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Abstract
With the emergence of onlineMRI radiotherapy treatments,MR-basedworkflows have increased
in importance in the clinical workflow.However proper dose planning still requires CT images to
calculate dose attenuation due to bony structures. In this paper, we present a novel deep image
synthesismodel that generates in an unsupervisedmanner CT images fromdiagnosticMRI for
radiotherapy planning. The proposedmodel based on a generative adversarial network (GAN)
consists of learning a new invariant representation to generate synthetic CT (sCT) images based on
high frequency and appearance patterns. This new representation encodes each convolutional feature
map of the convolutional GANdiscriminator, leading the training of the proposedmodel to be
particularly robust in terms of image synthesis quality. Ourmodel includes an analysis of common
histogram features in the training process, thus reinforcing the generator such that the output sCT
image exhibits a histogrammatching that of the ground-truthCT. This CT-matched histogram is
embedded then in amulti-resolution framework by assessing the evaluation over all layers of the
discriminator network, which then allows themodel to robustly classify the output synthetic image.
Experiments were conducted on head and neck images of 56 cancer patients with awide range of
shape sizes and spatial image resolutions. The obtained results confirm the efficiency of the proposed
model compared to other generativemodels, where themean absolute error yielded by ourmodel was
26.44(0.62), with aHounsfield unit error of 45.3(1.87), and an overall Dice coefficient of 0.74(0.05),
demonstrating the potential of the synthesismodel for radiotherapy planning applications.

1. Introduction

Within radiotherapyworkflows, computed tomography (CT) andmagnetic resonance imaging (MRI)
modalities have awide range of clinical applications such as tumor volume localization, clinical pathology
assessment, radiotherapy treatment planning, and registration for image guidance systems, all of which benefit
frommulti-modal planningmethods (Li et al 2019, 2019, Liang et al 2019, Liu et al 2019, Kazemifar et al 2020,
Oulbacha andKadoury 2020). Indeed, bothmodalities aremost frequently used together as they provide
complementary information, which significantly improvesmedical diagnosis and subsequent treatment of
diseases. For external beam radiotherapy procedures, the treatment is often dependent on the location and stage
of the cancer. These are usually revealed by the diagnosticMRI, identifying the tumors at an early stage. The
therapeutic objective then consists of balancing treatment efficacywhileminimizing toxicity through restriction
of the delivered dose and affected area.MRI in particular provides improved tumor segmentation, organs at risk,
and patient positioning, due to its superior soft tissue contrast. Its limitations however arrives at the treatment
planning stage: it does not provide the necessary electron density information used for dose calculation. In
contrast, CT images provide the necessary dose absorption information per tissue based onHounsfield units
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(HU), which is required for dose delivery calculations. Availability of both sequences at time of treatment is not
always assured, due to several factors including limited hospital resources and time constraints of the patient,
and additional radiation in the case of CT imaging. For these reasons,MR-basedworkflow is desirable, as it
would provide both its high quality imaging properties and necessary dose attenuation levels for radiotherapy
treatment planning.

Inmedical imaging,multi-modality image synthesis is defined as a transformation process that aims to
create new realistic images indistinguishable from the original image representation, based on an image of the
same anatomy but originating from anothermodality (Frangi et al 2018). This process is particularly challenging
when seeking to generate amapping fromhigh-resolution images with the additional presence of abnormalities
such as tumors. In this case, the synthesis process consists of transforming voxel intensities fromone imaging
modality to another. The images can be obtained from completely different acquisition systems—such asCT
andMRI—based on entirely distinct physical principles. Indeed, the transformations need to be performed
under the assumptions that the imageswill not share the same anatomical characteristics (bone vs soft tissue) as
well as possess highly heterogeneous appearances for the considered patient.

Several previous works have been proposed in the literature for generating automatically synthetic CT (sCT)
images fromMRI scans. Initially introduced formedical attenuation correction purpose in positron emission
tomography (PET) (Hofmann et al 2008), conventionalmedical image synthesismethods can be generally
divided in three categories: density, single/multiple atlas-based and learning based techniques. Themost
popularmethods consists of density-based techniques using pre-defined thresholds andmorphological
operations for the delineation of volumes of interest according to the tissue class labels. These then assign a
density value (electronic or physical) to each class region defining the sCT image (, Keereman et al 2010, Rank
et al 2013, ). Themajor limitation of these approaches is the need ofmanual intervention for tuning the relative
intensity thresholds and choosing the appropriate bulk density values. The category of atlas-basedmethods
consists of performing a registration between one or several atlases ofMRI scans, with correspondingCT images
and eventually producing an organ labelmap, withwhich the input patientMRI scan can be converted to
(Stanescu et al 2008, Johansson et al 2013). Inmulti-atlas techniques, the sCT image is generated bymerging
multiple atlases together after an alignment with the patientMRI (Prabhakar et al 2007, Jonsson et al 2013,
Korsholm et al 2014). Thesemethods are howevermore sensitive to atypical patient anatomies due to the fact
that they are based on the structural similarity between the patient and the atlases (Johansson et al 2013). They
also still requiremanual tuning of the optimal number of atlases to be used in the registration process (Kazemifar
et al 2020)whichmay cause inter-patient registration errors. Finally, traditionalmachine learningmethods
consist of capturing the relationship between intensities ofMRI andCT voxels in theHU space based on a
learned criterion such as a regressionmodel or a combination of classification and general density assignment
(Robson et al 2003, Van der Bom et al 2011,Dowling et al 2012,Metcalfe et al 2013,Huynh et al 2015). In this
category, we can alsofind hybridmethods that combinemachine learningwith atlas-based techniques based
methods, which depend onmanually selected features (Kazemifar et al 2020).

To overcome these issues, recently proposed approachesmake use of deep learning techniques for
addressing several challenges in image diagnosis (Işäet al 2016, Litjens et al 2017).More specifically, generative
models based on adversarial networks (GAN) (Goodfellow et al 2014) are particularly well suited for domain
translation problems. Suchmethods for image synthesis include the pseudo 3DCycle GAN (Oulbacha and
Kadoury 2020)proposing to synthesize aCT image fromMRI spine image for image-guided applications, using
a 3D fully convolutional network (FCN) to synthesize aCT image from the pelvic area in theMRI (Nie et al
2016), as well as theDualGAN (Yi et al 2017) andCycleGAN (Zhu et al 2017), models designed for CT synthesis
of the brain (Han 2017) and in the pelvic area (Dong et al 2017) respectively.More recently, conditional GAN
networks have shown impressive results to improve the quality of the sCT image estimation (Wolterink et al
2017,Nie et al 2017)with the requirement that paired images be available for the input and targetmodalities,
precisely theGANsmodels useU-net networks to deal with the anatomy challenges (Klages et al 2020, Liu et al
2020,Qi et al 2020).

Unlike previous deep learning synthesismodels, in this workwe are particularly interested in estimating sCT
images fromMRI acquisitions of the head and neck region, which present significant challenges due to thewide
variety in patient anatomies and due to the different spatial resolutions. Our proposedmulti-modal synthesis
model is designedwith a conditional GAN architecture, in whichwe first propose a new invariant imaging
feature representation tomatch the common structural regions of the generated and the original CT images in
terms of high-frequency and appearance components, which improves robustness of the generator towards
variations in anatomical boundaries. This representation is based on a convolutional discriminator in the latent
space created by theGAN, encodedwith compact and complementary features. Second, an evaluation of the
sCT image is assessed at different resolution scales within the discriminator, helping to guide the training of the
final classifier.
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The remainder of the paper is structured as follows. Section 2 presents the proposed deepCT-synthesis
model and its feature invariant learning representation. Section 3 presents the different evaluation strategies
using two distinct clinical datasets, with the qualitative and quantitative synthesis results presented on both sets,
and provides a comparisonwith the state-of-the-art deep learning techniques. Section 4 discusses the results and
the experimental limitations, while Section 5 concludes the paper.

2.Materials andmethods

In this work, we treat pairs of images acquired for the same patient, which are obtained from two different
modalities (MRI andCT) in the patient’s head and neck region, providingMRI/CTpair image volumes.We also
used image pairs which already rigidly co-registered between theCT andMRI. The proposedCT-synthesis
model consists of learning a suitable representation that helps to address the different issues occurring from the
diversity of anatomies and levels of contrast in images. Themodel is designed formedical image synthesis
problems, handlingwith the anatomical variability challenge.

2.1. Clinical dataset description
Weuse afirst dataset (DS1) for training and testing purposes, consisting of 36 realMRI/CTpairs head and neck
imaging volumes coming from36 patients, scanned between 2015 and 2017. These different imaging sequences
are provided by the department of radiation oncology at the CenterHospitalier de l’Université deMontréal and
includesMRI T1-weighted images, as well as CT volumes. The paired data are divided after being pre-processed
into a set containingMRI T1-weighted images usingGradient Echo sequence type (GR)with segmented k-space
(SK) orMAGprepared (MP) sequence variants, as well as CT volumes using 120–140 kVp energy levels, and a
TRof 4000 ms andTEof 12ms. The imaging datawas acquired fromdifferent subjects that reflect a variety of
head and neck shapeswith different sizes and under different spatial resolution images (varied from0.68 to
0.98mm), and acquiredwith 2 different 3T clinical scanners (SiemensMagnetom, Philips Achieva)used for
general diagnosis. From these 36 patients, 25 had acquisitions using the Philips Achieva scanner and 11 using the
SiemensMagnetom scanner. A second dataset (DS2) consists of sagital slices andwas composed of 20 different
patients was used as a hold-out testing set, with an in plane resolution of 0.8mm from a 3T SiemensMagnetom
recruited in 2019. AllMR images were rigidly registered to the reference CTby a radiation-oncology specialist
and eachCT/MRI-T1 volume comprised seventy (70) 2D axial image slices with size equal to 256× 256. TheCT
intensity values are encoded in theHU space. Images were pre-processed, which included background removal
such as tables and noise reduction.

2.2. Feature invariant learning representation
Representation learning relies on the selection of relevant features, without considering the non-pertinent and
redundant features for solving the task at hand (Zhong et al 2016). To this end, the trainedCT-synthesismodel
ismainly based on the combination of complementary representations (see Figure 1), which helps to improve
the efficiency of the learning process in theCT-synthesis application.More specifically, learning from these
representations aims at finding the common structural information in terms of high-frequency patterns
between similar and dissimilar regions of the generated sCT and the real CT imageswhich exhibit salient
features, ideally identifying and placingmore importance on the same high-level features. Our goal is to
reinforce the learning of themodel to synthesize a sCT image that shares the same high-frequency feature
distribution to the considered regionwithin the real CT image. High-frequency patterns such as contours are
relatively invariant features between two areas frompaired images, representing the same anatomical object.
This helps to delimit regions and provides valuable information about the internal region’s shape orientation
that can be used as a high edge feature to guide the learning of the proposedmodel in order to improve theCT-
synthesis qualitymap.Nevertheless, relying solely on edge feature representationsmay not be as reliable as using
information about the intensity distribution and the appearance of the entire image aswell as their internal
regions.

A straightforwardway to improve the representation learning process consists of integrating local intensity
distributions, which can be used as local appearance information. This way, combining both edge and
appearance features leads to a feature vector representationwith complementary characteristics of CT/MR
image patterns, especially in a deep representation framework, producing additional discriminant features
that can be embedded in the latent space. To achieve this, we rely on a convolutional neural network (CNN)
backbone architecture, inwhichwe propose to encode the deep feature space resulting from theCNNnetwork
by quantized histograms. These histograms integratemulti-level features reflecting the different network layers,
as shown in Figure 1.Wefirst compute the quantized intensity histogram that represents the intensity
distribution, followed by the quantized histograms of edge attributes describing the intensity variations across
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the CTpatterns (Dalal andTriggs 2005, Gonzalez andWoods 2018). Themagnitude and orientation feature
values are computed in four different directions, the right and left diagonals as well as the horizontal and the
vertical directions. The gradientmagnitude J of a point p in the direction px can therefore be defined as:

d
d

 = =J J
J

p
1p

x
x ⎜ ⎟

⎛

⎝

⎞

⎠
( ) ( )

 =J J . 2px
∣∣ ∣∣ ∣ ∣ ( )

All of the quantized feature histograms are computed from a cubic windowoffixed size 8× 8, which
contains a set of intensities in a neighborhood centered by the intensity value being characterized. Each layer is
encoded by histograms of edge orientations combinedwith the intensity histogram. The quantized histograms
have the same number of bins, regardless of the levels within theCNNnetwork. Consequently, the resultant
representation characterizes theCT-image inter- and intra-pattern variations through intensity and edge
attributes extracted from theCNN feature space.

2.3.Multimodal SynthesisModel
From anetwork architecture perspective, the CT-synthesismodel architecture is a closely linked variant to the
generative adversarial network (GAN)model, as well as the so-called conditional GAN (Isola et al 2017), which is
well adapted to themedical image synthesis problem. Let us recall that in theGANarchitecture, themodel
consists of twoCNNs. Thefirst CNN is a generatorG that produces an image candidate, while the second
network acts as a discriminatorD, comparing the generated image candidate with the real reference image to
classify the candidate image in the ‘real’ or ‘fake’ class. The learning process is repeated until the discriminator
can no longermake the distinction between the reference and the synthetic image. In ourwork, the overall CT-
synthesismodelmakes use of the conditional GAN architecture, using a similar adversarial loss function to build
themodel (Isola et al 2017). The loss is optimizedwith themixedmin-max objective, combining the global
z G D,cGAN ( ) loss with an additional L1 loss term to learn amapping fromobserved image x and randomnoise

Figure 1.The proposedmultiscale GANdiscriminator-based feature invariant representation. The learning representationmodels
each convolutionalmap by a combination of intensity and edge orientations histograms, defined for each squaredwindow and for
each layer. Here, h1, h2, h3, h4 are respectively oriented quantized histograms for the left diagonal, the vertical, the right diagonal and
the horizontal directions with equidistant binning. Themultiscale classifier considers this hierarchical representation as its inputs.
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vector z, to output image y. Thefinal combined cost function is given in equation (3):

z lz= +G G D Gargmin max , , 3G D cGAN L1
* ( ) ( ) ( )

where the objective function for the generator z G D,cGAN ( ) and the z GL1
( ) terms are given respectively by

equations (4) and (5), withλ as the z GL1
( ) loss weight:

z =
+ -




G D D x y

D x G x z

, log ,

log 1 , , 4
cGAN x y

x z

,

,

( ) [ ( )]
[ ( ( ( )))] ( )

z = -G y G x z, . 5L x y z, , 11
( ) ( ) ( ) ( ) 

In themin-max equations (3)–(5)which are based on the expected cross-entropy loss, the symbolsG(z) and
D(y) are the generator and the discriminator networks, respectively. The variables x, z and y are the observed
conditioned (MRI) image, the noise vector and the output image (CT) extracted from the quantized histograms,
respectively. TheCT image is distributed following an unknown probability distribution py. The generatorG
transforms the noise vector z into an image according the probability distribution py. The generated image is
then classifiedwith the discriminatorD that uses our proposed feature representation based on the learned
feature space. The discriminatorD and the generatorG are trained alternately so that the discriminatorD
attempts tomaximize the expected objective functionwhileG attempts tominimize it.

Here, we reproduce both theU-net convolutional network for the generator aswell as the convolutional
PatchGAN structure for the discriminator (Isola et al 2017). The training of themodel is achieved using the
feature representation derived from the PatchGAN feature space (see Section 2.2).

The proposed feature representation guides the generator in learning how to predict a new sCTmapping
that proportionally preserves themultiscale edges and the appearance features of the real CT image. These
features are extracted from each convolutional featuremap and used in the discriminator to output a ‘real’ or
‘fake’ classification. First, the generator synthesismodel transforms the inputMRI space into a new sCT space
using theU-netmodule (Ronneberger et al 2015). Then, in the discrimination phase, the transformed sCT and
the ground truthCT images are passed through the convolutional PatchGAN layers, and the resulting deep
feature space is encoded by the proposed appearance and edge features representation (see Figures 1 and 2). In
more details, the CNNnetworkmaps theCT and sCT images intomultiscale convolutional featuresmaps
throughmultiple layers.Wemodel each convolutional layer by an encoded descriptor representing quantized
histograms that captures the intensity distribution, and the four different edge feature orientations. These high
level complementary histograms have equidistant binning in all existing levels in the PatchGANnetwork. Once
the descriptors are constructed for eachCNN layer, the synthetic sCT and theCTdescriptors are evaluated and
compared. The discriminator classifier considers a hierarchical framework based onmultiresolution histogram
representations of the convolutional layersmaps. Considering that the representation of each convolutional
maps are distributed in the vertical and horizontal directions by a factor of 2 at each scale, the discriminator
outputwill consider a set of image feature representations encoding the images in a set of details that appear not
only in the given specific resolution level, but also at different spatial resolution scales, allowing to integratemore
relevant information. Therefore, the comparison between the real CT and the sCThistograms is done by
considering all scales, so that the averaging score of all scales is assessed to decide if the requested synthetic
sCT-image is real or fake (see Figures 1 and 2).

2.4. Network architecture details
In the conditional GANwith a hierarchical feature combination, the structure of theCNNdiscriminator
consists of a convolutional classifierwith 5 layers. The network applies four convolutionalfilters of size 4× 4,
with a stride of 2 and a padding of 1. The last layer is also a convolutional layer which uses a convolutional filter
of size 4× 4with zero padding and a stride of 1, followed by a sigmoid function. Dropout and LeakyRelu
operations are applied to the first 4 layers, while an InstanceNormoperation is used for the second, third and
fourth layers (see Table 1), using a scale of 0.2 and a dropout rate of 0.5. The generator is based on aU-net
structure and consists of an encoder and a correspondingCNNdecoderwith symmetrical skip connections.
The network depth is set at (5) levels. At each level of the encoder, two 3× 3 convolutions and aRelu activation
function are performed for each convolutional layer, with a onemax-pooling operation that progressively
down-samples the inputwith a stride of 2. This process is repeated until the bottleneck layer is reached, and at
each layer, the number of featuremaps is doubled. In the fifth layer, two 3× 3 convolutional operations are used
followed by aReLU activation function. In the decoding phase, the decoder estimates the image from the
encoded representation, inwhichwe repeat the same process as in the encoder phase, but by applying a 2× 2 up-
sampling transpose convolutional operation, concatenation, two 3× 3 convolutional operations with ReLU
functions, which are applied at each level. The encoded image size is expanding and the number of features is
halved at each level. The concatenation is applied over the layers to combine the encodingwith the
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corresponding decoded featuremaps. The last layer acts as the output layer consisting of one convolutional layer
of one featuremapwith afilter size of 1× 1, followed byTanh activation. Tables 1 and 2 summarize the
architecture of the discriminator and the generator networks used in our proposedmodel.

2.5. Implementation details and experimental setting
For all experiments, the evaluation of themodels was achieved using a cross-validation technique forDS1, and a
holdout evaluation technique forDS2. First, a 6-fold cross-validation training/testing procedure was performed
to compare the obtainedCT-synthesis images with other synthesismodel results (Oulbacha andKadoury 2020).
The trainedmodel reserves 6 volumes from the thirty-six 36 volumes for the testing phase, while the trainingwas
performed on the remaining 30 volumes. The training process is repeated six times for each fold. Second, we
evaluate the trainedmodels on a separate holdout clinical dataset (DS2) consisting of 20 unseen patient cases.

Figure 2. Symmetric 5-layer GANgenerator based on aU-Net network, including skip connections between the encoder and the
decoder block layers.

Table 1. Structure of the discriminator with details of the architecturewith 5 convolutional layers, using a sizefilter of 4 × 4.

Name Type Filter number Filter Size conv Pad Stride

Layer 1 Convolution/Dropout/LeakyRelu 64 4 × 4 1 2

Layer 2 Convolution/InstanceNorm/Dropout/LeakyRelu 128 4 × 4 1 2

Layer 3 Convolution/InstanceNorm/Dropout/LeakyRelu 256 4 × 4 1 2

Layer 4 Convolution/InstanceNorm/Dropout/LeakyRelu 512 4 × 4 1 2

Layer 5 Convolution/Sigmoid 1 4 × 4 0 1
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Table 2. Structure of theU-net generator network architecturewith details of the convolutional and deconvolutional block layers. The number of filters is doubled after each encoding layer and halved at each decoding layer using the 3 × 3
convolutionalfilter sizes and 2 × 2 up-convolutional filter sizes.

Name Type Filter number Filter size conv Filter size pool Filter size up-conv

Encoding Layer 1 Convolution/ReLU/Convolution/ReLU/Max-pooling 32 3 × 3 2 × 2 N/A

Encoding Layer 2 Convolution/ReLU/Convolution/ReLU/Max-pooling 64 3 × 3 2 × 2 N/A

Encoding Layer 3 Convolution/ReLU/Convolution/ReLU/Max-pooling 128 3 × 3 2 × 2 N/A

Encoding Layer 4 Convolution/ReLU/Convolution/ReLU/Max-pooling 256 3 × 3 2 × 2 N/A

Encoding Layer 5 Convolution/ReLU/Convolution/ReLU 512 3 × 3 N/A N/A

Decoding Layer 5 Up-convolution/Convolution/ReLU/Convolution/ReLU 256 3 × 3 N/A 2 × 2

Decoding Layer 4 Up-convolution/Convolution/ReLU/Convolution/ReLU 128 3 × 3 N/A 2 × 2

Decoding Layer 3 Up-convolution/Convolution/ReLU/Convolution/ReLU 64 3 × 3 N/A 2 × 2

Decoding Layer 2 Up-convolution/Convolution/ReLU/Convolution/ReLU 32 3 × 3 N/A 2 × 2

Decoding Layer 1 Convolution/Tanh 1 1 × 1 N/A N/A
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During training, data augmentationwas used by generating a random crop of the original image sizes and a
randomflipping image (Oulbacha andKadoury 2020), yielding 1024 volumes. Themodel optimization is
realized using the Adamoptimizer (Kingma 2015)with amomentumof 0.5 and an initial learning rate of 0.0002
which is linearly reduced to 0 starting at epoch 200. The number of epochs is set to 600, with the L1 loss weight
λ= 100, and a number of bins of 32 for the histogram feature extraction. The batch size isfixed to 1.

2.6. Evaluationmetrics
For the quantitative evaluation, the quality of the synthesizedCT images compared to the reference CT is
evaluated using different imagingmetrics (Bae andKim2015,Huynh et al 2016,Dong et al 2017, Lauritzen et al
2019,Oulbacha andKadoury 2020).We calculate themean absolute error (MAE) and peak-signal-to-noise-
ratio (PSNR), between intensity values of the ground truthCT image and the sCT image in theHU intensity
space.We also calculate themean structural similarity (MSSIM) index, which does not consider the intensity
difference, but allows us to evaluate the contrast level and the anatomical structure of the sCT image compared
with the corresponding ground truth (Dong et al 2017). The lastmetricmeasures the Pearson cross-correlation
(PCC) coefficient (Lauritzen et al 2019). Besides image qualitymetrics, we also compute the Frechet inception
distance (FID) (Heusel et al 2017), which captures the similarity between the generated sCT and the real CT,
based on statistics of the compared sCT images to statistics of the real CT images.We also compare the three
models using the slicedWasserstein distance (SWD) (Deshpande et al 2018) thatmeasures the overall deviation
between the synthetic and real images.We also evaluate the Bhattacharyya distance (BD) (Kailath 1967) between
the synthetic sCT and real CThistograms tomeasure the overlap of pixel intensity distributions. Finally, we
report theDice score (Crum et al 2006,Milletari et al 2016), which is determinedwithin three areas of interest:
bony structures, soft tissue andwithing air regions. To do so, thresholding using knownHU ranges (see Table 5)
was performed to obtain anatomical segmentation of these regions of interest which could then be evaluated 6
using:

=
´

´ + +
TP

TP FN FP
Dice

2

2
, 6( )

where TP, FN, FP are respectively the true positives, the false negatives and the false positives. Thesemeasures
are then used to compare the synthesis results.

In our application, we have chosen to use several imagingmetrics as they are frequently used in the literature
and state-of-the-art synthesismethods (Bae andKim2015,Huynh et al 2016,Dong et al 2017, Lauritzen et al
2019,Oulbacha andKadoury 2020) to evaluate the quality of the generated image, as they offer complementary
information fromone another. The usage of the different criterion provide not onlymore information on the
generated sCT image, but also allows us to better understand the behavior of the differentmodels. Specifically,
whileMAE and PSNRmetrics are direct error and image qualitymeasures computed at a pixel-wise level
(Huynh et al 2016,Dong et al 2017,Oulbacha andKadoury 2020),MSSIM, FID and SWDare used to evaluate
the contrast and the anatomy of the sCT image, which are important to assess tumor burden inmedical imaging.
PCC allows us to evaluate how similar the generated anatomies are at a global image-level (Lauritzen et al 2019).
BD is an interestingmetric for its ability to compare histograms, which in the case of CT images havemeaningful
HUvalues, important for downstreamdose calculation tasks. Finally, due to the importance of isolating specific
regions, bone, air and soft-tissue overlap segments were evaluated using the intersection shapeDice score.

3. Experimental Results

In order to assess themodel’s performance, and to evaluate the capacity of the proposedCT-synthesis
framework to synthesize a newCT image (sCT) from awide variety of diagnosticMRI head and neck
acquisitions, we performed a series of experiments on the imaging datasets from a tertiary clinical center (Center
Hospitalier de l’Université deMontréal).We compare the proposedmodel with two state-of-the-art image
synthesismodels: the Cycle GANwith a ResNet (He et al 2016) as the generator and the 2D conditional GAN
with aU-Net (Ronneberger et al 2015) as the generator. Furthermore, bothmodels use a PatchGANarchitecture
for the discriminator part of the network (Oulbacha andKadoury 2020).We apply the same testing conditions as
given in (Oulbacha andKadoury 2020), i.e. using the optimized set of parameter values and under the same
training/validation procedure.We evaluate the performance of themodels using cross-validation and holdout
techniques performed on two separate head and neckMR/CT imaging datasets. Furthermore, we evaluate the
ability of the synthesismodels to generate the syntheticMRI-T1mapping from theCT image domain.
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3.1. Cross-validation evaluation results
Table 3 summarizes theCT-synthesis quantitative comparison experiment obtainedwith different CT-synthesis
imaging evaluationmetrics.We can see fromTable 3 that themeanMAEobtained (26.44(0.62)HU) by the
proposed feature conditional GAN from the 36 patients in theDS1 dataset using the 6-fold cross-validation
strategy is lower than those obtained by the conditional GANand theCycle GANmodels. The FID, SWDandBD
score presented in Table 4 demonstrate the quantitative performance of the threemodels at the task of
generating a variety of sCT images. The obtainedmetrics were 134.45(0.21) for FID, 7.38(0.01) for SWD, and
0.94(0.05) for BD. Table 5 presents the resultingDice scores on the bone, the soft tissue and the air areas. Results
show that ourmodel produces the highest Dice score compared to the othermodels in the three segmented sCT
images. The bone, soft tissue and the air dice scores correspond respectively to 0.74(0.05), 0.76(0.05) and 0.82
(0.02). The visual comparison presented infigure 3 also shows that the proposedmodel yielded perceptually
different CT-synthesis images thatmatch accurately the different CT-ground truth, contrary to the other
reference deepmodels which are visually less reliable.We can also note that the Conditional GANmodel
produces qualitatively better synthetic images result than theCycle GAN.We should alsomention that the
standard deviations obtained in our study are smaller than those reported in the state-of-the-artmethods (Brou
Boni et al 2020,Maspero et al 2020, Peng et al 2020), possibly suggesting that a larger dataset is required to
estimate statistically a reliable standard deviationwhich expresses statistically significant difference with other
models (Binu et al 2014, Ott and Longnecker 2015,Mishra et al 2019). Furthermore, the homogeneity of the
datasets can also affect the range in standard deviation.

Wefinally observe from the Tables 6 and 7 that the differentmodels used in this study are able to generate the
MRI-T1 images from theCT, inwhich the performance of our proposedmodel outperforms the cycle and the
conditional GANswith aMAEof 12.28(0.14) and a BDof 0.89(0.02). Through the comparisonMRI-synthesis

Table 3.MAE, PSNR, SSIM, and PCC evaluations of CT-synthesis of the proposedmodel and the state-of-the-art deep synthesismodels,
using theDS1 head and neck imaging dataset. (⇓)Lower values indicate improved image synthesis quality. (⇑)Higher values indicate
improved image synthesis quality.

MAE (std)HU (⇓) PSNR (std)DB (⇑) MSSIM index (std) (⇑) PCC (std) (⇑)

CycleGAN 70.14 (0.47) 26.08 (1.71) 0.82 (0.04) 0.88 (0.05)
Conditional GAN 40.23 (1.02) 32.31 (2.91) 0.90 (0.09) 0.94 (0.07)
Proposedmodel 26.44 (0.62) 36.97 (2.67) 0.93 (0.08) 0.98 (0.031)

Table 4. FID, SWD, andBD evaluations of CT-synthesis of the proposedmodel and the state-of-the-art deep synthesismodels, using
theDS1 head and neck imaging dataset. (⇓)Lower values indicate improved image synthesis quality. (⇑)Higher values indicate
improved image synthesis quality.

FID (std) (⇓) SWD (std) (⇓) BD (std) (⇑)

Cycle GAN 254.45 (0.15) 14.84 (0.06) 0.84 (0.03)
Conditional GAN 170.72 (0.11) 12.03 (0.08) 0.87 (0.02)
Proposedmodel 134.45 (0.21) 7.38 (0.01) 0.94 (0.05)

Table 5.Dice score of CT-synthesis on theDS1 head and neck dataset
obtained by ourmodel and the state-of-the-art synthesismodels, through
the three segmented areas. (⇑) higher is the value better is the quality
synthesis.

Dice score (std) (⇑) Bone areaHU

Cycle GAN 0.61 (0.06)
Conditional GAN 0.65 (0.08) (>300)
Proposedmodel 0.74 (0.05)

Dice score (std) (⇑) Air areaHU

Cycle GAN 0.78 (0.03)
Conditional GAN 0.80 (0.03) (< −100)
Proposedmodel 0.82 (0.02)

Dice score (std) (⇑) Soft-tissue areaHU

Cycle GAN 0.65 (0.07)
Conditional GAN 0.69 (0.04) (−100 > and <300)
Proposedmodel 0.76 (0.05)
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Figure 3.CT-synthesis comparison in theHU space from theDS1 dataset. From left to right: inputMRI-T1 slice, ground-truth CT,
resulting sCT image of the proposedmodel, conditional GAN, andCycleGAN.

Table 6.MAE, PSNR, SSIM, and PCC evaluations ofMRI-T1 synthesis of the proposedmodel and the state-of-the-art deep synthesis
models, using the head and neckDS1 imaging dataset. (⇓) Lower values indicate improved image synthesis quality. (⇑)Higher values
indicate improved image synthesis quality.

MAE (std) (⇓) PSNR (std)DB (⇑) MSSIM index (std) (⇑) PCC (std) (⇑)
CycleGAN 25.24 (0.14) 19.08 (1.55) 0.71 (0.05) 0.80 (0.03)
Conditional GAN 18.75 (1.08) 28.31 (1.12) 0.82 (0.07) 0.86 (0.04)
Proposedmodel 12.28 (0.14) 31.89 (0.12) 0.84 (0.01) 0.87 (0.01)

Table 7. FID, SWD, andBD evaluations ofMRI-T1 synthesis of the proposedmodel and the state-of-the-art deep synthesismodels,
using the head and neck cross-validationDS1 imaging dataset. (⇓) Lower values indicate improved image synthesis quality. (⇑)Higher
values indicate improved image synthesis quality.

FID (std) (⇓) SWD (std) (⇓) BD (std) (⇑)

Cycle GAN 152.46 (0.38) 11.75 (0.02) 0.85 (0.02)
Conditional GAN 121.74 (0.72) 7.90 (0.04) 0.87 (0.05)
Proposedmodel 87.29 (0.28) 2.53 (0.07) 0.89 (0.02)
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results shown in Figure 5, it can be seen that our proposedMRI-synthesismodel ismore effective than the cycle
and conditional GANs synthesismodels, for CT toMRI-T1 image synthesis task aswell. This can be explained by
the fact that ourmodel uses relatively invariant imagingmodality representation based on high frequency
patterns.

3.2. Independent evaluation results
Thefinal set of experiments was performed on the 20 unseen head and neck images fromDS2, used for
evaluating the performance of the three synthesismodels to synthesize theCT image from theMRI-T1, and
inversely to ensure consistency. The obtainedCT-synthesis results shown in Tables 8, 9 and 10 demonstrate the
learning performances of the different deepmodels to synthesize a newunseen head and neck image patient
from theMRI-T1 images. Based on the different evaluationmetrics results, we can observe that the conditional
and theCycle GANprovide lower image quality, with lower scores compared to the proposedmodel (see
Figure 4), inwhichwe obtain the highest Dice score for synthesizing the bonewith a score of 0.71(0.03)
meanwhile a slightly higher score for the air and soft-tissue areas equal to 0.79(0.05) and 0.75(0.07).

In the inverse processes, Tables 11 and 12 show the learning performances of the presentedmodels to
process a new unseenCT image to generate anMRI-T1 image, inwhichwe can notice that the average synthetic
results of our approach are better than the othermethodswith aMAEof 32.0(1.11).

Table 8.MAE, PSNR, SSIM, and PCC evaluations of CT-synthesis of the proposedmodel and the state-of-the-art deep synthesismodels,
using the holdoutDS2 dataset. (⇓) Lower values indicate improved image synthesis quality. (⇑)Higher values indicate improved image
synthesis quality.

MAE (std)HU (⇓) PSNR (std)DB (⇑) MSSIM index (std) (⇑) PCC (std) (⇑)

CycleGAN 113.87 (1.21) 25.65 (0.09) 0.79 (0.05) 0.86 (0.01)
Conditional GAN 61.53 (1.15) 32.01 (0.01) 0.88 (0.04) 0.91 (0.07)
Proposedmodel 45.30 (1.87) 36.37 (0.09) 0.92 (0.05) 0.95 (0.04)

Table 9. FID, SWD, andBD evaluations of CT-synthesis of the proposed
model and the state-of-the-art deep synthesismodels, using the holdout
DS2 dataset. (⇓) Lower values indicate improved image synthesis quality.
(⇑)Higher values indicate improved image synthesis quality.

FID

(std) (⇓)
SWD

(std) (⇓)
BD

(std) (⇑)

Cycle GAN 312 (8.641) 19.23 (1.05) 0.81 (0.06)
Conditional GAN 201 (5.01) 14.42 (1.21) 0.84 (0.07)
Proposedmodel 176 (7.53) 9.17 (2.84) 0.92 (0.02)

Table 10.Dice score of CT-synthesis on theDS2 imaging dataset
obtained by ourmodel and the state-of-the-art synthesismodels, through
the three segmented areas. (⇑) higher is the value better is the quality
synthesis.

Dice score (std) (⇑) Bone areaHU

Cycle GAN 0.56 (0.02)
Conditional GAN 0.60 (0.07) (>300)
Proposedmodel 0.71 (0.03)

Dice score (std) (⇑) Air areaHU

Cycle GAN 0.76 (0.08)

Conditional GAN 0.79 (0.01) (<−100)

Proposedmodel 0.79 (0.05)

Dice score (std) (⇑) Soft-tissue areaHU

Cycle GAN 0.65 (0.05)
Conditional GAN 0.68 (0.04) (−100 > and < 300)
Proposedmodel 0.75 (0.07)
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4.Discussion

The initial rationale for a feature based synthesismodel was to propose a generative frameworkwhich could
accommodate feature learning in both edge and intensity regions, as opposed to othermodels whichwould
focus on the predominant features for training. Themain difference lies in the feature representation used to
guide the generator to produce accurate outputs for CT-synthesis images. The cycle and conditional GAN
models use solely and directly the deep feature representation coming from theCNNdiscriminator. This is
opposed to the proposedmodel which uses a learning representation that integrates complementary
information. The proposed representation encodes contour characteristics of the deep feature space resulting
from the discrimination phase. Using our representation, themodel can achieve improved results that can be
observed in both qualitative and quantitative evaluations. The conducted experiments demonstrate that the
proposedmodel outperforms the conditional GAN and theCycle GANmodels under a variety of anatomies and
tumor locations.

Figure 4.CT-synthesis comparison on theDS2 dataset. From left to right: inputMRI-T1 slice, ground-truth, resulting sCT image
from the proposedmodel, conditional GAN, andCycleGAN.

Table 11.MAE, PSNR, SSIM, and PCC evaluations ofMRI-T1 synthesis of the proposedmodel and the state-of-the-art deep synthesis
models, using the holdoutDS2 imaging dataset. (⇓) Lower values indicate improved image synthesis quality. (⇑)Higher values indicate
improved image synthesis quality.

MAE (std) (⇓) PSNR (std)DB (⇑) MSSIM index (std) (⇑) PCC (std) (⇑)

CycleGAN 75.84 (1.68) 17.85 (0.04) 0.69 (0.03) 0.79 (0.09)
Conditional GAN 56.52 (1.11) 26.24 (0.09) 0.81 (0.04) 0.84 (0.01)
Proposedmodel 32.04 (1.11) 29.84 (0.06) 0.83 (0.02) 0.85 (0.05)

Table 12. FID, SWD, andBD evaluations ofMRI-T1 synthesis of the proposedmodel comparedwith state-of-the-art deep synthesis
models, using the holdoutDS2 imaging dataset. (⇓) Lower values indicate improved image synthesis quality. (⇑)Higher values indicate
improved image synthesis quality.

FID (std) (⇓) SWD (std) (⇓) BD (std) (⇑)

Cycle GAN 223.43 (0.15) 13.24 (1.25) 0.80 (0.03)
Conditional GAN 167.01 (0.25) 11.05 (1.12) 0.84 (0.02)
Proposedmodel 103.12 (0.15) 3.82 (1.102) 0.87 (0.01)
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While in some cases, the results from the proposedmodel are similar to the conditional GAN results, this can
be explained by the complexity of the anatomy observed in an image. For example, in the case of the second
patient shown in the second rowof Figure 3, the presented slice contains normal healthy tissue devoid of tumors.
In such cases, the CT-image synthesis can be generated by the threemethodswith high efficiency. The similarity
of the results is then explained by the simplicity of the shapes in such slices, which in some cases fails to exploit
the benefits presented by ourmodel. Figure 6 shows the errormaps obtained by comparing theCT-synthesis
results to the ground truthCT images with accurateHUand their corresponding confusionmap obtained by

Figure 6.Absolute errormaps in the (1), (3)HUspace and (2), (4) its corresponding confusionmaps. The comparison ismade
between the (a) proposedmodel, (b) conditional GAN, (c)Cycle GAN.White and blue colors represent, respectively, the true positives
(TP), false positives (FP) and false negatives (FN).

Figure 5.Example ofMRI-T1 synthesis result fromCT. From left to right: input CT slice, ground-truthMRI-T1, resulting synthetic
MRI-T1 image of the proposedmodel, 2D conditional GAN, andCycleGAN.
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encoding the errormapswith a binary class labels reflecting the true positives (TP), false positives (FP) and false
negatives (FN) signals. Herewe encode the false incorrect predictions (FP and FN)with the blue color andTP
withwhite color. Thefirst and the second rows of Figure 6 show a casewhere the three obtained errormaps are
similar except in the border of the synthetic images between the objects of the sCT image, where the conditional
and the cycle GANeither failed to synthesize the appropriate structures ormergedmultiple regions in the same
structure. The proposedmodel seems to avoid this behavior andmaintains fine details in the shown regions.
Thismeans that the feature invariantmodel succeeds in synthesizing the edges between anatomical structures,
withmore reliable complete structures due to the histogram contour based feature comparison that indicates the
existence of contours surrounding the anatomy.

Furthermore, without loss of generality, the results obtainedwith the proposedmodel are comparable to the
CycleGAN and the conditional GAN results for simpler cases, which show less variations in the anatomy. For
more complex cases, such as illustrated in Figure 6 (rows 3 and 4), ourmodel provides significant improvements
which highlights the difference between our obtained confusionmap to those generated by the conditional GAN
or theCycle GAN. The confusionmaps generated from the feature conditional GAN expresses amore accurate
image synthesis, showing the smallest region of false synthesis. This indicates that the efficiency of the proposed
method can be appreciatedwithinmore complex regions, wheremultiple anatomical structures are present,
such as is the case of patient 4 (see Figure 3). In these cases, we can observe the existence of false internal regions
on the two sides of the object, i.e. false anatomy ismistakenly synthesized (see Figure 7) in the 3Dpseudo cycle
and in the 2D conditional GANmodels. However, our feature conditional GAN results inmore accurate outputs
and generates lower confusion errormaps, by increasing the true positives and reducing the false negative
synthesis. This can be interpreted by the fact that ourmodel can learn amore effective representation from the
combination of complementary histogram representations, contour and appearance features based on the
convolutionalmap described in theCNN feature space. These features allow us to guide themodel to learn the
absence aswell as the existence of contours (equivalent to the existence or the absence of regions), based on two
matching operations of different and complementary feature histograms between the generated CT and the real
CT images, capturing the variability of the different anatomies. This considerably increases the performance of
themodel, as shown again by the improvedDice scores computed on the segmentedCT synthesis images, with
the segmentation distinguishing three components: bone, soft tissue, and air. The advantage of the proposed
method compared to the similar state-of-the-artmethods based on the reportedDice values of the three
components indicates that the overlapping geometric shape produced by themodel offers improvedmapping
better than the others. In the case of Figures 3 and 4, an artifact can be observed corresponding to a portion of the
table whichwas too close to the skull to be removed by the preprocessing steps. As our training is achieved on the
preprocessed data inwhich this noise represents a very small proportion of the entire image, the training process
is thus not affected significantly. Furthermore, these artifacts can be delt with to not affect the subsequent dose
calculation steps via postprocessing of the sCT by applying themasks on the region of interest, which are a
necessary component of the dose optimization step. The evaluation and the comparison studies show that the
synthesis of our conditional GANmodel based invariant representation performs better than the conditional
GANandCycle GAN,which suggests that the choice of the representation learning and the deep neural network
architecture both play a crucial role in performance enhancement of the image synthesis.

This study constitutes a preliminary attempt of using clinicalMRI examinationswith planningCT scans
obtained prior to radiotherapy to perform an evaluation based on image quality. In fact, given the target goal of
this project to provide anMRI-only workflow for dose plan calculations, dosimetric evaluation of our proposed

Figure 7.Examples of local image synthesis results, comparing the (a) ground-truthCT, (b) 2D conditional GAN, (c) proposedmodel,
(d) 3DpseudoCycleGAN. Results shown traditionalmodels failing in skull region, whereas the purposedmodels captures the
transition from skull to the brain region.

14

Phys.Med. Biol. 66 (2021) 095001 RTouati et al



CT synthesismethod remains to be performed. For this, the construction of a larger benchmark head and neck
pairedMR/CTdataset with corresponding dose plan parameters is currently being explored. Futureworkwill
explore evaluating our proposed approach directly on the downstream task of generating clinically accurate dose
plans using sCT images generated from clinicalMR images.

5. Conclusion

In this work, we have presented a new and robust CT/MRI synthesismodel for radiotherapy planning from
head and neck acquisitions. Ourmodel proposes a compactmultiscale-invariant representation that encodes
the feature space of the conditional GANdiscriminator, with complementary features appearing at different
image resolution levels. This new invariant representation supports the generator to produce a synthetic image
that preserves the specific common appearance and high frequency of CT-image patterns. Qualitative and
quantitative results show that our learning strategy is reliable and efficient for generating an accurate sCT image
froma set ofMR images showing various subject shape sizes with different spatial resolution images. Future
workwill include training on larger andmulticentric datasets, as well as perform a dosimetric evaluation of
radiotherapy plans generated from the synthesized images.
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