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Abstract
This chapter describes how segmentation and registration can be used to syn-
thesise medical images of a particular modality from images of another modal-
ity. Segmentation-based approaches can generally be decomposed into two
components: the first one consists in segmenting the source image and the
second one consists in assigning intensity values to the different tissue classes
obtained to generate the desired image. The segmentation can be manual
or automatic and the intensities can be assigned in bulk (i.e. with prede-
fined values assigned to each tissue class) or in a subject-specific manner.
In registration-based methods, an atlas is deformed to match the subject’s
anatomy using non-rigid registration. The atlas can be composed of a single
image of the target modality, of a pair of images from the source and target
modalities, or of multiple pairs.

Both the general principles and particular examples of segmentation-based
and registration-based image synthesis approaches are described. The chapter
takes as guiding thread the synthesis of computed tomography from magnetic
resonance (MR) images, which is the predominant synthesis task as it answers
two very concrete applications: attenuation correction of positron emission
tomography (PET) data, particularly for PET/MR scanners, and radiotherapy
treatment planning from MRI only.
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1. Introduction

Many of the early works on medical image synthesis had for objective to im-
prove subsequent image processing steps such as segmentation or registration.
In 2005, van de Kraats et al. [1] presented a new method to register (preoper-
ative) magnetic resonance (MR) images to (intraoperative) X-ray images. MR
to X-ray registration is very challenging because of the different underlying
contrast mechanisms. A consequence of these differences is that several tis-
sues, especially bone, have dissimilar appearances on both modalities, which
makes it difficult to directly apply gradient-based or intensity-based registra-
tion methods. Their idea was thus to convert multispectral MR images into
computed tomography (CT) images by constructing a look-up table, and to
then register the synthetic CT to the X-ray, which is an easier task as both
modalities have the same underlying contrast mechanisms. They showed that
registering synthetic CTs to X-ray data using a gradient-based approach out-
performed direct registration from the MR data. Five years later, Roy et al. [2]
investigated whether lesions could be detected in the absence of an appropriate
lesion-distinguishing MR sequence (a FLAIR) by synthesising a FLAIR from
other sequences (T1-weighted and T2-weighted) using a patch-based approach
(see Chapter 5), and showed that it was indeed the case. Other examples are
described in Chapter 10.

In both these examples, image synthesis was used to improve segmenta-
tion or registration. Instead, what will be described in this chapter is how
segmentation and registration can be used to synthesise medical images of a
particular modality from images of another modality. The use case through-
out the chapter will be the synthesis of CT from MR images as almost all the
works reported target two very concrete applications: attenuation correction
of positron emission tomography (PET) data, particularly for PET/MR scan-
ners, and radiotherapy treatment planning from MRI only (more details are
provided in Chapters 19 and 20.

One of the factors limiting the widespread use of PET/MR scanners is
probably the imperfect attenuation correction, leading to a bias of the PET
activity, particularly in the brain. Before the emergence of PET/CT scanners,
attenuation correction was mostly based on transmission measurements. How-
ever, because of the restricted space and the strong magnetic field, installing a
rotating radiation source in a PET/MR scanner is challenging. With PET/CT
systems, the attenuation coefficients are derived from CT scans. However, in
contrast with CT images, MR image intensities do not directly provide infor-
mation about the tissue attenuation properties.

The aim of radiotherapy treatment planning (RTP) is to optimise the ther-
apeutic ratio by delivering an optimal dose of radiation over the tumorous area
while sparing the normal tissues. RTP first requires contouring the tumour
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and organs at risk. Once these volumes have been defined, the attenuation
properties of the different tissues are used as parameters in an optimisation
process calculating the optimal dose distribution to treat the tumour. Most
radiotherapy treatments are planned using a CT scan of the patient as its ac-
quisition is fast and tissue attenuation coefficients can easily be derived from
the CT intensity values in Hounsfield unit. However, CT images have a low
soft-tissue contrast, which can lead to large organ delineation errors, particu-
larly when located in the brain, head & neck, or pelvic regions. MRI is often
preferred over CT as a structural imaging modality, mainly for its excellent
soft-tissue contrast. Although MRI is increasingly used in clinical practice,
its role in RTP is limited by the fact that it does not readily provide tissue
attenuation properties, hampering the calculation of dose distributions. This
is a critical limitation for the clinical deployment of the MR-linac devices com-
bining an MR scanner and a linear accelerator—the machine delivering the
radiation dose.

To answer these two problems, numerous methods have been proposed.
Both the general principles and particular examples of segmentation-based and
registration-based image synthesis approaches will be described. The reasons
why these two families of methods have almost exclusively been applied to
the MR to CT synthesis task and why they have been supplanted by other
methods will then be discussed.

2. Segmentation-based image synthesis

Segmentation-based approaches can generally be decomposed into two compo-
nents: the first one consists in segmenting the source image and the second one
consists in assigning intensity values to the different tissue classes obtained to
generate the desired image. The segmentation can be manual or automatic,
and the intensities can be assigned in bulk (i.e. predefined values are assigned
to each tissue class) or in a subject-specific manner. This process is illustrated
in Figure 1. Note that segmentation-based image synthesis can also be called
classification-based image synthesis [3].

2.1 Segmentation approaches

2.1.1. Manual segmentation

Manual segmentation is not uncommon in domains such as RTP [4, 5, 6].
In their early work on the use of MRI for RTP, Jonsson et al. [4] manually
segmented the patient outline, bones, lungs and air cavities. An example of a
pelvis MRI and synthetic CT, overlaid with patient outline and bone contours,
is shown in Figure 2. Body and bone outlines were also contoured in [5] and
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Figure 1: Segmentation-based approaches can be decomposed into two parts: the
first one consists in segmenting, manually or automatically, the source image (here an
MR image) and the second one consists in assigning intensity values to the different
tissue classes obtained to generate the target image (here a CT image in Hounsfield
unit [HU]). Intensities can be assigned in bulk (i.e. predefined values assigned to
each tissue class) or in a subject-specific manner.

Figure 2: Example of a manually segmented MR image (left) and the resulting
synthetic CT with assigned mass densities (right) [4]. Jonsson et al. 2010 Radiat.
Oncol. 5 62 doi:10.1186/1748-717X-5-62 © 2010, Jonsson et al; licensee BioMed
Central Ltd.

bone and air in [6]. Manual segmentation is very time-consuming and thus
automatic segmentation methods have naturally been employed.

Biomedical Image Synthesis and Simulation, Chapter 4
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2.1.2. Automatic segmentation

Segmenting MR images for PET attenuation correction was already a topic of
interest in the 1990s: Le Goff et al. [7] segmented brain T1-weighted (T1w)
MR images based on thresholding and mathematical morphology tools. Later,
Mart́ınez-Möller et al. [8] used thresholding to segment the body into four
classes: background, lungs, fat and soft-tissues. They relied on a specific
MRI sequence, the Dixon method, which exploits the fact that water and
fat protons have slightly different resonance frequencies. By acquiring images
when their spins are in- and out-of-phase with each other, water and fat images
can be derived [9]. In this work [8], a threshold was applied to the water and
fat images to separate soft-tissue and fat from the background. Connected-
component analysis of the air in the inner part of the body was used to define
the lung class. The tissue/air classification was refined using a morphologic
closing filter. Catana et al. [10] and Keereman et al. [11] also used a particular
MRI sequence to segment head images into three classes (bone, soft-tissue and
air), the ultra-short echo time (UTE) sequence. Two images, UTE1 and UTE2,
were acquired at different echo times, TE1 and TE2 respectively, such that the
bone signal is present in UTE1 but not in UTE2, while the signals from other
tissues are similar in both images. In [10], a head mask is first obtained by
applying a morphologic closing operation to the UTE2 image. Bone tissue was

segmented from a combination of the two UTE images
(

UTE1−UTE2

UTE2
2

)
using an

empirically determined threshold. The air cavities were segmented in the same

way but from another combination of the UTE images
(

UTE1+UTE2

UTE1
2

)
. Finally,

the voxels included in the head mask that were not identified as bone or air
were classified as soft-tissue. From the two UTE images, in [11] the R2* value,
which is the inverse of the T2* relaxation time, was first calculated for each
voxel as follows: R2* = lnUTE1−lnUTE2

TE2−TE1
. It was then possible to distinguish

between cortical bone, which is expected to have high R2* values, from soft-
tissue, expected to have low R2* values. The distinction between air and tissue
is however more difficult because of possible artefacts or noise in the UTE
images. To overcome this problem, a binary air mask was created from the
first-echo image (UTE1) and applied to the R2* map. Finally, the corrected
R2* map was segmented into three tissue classes (bone, soft-tissue and air)
using thresholds. The method is illustrated in Figure 3. Refinements for
the R2* map segmentation were later proposed [12]. Combining cortical bone
segmentation and water-fat decomposition, Berker et al. [13] proposed a 4-class
(bone, soft-tissue, fat and air) segmentation technique using a UTE triple-echo
sequence. The combination of the first and third echoes, both in-phase, was
used to segment cortical bone, while the combination of the second echo, out-
of-phase, with the in-phase echoes enabled the separation of the fat and water
signals and the calculation of the water-fat fraction. Bone was then segmented

Biomedical Image Synthesis and Simulation, Chapter 4
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Figure 3: Automatic segmentation of dual ultra-short echo time (UTE) images using
a thresholding approach [11]. The uncorrected R2 map is calculated from the UTE
images acquired at echo times TE1 and TE2. The R2 map is masked with an air
mask derived from the first-echo image to generate the corrected R2 map. The
corrected R2 map can be segmented into bone, soft-tissue, and air. Keereman et al.
2010 J. Nucl. Med. 51(5) 812 doi:10.2967/jnumed.109.065425

using an empirically determined threshold.

The fuzzy c-means (FCM) algorithm was implemented in several works.
This unsupervised method generalises the k-means algorithm by allowing each
data point to belong to multiple clusters with varying degrees of member-
ship [14]. This is for example the case of Zaidi et al. [15], who applied the
FCM algorithm on T1w spin-echo images to segment air, brain tissue, skull,
nasal sinuses, and scalp. Some manual intervention of the operator was re-
quired to refine the segmentation of the skull. Later, Hsu et al. [16] applied it
to segment a set of MR images (T1w, T2w, Dixon and UTE) into five tissue
classes (fluid, fat, white matter, grey matter and bone). Su et al. [17] followed
a similar idea but reduced the inputs to a single acquisition UTE-mDixon se-
quence. The three images derived from this sequence (fat, water and R2*)
were used as inputs for an FCM algorithm aiming at identifying five clusters
(air, brain, fat, fluid, and bone). They later extended the approach to thorax
synthetic CT generation [18]. Instead of the UTE sequence, Khateri et al. [19]
proposed to use a short echo time sequence, combined with a Dixon sequence,
to segment the head in four tissue classes using FCM. Active learning-based
classification was proposed in [20] to refine segmentations obtained with fuzzy
clustering.

Other segmentation approaches have also been used. A knowledge-based
segmentation approach consisting of three steps was proposed in [21]. First,
tissues were segmented using a supervised neural network-based classification.
The brain and extracerebral region were then separated based on anatomical
knowledge: it is known that the brain soft-tissue is surrounded by cerebrospinal

Biomedical Image Synthesis and Simulation, Chapter 4
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fluid (CSF) which is in turn surrounded by the extracerebral region, while
the extracerebral region is surrounded by the background region. Anatomical
knowledge was finally used to segment the extracerebral region into the mastoid
process, craniofacial cavities, bone, and soft-tissue, based for example on the
fact that air-filled cavities are compact and connected by small junctions, while
bone regions are narrow and elongated. Schulz et al. [22] based their 3-class
(air, soft-tissue and lung) segmentation method on a T1w sequence. The
body was first extracted from the background using slice-wise region growing
with an automatically determined threshold, and another region growing was
performed to segment the lungs. Instead of segmenting MR images, the use of
non-attenuation corrected (NAC)-PET images was investigated in [23]. The
3-class segmentation consisted of segmenting the NAC-PET to derive a first
attenuation map, using this map to correct the raw PET data for attenuation,
and refining the segmentation using the newly reconstructed PET image. This
process was repeated to first segment the body contour, then segment the
lungs, and finally refine the lung segmentation. Instead of segmenting the
skull in image space, Yang et al. [24] proposed a skull segmentation method for
T1w MR images via a multiscale bilateral filtering processing of MRI sinogram
data in the Radon domain. This segmentation method was combined with a
multiscale FCM approach to classify the other tissues. In [25], air, bone and
soft-tissue were segmented from brain UTE images using a multi-phase level-
set approach. This active contour strategy allows segmenting images with
more than two regions [26]. Finally, a 3D deep convolutional neural network
(DeepMedic [27]) was trained in [28] to segment air, water, fat, and bone from
T2w and Dixon images of the pelvis.

2.2 Intensity assignment approaches

Once the input image has been segmented, meaningful intensities must be
assigned to each tissue class in order to obtain the synthetic image of interest.

2.2.1. Segmentation methods with bulk assignment

The simplest way to obtain a synthetic image from a segmented image is to
assign predefined intensity values to each tissue class. This can be easily done
when generating CT images as their voxels are displayed in terms of relative
radiodensity expressed in Hounsfield unit (HU). For example, air has an atten-
uation of -1000 HU, fat between -120 and -90 HU, water of 0 HU, and cortical
bone between 500 and 1900 HU. In their work illustrated in Figure 2, Jonsson
et al. [4] assigned mass densities of 1.33 g/cm3 to femoral bone, 1.025 g/cm3

to soft-tissue and 0.001 g/cm3 to air.

Biomedical Image Synthesis and Simulation, Chapter 4
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2.2.2. Segmentation methods with subject-specific assignment

The main drawback of assigning predefined values to the different tissue classes
is that subject variability is not taken into account, which limits synthesis accu-
racy. This is particularly important in the MRI to CT image synthesis scenario
for the bone region as it is known that several factors, such as age, can affect
bone density [29, 30]. To overcome this limitation, several groups explored
the possible existence of a mapping between the CT HU and MRI intensities,
particularly R2* values in the bone region. If the ability of CT imaging to
determine bone mineral content has been known for a long time [31], several
studies showed that MR imaging could also provide some useful information. It
was for example demonstrated using the UTE sequence that the water bound
to the collagen in cortical bone (higher density) has a shorter spin-spin relax-
ation time T2 than the water present in the porous regions of cortical bone
(lower density) [32]. As T2* includes T2 relaxation, it is expected that changes
in R2* values (R2* = 1/T2*) would reflect changes in bone density.

Kapanen et al. [34] exploited in-phase images from a Dixon sequence to
model the relation between MR intensity and HU within bone by fitting a
second order polynomial. Pseudo CTs were generated by manually contouring
the MR images, converting MR intensity values into HU within bone, and
assigning to the other tissue classes a value of 0 HU.

Juttukonda et al. [35] acquired dual UTE and Dixon sequences from which
they derived R2*, fat, water, and UTE1 images used to segment bone, fat,
soft-tissue, and air, respectively, based on simple thresholding. Predefined
linear attenuation coefficients were then assigned to the air, fat and soft-tissues
classes while tissues classified as bone were converted to HU using a regression
model between the R2* values and HU. Several steps were necessary to obtain
this model. First, the CT and R2* images of several subjects were aligned,
and bone was segmented in both modalities using thresholds. To reduce noise,
the R2* values were divided into bins. The mean R2* values and HU were
then computed and plotted for each bin. Finally, a sigmoid model was fitted
to the data.

Ladefoged et al. [33] also acquired and used UTE images to extract a con-
tinuous bone signal for each patient and map R2* values to HU. The model
was however different as a third order polynomial was fitted instead of a sig-
moid, see Figure 4. This could be explained by the lower threshold chosen
for included bone and the different formula used to compute the R2* map. In
addition to the R2* to HU mapping, they proposed to improve the attenuation
map generation using regional masks to separately treat complex areas with
mixed air and tissue. These regional masks, defined on an atlas, were trans-
ported into to subject’s space and used, in combination with the R2* values,
to assign predefined attenuation coefficients to the frontal sinus, nasal septa
and ethmoidal sinus, mastoid process, and skull base.

Biomedical Image Synthesis and Simulation, Chapter 4
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Figure 4: Illustration of how MR intensity values can be converted into CT
Hounsfield units (HU) for subject-specific intensity assignment [33]. R2* versus
HU scatter plot with sampled points are shown for each of the ten patients in grey.
Every third median bin-value is shown with black squares. Standard deviation to
the mean value is shown with black error bars. A 3rd order polynomial fit to the me-
dian points is shown with the blue line (goodness of fit r2 = 0.93). Ladefoged et al.
2015 Phys. Med. Biol. 60 8047 doi:10.1088/0031-9155/60/20/8047 © Institute of
Physics and Engineering in Medicine. Reproduced by permission of IOP Publishing.
All rights reserved.

Other sequences have been exploited to convert MR intensities into CT
HUs, mainly the zero echo-time (ZTE) sequence that allows capturing bone
density variations [36, 37, 38, 39]. A linear regression was used to convert
ZTE-normalized to HU values in the skull [38] while a two-segment piecewise
linear model was used in pelvic bone regions [39]. Examples of brain pseudo
CT images obtained with this approach are shown in Figure 5.

3. Registration-based image synthesis

In registration-based methods, an atlas is deformed to match the subject’s
anatomy using non-rigid registration. If we keep as use case MRI to CT image

Biomedical Image Synthesis and Simulation, Chapter 4
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Figure 5: Three examples of CT images and ZTE-based pseudo-CTs generated using
the segmentation algorithm and the linear relationship between normalized ZTE
intensity and CT density in Hounsfield unit (HU) described in [38]. Khalifé et al.
2017 Phys. Med. Biol. 62 7814 doi:10.1088/0031-9155/60/20/8047 © Institute of
Physics and Engineering in Medicine. Reproduced by permission of IOP Publishing.
All rights reserved.

synthesis, the atlas can be composed of a single CT image, of a pair of MR
and CT images, or of multiple pairs of MR and CT images, as illustrated in
Figure 6. The principle was first introduced in 1993 by Miller et al [40].

3.1 Single-atlas registration approaches

3.1.1. Direct multimodal registration

When the atlas is composed of only one image of the target modality, a syn-
thetic image is generated by directly registering the atlas to the source image
of the subject of interest. The registration is thus multimodal. Schreibmann
et al. [41] developed a multimodality optical flow deformable model mapping
a representative CT template directly to the subject’s MR image, thus gener-
ating a simulated CT image that matches the patient’s anatomy. Multimodal
inter-subject being the most challenging registration scenario, very few studies
implemented a direct registration image synthesis approach.

3.1.2. Indirect unimodal registration

The majority of single-atlas registration approaches use an atlas composed
of a pair of images: an image of the source contrast/modality and an image
of the target contrast/modality. The source atlas image is registered to the

Biomedical Image Synthesis and Simulation, Chapter 4
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Figure 6: Registration-based approaches for image synthesis: direct multimodal (A)
and indirect unimodal (B) single-atlas registration, and (C) multi-atlas registration.
The atlas is composed of (A) a single CT image, (B) a pair of MRI and CT images,
and (C) multiple pairs of MRI and CT images.

subject’s source image and the resulting transformation is applied to the target
atlas image to generate the subject’s target image. The atlas can be obtained
from a single individual but is most often obtained by averaging the images
of multiple individuals. Long before the introduction of PET/MR scanners,
researchers were already developing image synthesis approaches for attenuation
correction. Huang et al. [42] did so in 1997 using a pair of transmission and
emission scans as atlas. They proposed an inter-subject registration method to
align the emission scan of the atlas to that of the target subject. The resulting
transformation was then used to align the transmission scan of the atlas and
generate a transmission scan for the subject under investigation.

Ten years later, Kops et al. [43] built a transmission-MRI atlas from the
transmission and MR images of normal volunteers that were spatially nor-
malised and averaged using the Statistical Parametric Mapping version 2
(SPM2)1 software. To generate the subject’s transmission image, the MRI
atlas was registered to the subject’s MR image and the same transformation
was applied to the transmission atlas. With this method, it is possible to take
into account morphological differences related to gender using female and male
templates [44]. Downling et al. [45] proposed to generate a pseudo CT image
by registering an MRI atlas, result of a groupwise registration, to the subject’s

1http://www.fil.ion.ucl.ac.uk
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Figure 7: Multi-atlas registration approach to generate a pseudo CT from an MR
image. All the MR images in the atlas database are registered to the subject’s MR
image. The CTs in the atlas database are then mapped using the same transfor-
mation to the subject’s MR image. The subject’s pseudo CT image is obtained by
fusing the deformed atlas CT images.

MR image and applying the same transformation to a CT atlas aligned to the
MRI atlas. Izquierdo-Garcia et al. [46] generated attenuation maps using the
SPM8 software. The initial step of the method consisted of creating MRI and
CT atlases. To do so, T1w MR images were first segmented into six tissue
classes (grey matter, white matter, cerebrospinal fluid, bone, soft-tissue, and
air) using SPM. The segmented images were then non-rigidly co-registered us-
ing Dartel [47] to form the MRI atlas. The same transformations were applied
to the CT images, previously affinely aligned with the T1w images, and the
CT atlas was created by averaging the co-registered CT images. To generate a
pseudo CT, the MR image of the subject of interest is segmented into six tissue
classes and non-rigidly registered to the MRI atlas. The associated CT atlas is
finally mapped into the subject’s space by applying the inverse transformation.

3.2 Multi-atlas registration approaches

The methods described in the previous section rely on a single atlas and
strongly depend on the accuracy of the mapping between the atlas and sub-
ject spaces and on the representativeness of the atlas. A possible solution
to improve the representativeness of the atlas and limit the consequences of
mis-registrations is to use multiple atlases.

The multi-atlas methods reported below rely on a database of CT and MRI
pairs. Each pair is created by registering the CT and MR images of a subject.
To generate a pseudo CT from the subject’s MR image, the MR images from

Biomedical Image Synthesis and Simulation, Chapter 4
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Figure 8: Examples of pseudo CT images obtained from MR images with a multi-
atlas registration approach [6, 49, 51] in the brain (top), head & neck (bottom left)
and pelvis (bottom right).

the database are non-rigidly registered to the subject’s MRI. The CTs in the
database are then mapped to the target subject using the transformation that
maps the subject’s corresponding MRI in the atlas database to the subject’s
MRI. A final step consists in fusing the deformed CT images. The approach
is illustrated in Figure 7.

To fuse the deformed CTs, Sjolund et al. [48] proposed an iterative regis-
tration to the mean. The consistency of the deformed CTs was improved by
iteratively forming their voxelwise mean, registering each deformed CT to the
mean, and creating a new mean estimate. However, it appeared that better
results were reached by directly taking the voxelwise median of the deformed
CTs. Instead of computing the voxelwise median, Burgos et al. [49] obtained
a pseudo CT by computing a weighted-average of the deformed CTs. The
weights were derived from a local similarity measure computed between the
MR image of the subject of interest and the MR images of the atlases. This
image similarity measure reflects the morphological similarity, meaning that
more weight is given to the atlases that are the most similar in terms of mor-
phology to the subject of interest. This approach can generate pseudo CT
images from a single [49] or multiple [50] MRI contrasts in the brain [49, 50],
head & neck [6, 51] and pelvic [6] regions. See examples in Figure 8. A similar
approach was implemented in [52]. Merida et al. [53] looked at the probabil-
ity of a voxel in the subject space to belong to a certain tissue class. Three
tissue classes (air, soft-tissue and bone) were defined by intensity threshold-
ing the deformed CTs. The intensity value of the pseudo CT was determined
by averaging for each voxel the CT intensities of the atlases belonging to the
maximum probability class.

Biomedical Image Synthesis and Simulation, Chapter 4
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3.3 Combination of registration and regression approaches

To increase synthesis accuracy, several groups proposed to combine multi-atlas
registration and regression approaches.

In the seminal work of Hofmann et al. [54], local information derived from
a supervised learning technique and global information obtained from multi-
atlas registration were combined to predict a pseudo CT image: multi-atlas
registration was used as prior knowledge for a Gaussian process regression. The
global step of the method consisted of non-rigidly registering the MR images
from the training dataset to the subject’s MR image and applying the same
transformations to the corresponding CT images in the training dataset. The
local step aimed at determining a mapping between MR image patches cen-
tred at a voxel of interest and the real CT HU values using Gaussian process
regression. Training pairs comprising the position of the voxel in the sub-
ject coordinate system and the patch surrounding it were extracted from the
deformed images in the training dataset. Prior knowledge from the atlas reg-
istration was included by setting the mean function of the Gaussian process to
the average value of the registered CT images. For an unseen patch, Gaussian
process regression returned a Gaussian-distributed predictive distribution for
the mapping of the MR patches to the CT HU. Finally, to predict a pseudo CT
image for a new subject, for each voxel of the MR image a surrounding patch
was extracted and the mean of the Gaussian-distributed predictive distribu-
tion was defined as the estimated CT value. The method was also adapted to
whole-body attenuation correction [55].

A similar approach combining intensity and geometry information into
a unifying probabilistic Bayesian framework was later proposed [56]. The
method implemented in [57] relies on a database of co-registered T1w MR
images, CT images and air masks segmented from the CT images using k-
means clustering. Pseudo CT generation required three steps. First, each
atlas was non-rigidly registered to the subject’s MR image. A probabilistic
air mask was then computed as the percentage of the aligned CT atlases that
labelled a voxel as air, and refined using a hidden Markov random field seg-
mentation on the T1w MR image. Each voxel labelled as air was assigned the
mean value of the atlas CTs belonging to the air mask. For the rest of the
tissues, small neighbourhoods centred around each voxel were defined in the
target. Patches of the same size were defined in the atlases in the vicinity of
the central voxel. Sparse regression was then used to select the most similar
patches, in terms of intensity, among all the atlas patches within the search
window. Finally, the sparse coefficients were applied to combine the atlas CTs
and generate the pseudo CT. More details on the use of dictionary learning
for image synthesis can be found in Chapter 5.
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4. Hybrid approaches combining segmentation and
registration

The methods described in this section combine both image segmentation and
registration to generate synthetic images.

Bezrukov et al. [58] proposed a method combining segmentation, multi-
atlas registration and supervised learning techniques, which relied on the sub-
ject’s Dixon images and on an atlas database. Each atlas comprised a 5-tissue
class segmentation (outer air, lung, fat tissue, non-fat tissue, and fat/non-fat
tissue mix), a map of potential artefact locations extracted from regions with
low MR intensity and differentiated into air-filled regions not part of the lungs
and soft-tissue regions, a CT image, and a bone location map. After segmen-
tation of the subject’s MR image into five tissue classes, the segmented MR
images from the atlas database were registered to the subject’s image and the
resulting transformations were applied to the images forming the atlases. A
subject-specific map of potential artefact locations was created by averaging
the atlas artefact maps. This map was used to classify the low MRI intensity
regions as inside air or soft-tissue masked by artefacts. Predefined linear at-
tenuation coefficients were assigned to the segmented regions of the MR image
to create an intermediate attenuation map. For the prediction of bone tissue,
a map of potential bone locations was created from the atlas CT images by
combining the individual bone location maps. This map determined the areas
where Gaussian process regression was applied. For each voxel within these
areas, a pseudo CT value was computed from the CT atlases and converted
to linear attenuation coefficients using a piecewise linear transformation. The
final attenuation map was created by augmenting the intermediate attenuation
map with the predicted bone linear attenuation coefficients.

Combining the segmentation of an MR image and the use of a CT image
database, Marshall et al. [59] proposed a method where the subject’s MR image
was compared to an atlas database of CT images using a set of 19 similarity
metrics such as gender, age, and body, lung and bone geometries. The most
similar CT image was selected and non-rigidly aligned to the subject’s MR
image. Bones from the registered CT image were then added to the MR image
previously segmented into four tissue classes (air, lung, fat and lean tissue).

Exploiting multiple MRI sequences, Anazodo et al. [60] proposed to overlay
a bone mask to the attenuation map obtained from the segmentation of Dixon
images [8]. The bone mask was created by segmenting a T1w magnetisation-
prepared rapid gradient-echo image using the New Segment function from
SPM8 [61]. SPM has also been used in [62].

The method implemented by Paulus et al. [63], illustrated in Figure 9, was
based on a regular 4-class segmentation from a Dixon sequence and atlas-based
bone segmentation algorithm. The atlas was composed of pairs of pre-aligned
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Figure 9: Schematic drawing of the hybrid segmentation/registration-based ap-
proach for considering bone in whole-body PET/MR attenuation correction [63].
The subject-specific attenuation map (µ-map) is generated by first segmenting the
subject’s Dixon images into four classes (air, lung, soft-tissue and fat). The bone
class is then added by registering the MR model to the subject for each bone in-
dividually and applying the same transformation to the bone mask. Paulus et al.
2015 J. Nucl. Med. 56 1061 doi:10.2967/jnumed.115.156000

MR image and bone mask (containing bone densities) for each major bone
in the body, including left and right upper femur, left and right hip, spine,
and skull. To generate a subject-specific attenuation map, the subject’s Dixon
images were first segmented into four classes (air, lung, soft-tissue and fat).
The bone class was then added by registering the MR model to the subject
for each bone individually and applying the same transformation to the bone
mask. The method was then validated in the brain region [64].

In their work, Arabi et al. [65] combined multi-atlas segmentation and
synthesis with the aim to improve the synthesis of CT images from MRI in the
bone region. Their framework consisted of two steps. In the first one, bone
was segmented using multi-atlas segmentation. In the second one, a pseudo
CT was generated using a multi-atlas approach, the atlases being fused based
on the resemblance of both the bone map obtained at the first step and the
morphological similarity to the MR image of the subject being analysed.
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5. Future directions and research challenges

In this chapter, we covered image synthesis approaches that rely on well-
established image processing techniques: segmentation and registration. The
vast majority of these approaches have been applied to the synthesis of CT
from MR images. This can be explained by two reasons. First, these image
synthesis approaches were developed to answer particular needs: that of ac-
curate electron density estimation when only MR images are available, which
occurs in the context of both PET/MR attenuation correction (see Chapter 19)
and MRI-only RTP (see Chapter 20). The second reason is that their accuracy
appears limited on other tasks, which is why they have been supplanted by
better performing methods.

The development of MR to CT image synthesis approaches followed the de-
velopment of new technologies. Regarding attenuation correction, even though
first attempts of synthesising attenuation maps date back to the 1990s [42],
many works have accompanied the release of PET/MR scanners (2010 for
Philips and Siemens Healthineers, 2011 for GE Healthcare). Prototypes of
MR-Linac date back to the same period [66]. These technological develop-
ments led to new problems, namely the fact that MR image intensities do not
directly provide information about the tissue attenuation properties, to which
image synthesis was proposed as a solution.

Segmentation-based methods essentially rely on the subject’s MR images.
This explains why specific sequences such as the Dixon, UTE or ZTE, often
only acquired for the purpose of image synthesis, have been employed. Various
segmentation strategies have been implemented: manual segmentation, mainly
in the context of RTP and/or as proof of concept, and a large range of auto-
matic methods that include mainly intensity thresholding and fuzzy c-means.
Initially, once segmented, predefined values were often assigned to each tissue
class, but subject-specific assignments have shown their superiority, especially
in bone regions. A limitation of segmentation methods is the difficulty in de-
lineating tissues in regions with air/tissue and air/bone interfaces. Another
one is their susceptibility to MR image artefacts.

Registration-based methods rely on both the subject’s MR images and on
an atlas or database of atlases. The first methods developed relied on a sin-
gle atlas to generate a subject-specific attenuation map. Their accuracy was
limited as a single template can hardly be representative of all the potential
patients, even if they do not present morphological abnormalities. These meth-
ods also strongly depend on the accuracy of the registration used to map the
atlas to the target subject. A solution to both improve the representativeness
of the atlas and reduce the impact of registration inaccuracies has been to
use a database of atlases. However, this comes with the price of having to
run multiple, time-consuming, non-rigid registrations. Another limitation is
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the limited ability of these methods to handle anatomical abnormalities (e.g.
unusual bone density).

The second reason that can explain the use of segmentation and registration-
based approaches to only MR to CT image synthesis is that their accuracy
appears limited on other tasks. Jog et al. [67] for example compared a multi-
atlas registration approach with their random forest regression method for the
synthesis of T2w from T1w MR images and of FLAIR from T1-, T2-, and
proton density-weighted MR images, and observed that the multi-atlas reg-
istration approach led to blurrier images from which lesions were barely visi-
ble. Multi-atlas registration has nonetheless successfully been used to generate
pseudo-healthy PET images from T1w MR images [68, 69]. Many techniques
have now supplanted segmentation and registration-based approaches, starting
with patch-based methods that do not require non-rigid alignment between the
training and target subjects (more in Chapter 5) until the nowadays highly
predominant deep learning approaches (more in Chapters 6, 7 and 8).

Interested readers can find further information in several reviews and com-
parison articles. In the context of RTP, approaches that exist to generate
synthetic CT images have been reviewed for example in [70, 71, 72] while
their performance has been compared in [73, 74]. Several reviews have been
published over the years regarding image synthesis for attenuation correc-
tion [75, 76, 77, 78, 79, 80], and Ladefoged et al. [81] published a multi-centre
study aiming at evaluating the performance of various attenuation correction
methods, including five segmentation-based [8, 10, 12, 33, 35], three atlas-
based [46, 49, 53] and two hybrid approaches combining segmentation and use
of an atlas [60, 64].

6. Summary

Even though medical image synthesis can be used to improve subsequent image
processing techniques such as segmentation or registration, in this chapter we
saw how segmentation and registration could themselves be used for image
synthesis. Segmentation-based approaches consist in segmenting the source
image, either manually or automatically, and assigning intensity values to the
different tissue classes obtained, using bulk or subject-specific assignment, to
generate the desired image. Registration-based methods consist in deforming
an atlas, composed of a single image, a pair of images or multiple pairs, to
match the subject’s anatomy using non-rigid registration. Most segmentation-
and registration-based image synthesis approaches have been used to synthesise
CT from MR images in the context of PET(/MR) attenuation correction and
MRI-only radiotherapy treatment planning. Even though these techniques
helped answer concrete needs, they have now been supplanted by deep learning
methods.
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