as the color overlay image. Although
excessive inter-slice motion affected the out-of-plane views,
our algorithm was capable of localizing the brain via
matching the template to the majority of high-quality slices.
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4. CONCLUSION
We developed and examined a novel template-to-slice block
matching approach to automatically find the brain in fetal
MRI slices through matching a fetal brain MRI template.
We first used this for brain localization and achieved a high
success rate (94%) and a median localization accuracy of
6.45mm in extracting a bounding box around the fetal brain.
Automatic localization eliminates the need for manual
extraction of fetal brain region in volume reconstruction.
We also evaluated the accuracy of template to slice
matching by computing target registration error (TRE)
between landmarks detected on the matched fetal brain
template and the corresponding fetal MRI scans. We
achieved success rate of 73% and median TRE of 4.2 mm
which indicates accurate registration which may be used
towards improved motion correction, slice-level fetal brain
MRI segmentation, and reconstruction. These are the subject
of ongoing work.
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