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ABSTRACT

Atlas-based analysis methods rely on the morphological sim-
ilarity between the atlas and target images, and on the avail-
ability of labelled images. Problems can arise when the defor-
mations introduced by pathologies may affect the similarity
between the atlas and a patient’s image. The aim of this work
is to exploit the morphological dissimilarities between atlas
databases and pathological images to diagnose the underlying
clinical condition, while avoiding the dependence on labelled
images. To this end, the proposed method is formulated un-
der the principle of atlas-based segmentation but, instead of
propagating labels, we propagate image intensities. Using a
set of MR atlas databases, each database associated with a
clinical condition, synthetic images are generated for a tar-
get image. The diagnosis is established by assessing the de-
gree of similarity between the synthetic images and the target
and assigning the condition of the top-ranked synthetic image.
The obtained results are comparable to state-of-the-art meth-
ods using annotated images, with an accuracy of 90.0% when
evaluated on a set of 60 whole heart MR images containing
healthy and pathological subjects.

Index Terms— Computer-aided diagnosis, image synthe-
sis, MR, heart

1. INTRODUCTION

Atlas-based segmentation is a well established method for
segmenting images. It involves propagating an atlas to a target
image and then applying a fusion method to combine the label
images of the atlas and finally extract the structures of inter-
est. Despite its popularity, this approach has two major draw-
backs. First, to obtain a good segmentation, the morphologi-
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Fig. 1. MR synthesis for computer-aided diagnosis. Syn-
thetic images are generated from the target image for each
atlas database presenting a specific condition (red, green, and
blue). The diagnosis corresponds to the condition of the syn-
thetic image most similar to the target image.

cal similarity between the atlases and the target image must be
sufficient. When this condition is not satisfied, the deforma-
tions induced by the morphological dissimilarities may hinder
atlas registration, leading to unrepresentative segmentations.
This situation is common when pathologies introduce mor-
phological alterations in the affected organs. Second, atlas-
based segmentation is strongly dependent on the availability
of labelled images. In a clinical scenario or research project
with limited resources, gathering a sufficient number of anno-
tated images of pathology-specific, or even healthy subjects,
is a challenge.

Different works have tried to address the problem of mor-
phological dissimilarity. Based on the segmentation stage that
they tackle, methods can be classified into four categories: at-
las construction, atlas or model selection, image registration
and segmentation analysis. The first class of attempts pro-
poses to build probabilistic atlases which are flexible enough
to include the variations introduced by pathologies [1]. Model



selection techniques aim to select the atlas subset that best fits
the target images as to remove potential outliers [2]. Methods
addressing image registration formulate a registration frame-
work capable of handling images containing large pathologies
and large deformations [3]. Finally, segmentation analysis
methods exploit the segmentation errors caused by poor at-
las matching to identify the underlying pathology within the
context of computer-aided diagnosis (CAD) [4]. A common
characteristic of the above mentioned methods is that they do
not solve the dependence on labelled images.

In this work, we follow the principle of atlas-based seg-
mentation for CAD but, similarly to [5], instead of propagat-
ing labels, we propagate image intensities. The developed
algorithm makes use of pre-acquired databases of magnetic
resonance (MR) images, each database comprising subjects
presenting a defined pathology. For each target image, a syn-
thetic image is generated from each database. The diagnosis
is established by comparing the synthetic images to the target.

2. METHOD

Following the principle that an unrepresentative atlas is more
likely to lead to a poor segmentation [4], this work is based on
the hypothesis that synthetic MR images generated through
atlas-target matching will be more similar to the target when
the patient’s image and the matched database share the same
clinical condition. The proposed method generates synthetic
MR images through a multi-atlas information propagation
scheme based on local matching of MRI features. For a given
patient, we create one synthetic image for each condition
using its corresponding dataset. The final diagnosis is es-
tablished by assigning the condition whose synthetic image
is most similar to the true image as measured by a global
similarity measure (Fig. 1).

2.1. Database preprocessing, inter-subject mapping and
object location

Given a set of clinical conditions Ω , an atlas database Dω is
defined as the set of N MR images sharing condition ω, ω ∈
Ω. Every image in an atlas database has an associated im-
age mask defining a region of interest (ROI) enclosing the
anatomical structure of importance. As opposed to standard
atlas-based methods, these masks are not required to be highly
precise. They can be, therefore, obtained through simple seg-
mentation techniques and morphological operations (see Sec-
tion 3.1).

Let I be the target image to be diagnosed. MR synthe-
sis requires the alignment of the N MR images and masks
from each atlas database Dω to the target. This inter-subject
mapping is achieved through a two-stage registration process.
The images are first affinely aligned using a block matching
algorithm and then non-rigidly registered using normalised
mutual information. The obtained transformations are used

to map the N MRI/mask pairs of each atlas database Dω to
the target image. Structure location is achieved by fusing the
N mapped masks of an atlas database Dω through a voting
scheme (voting threshold of 0.8). The resulting set of masks,
one per condition ω, is denoted MΩ.

2.2. MR Synthesis

Once mapped to the target subject, the atlas images are fused
according to their morphological similarity to the target.

2.2.1. Image/Morphological Similarity

The morphological similarity between the target MRI and the
set of registered MRIs is assessed using a local image sim-
ilarity measure, the local normalised correlation coefficient
(LNCC). This evaluates the quality of alignment between two
images by calculating the correlation between the signals.
The convolution-based LNCC, as implemented by Cachier et
al. [6], between the target MR image I and the nth mapped
image of atlas database Dω (Jωn ), at voxel ~v, is given by:

LNCCn,~v =
〈I, Jωn 〉~v

σ(I)~v σ(Jωn )~v
. (1)

The means and standard deviations at voxel ~v are calculated
using a Gaussian kernel GσG

with standard deviation σG
through convolution:

I~v = [GσG
∗ I]~v σ(I)~v =

√
I2
~v − I

2

~v

〈I, J〉~v = I · J~v − I~v · J~v ,

where ∗ denotes the convolution operator.
As suggested by Yushkevich et al. [7], registration inaccu-

racies are compensated using a ranking scheme where larger
weight is given to the images better registered to the target
image. The LNCC at each voxel is ranked across all atlas im-
ages and the ranks, noted as Rn~v, are converted to weights by
applying an exponential decay function:

Wn,~v = e−βRn~v (2)

with Wn~v being the weight associated with the nth atlas im-
age at voxel ~v.

2.2.2. Intensity fusion

Similarly to the label fusion framework developed by Car-
doso et al. [2], the final synthetic MR image is obtained by a
spatially varying weighted averaging process. This average is
computed within a ROIM , defined as the intersection of each
database mask:

M =
⋂
ω∈Ω

Mω . (3)



The fusion is restricted to the intersection to guarantee that the
synthetic images generated from the different atlas databases
are defined in a common region.

As the MRI intensity scale is not standardised, the images
have to be normalised prior to the fusion step. We used a
standard score normalisation:

Inorm =
I − IM
σ(IM )

(4)

where the mean and standard deviation are computed within
M . In the following, Jωn refers to the normalised image.

Finally, the weights Wn~v are used to reconstruct the syn-
thetic MR image Iω at voxel ~v ∈M as follows:

Iω~v =

∑N
n=1Wn~v · Jωn~v∑N

n=1Wn~v

. (5)

2.3. Synthetic image ranking and final diagnosis

Synthetic images are generated for each pathology repre-
sented in the databases. Each synthetic image Iω is then
compared to the target image I using the normalised correla-
tion coefficient (NCC). Following the idea that morphological
similarity can be measured through image similarity, the syn-
thetic images are ranked based on the NCC score. A final
diagnosis is established by assigning the condition ω of the
top-ranked synthetic image Iω to the target image.

3. EXPERIMENTS AND RESULTS

In order to assess the clinical utility of the proposed CAD sys-
tem, we tested its capability to diagnose dextro-transposition
of the great arteries (d-TGA), a congenital heart disease in
which the two major vessels that carry blood away from the
heart are switched. Although the d-TGA is repaired at birth
through two different procedures known as arterial switch
(ASO) and atrial switch, monitoring of the patients across
their life time is crucial. Identifying the anatomical variations
caused by the correcting procedures from MR images is a
complex task which requires high clinical expertise, and is
often missed during screening.

3.1. Data

The dataset used for the validation was composed of 60 3D,
ECG- and respiratory-gated whole heart MR images acquired
on a 1.5 T MR scanner (Avanto, Siemens Medical Solutions,
Erlangen, Germany) at Great Ormond Street Hospital (Lon-
don, UK). The images were classified by a clinical expert into
three groups according to their clinical condition: ASO (20),
atrial switch (20) and normal controls (20). The three groups
of images were used as atlas databases Dω , ω ∈ Ω = {ASO,
Atrial, Normal}. Masks were obtained via Otsu thresholding,
connected component analysis and morphological operations.

Fig. 2. Top: CAD method confusion matrix. Bottom: Sen-
sitivity, specificity and accuracy of the proposed method and
the CAD system reported in [4].

3.2. Results

Validation was performed using a leave-one-out strategy,
comparing the label assigned by the proposed method to the
one given by the clinical expert. Figure 2 (top) summarises
the results in a confusion matrix. The proposed method iden-
tified the normal condition in 19 of 20 images and ruled out
the presence of a normal anatomy in 40 of 40 images. Among
images flagged as pathological, the method was able to iden-
tify the correct underlying pathology in 35 of 40 images (20
of 20 for ASO and 15 of 20 for atrial). Sensitivity, speci-
ficity, and accuracy were computed and compared to an atlas
segmentation-based CAD method [4] (Fig. 2, bottom). Ex-
amples of diagnosed images and the corresponding synthetic
MR images are shown in Fig. 3.

In order to assess the power of NCC as the similarity mea-
sure of choice for image ranking and final diagnosis, we also
analysed the NCC computed between every target image and
its corresponding synthetic images. The boxplots in Fig. 4
show that NCC values are higher when the target image and
the atlas database used to generate the synthetic image share
the same condition.

4. DISCUSSION AND CONCLUSIONS

We propose a CAD method synthesising MR images using
a set of pre-acquired, pathology-specific, databases, which
are then compared to the target image via an image similar-
ity measure. The diagnosis of the target image is obtained by
selecting the clinical condition of the top-ranked synthetic im-
age, i.e the synthetic image being, morphologically, the most
similar to the target. The proposed CAD method has been
evaluated for the classification of d-TGA congenital heart dis-
ease. Its overall system accuracy is of 90.00% in the discrim-
ination among d-TGA variations. These results are compa-
rable to those obtained with the segmentation-based method
reported by [4]. However, our approach is more robust and



Fig. 3. For every target (first column), synthetic MR images
(sMR) are obtained using three atlas databases: ASO, atrial
and normal. Arrows point to areas where morphological dif-
ferences between the atlas databases and the target produce
anatomically inconsistent images.
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Fig. 4. Boxplots displaying the median, lower and upper quar-
tiles, minimum and maximum of the NCC computed between
the target image and the three synthetic images for the aso,
atrial and normal conditions.

has the advantage of not depending on previously annotated
labelled images. As can be seen in Fig. 2 (bottom), the ob-
served performance of the CAD system in [4] could drop up
to 10% depending on its configuration.

Misdiagnosed cases can be explained by the reliance on
a global similarity measure to provide a final diagnosis. The
global NCC score might not be able to capture morphological
differences caused by the pathology if they are too subtle or
it might capture differences in regions that are not relevant
for the diagnosis. Strategies to overcome this limitation could
include using the NCC value (as opposed to only using its
rank) for the classification and adding local similarity metrics.

This paper is focused on congenital heart disease appli-
cations, but the principle can be applied for the diagnosis of
pathologies in different organs. Further experiments are re-
quired to validate the method in other regions of the body.
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