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ABSTRACT

Cross-modality synthesis represent nowadays a promising application in medical image processing to manage the
problem of paired data scarcity. In this work we designed and trained a CycleGAN model to generate PET/CT
data from 2D slices collected from the liver body region of twelve patients. The results obtained from the six
test patients show how our model can outperform baseline CycleGAN framework and effectively be used for
synthesizing artificial images to be used for data augmentation or dataset completion.
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1. INTRODUCTION

Medical imaging encompasses different imaging modalities and processes to image the human body. Each modal-
ity (e.g. Magnetic Resonance Imaging (MRI), Computed Tomography (CT), Positron Emission Tomography
(PET) etc.) has unique specificities and parameters which aids the physician to diagnose and treat patients.
When combining different modalities as done with PET/CT, clinical decision making is shown to improve as
multimodal imaging provides more information than single modality imaging.! Many deep learning algorithms
have therefore been proposed to solve segmentation® * or registration task® combining multimodal information,
and resulted to perform better than methods using a single modality.*

However, collecting sufficient high quality paired data from different modalities in order to train a deep learning
algorithm can be challenging. In cases of data scarcity, the problem can be circumvented by applying data
augmentation strategies, but when data is incomplete or series are missing, the problem is not be easily tackled.
Generative adversarial networks (GANs)® comprises a series of unsupervised deep learning models which have
archieved great results in the computer vision and medical image processing area thanks to their capability of
extracting the data underlying distribution and their internal structure.” They represent nowadays one of the
most promising techniques to tackle the problem of data generation and augmentation. The underlying idea in
GAN frameworks is to use two distinct convolutional neural networks (CNNs) trained in a zero-sum game: the
first CNN aims at generating images to be as similar as possible to the target ones, while the second one aims
at distinguishing between the real and the generated data.

In medical imaging, GAN based methods are generally used for applications such as synthesis of new data for
data augmentation purposes,® denoising,”> ! motion correction'!>'? or image reconstruction operations.!® Cross
modality synthesis is one of the most studied and explored application in the context of data generation.'* It
consists in the creation of an image from a certain modality starting from another one, thus allowing to create
artificial images to exploit the information of both modalities.
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In most of the literature works the image-to-image translation application is carried out for the CT/MRI

domains.® 15717 This is due to the fact that there is more MRI data available compared to CT scans, but also
because MRI, unlike CT, does not use ionizing radiation and is therefore less harmful to patients. MRI data can
also be created from CT with the aim to reduce the acquisition time required by certain sequences and protocols.
GAN methods used to transition from CT to PET or vice versa are however less common, and few examples are
reported in the literature. For instance Bi et al.'® proposed a GAN solution to generate PET images of the chest
region using a multi-channel input composed of the CT data and the corresponding lesion masks. Ben-Cohen et
al.1Y placed in series a fully convolutional network and a cGAN to generate PET images and improve the lesion
detection on liver. Finally Armanius et al.?° developed a framework called MedGAN trained with paired data
to perform PET denoising and correct motion artifacts.
For cross domain data synthesis, two GAN-based strategies received extensive coverage: the pix-to-pix based
solutions?! used when data are generally paired (i.e. a co-registration between cases is feasible and a good spatial
correspondence between structures can be achieved) and the CycleGAN models®? used when data are unpaired.
In this paper we present a modified CycleGAN algorithm to perform an image-to-image translation on the liver
region from PET/CT data trained in an unpaired way.

2. METHODS
2.1 Data

Our dataset is composed by of 18 patients treated for metastatic breast cancer, who underwent both CT and
PET acquisitions. The CT full body volumes are acquired with an average tube voltage equals to 100 kVp, a
tube current of 221 mA and come with spacing of 0.9x0.9 x 2 mm?, resulting in 512x512 2D axial slices. The
PET images are produced through the injection of 18-FDG radioactive tracer and are acquired with a resolution
of 4.073x4.073x2.027 mm?, bringing to a 200x200 pixel in plane field of view. The PET intensity values are
then normalized using the standardized uptake value (SUV) expression:?3

r

SUV = , (1)

a -w
where r is the radioactivity concentration measured by the PET scan [kBq/ml], o’ represents the decay-
corrected amount of injected radiolabeled FDG [kBgq| and w is the patient weight [g].

2.2 Preprocessing

To allow a direct comparison between the original image and the generated one and to help the synthesis
operations a preprocessing step is performed. Both CT and PET images are processed in order to archive a
dimension of 256x256 pixels in the axial plane: the CT scans are down-sampled by a factor of two, while the
PET volumes are rigidly registered and resampled to the corresponding down-sampled CT acquisitions.

Then a pre-trained model we developed?* for liver segmentation is used to limit the region of interest along the
axial direction and to keep only the slices where the liver is present in both modalities.

As shown in the literature, the presence of constraints on the image values can help the model’s generation
process by limiting the window of values.!® For this reason, we first clipped the value range and then normalized
them between zero and one. In particular, for CT images we limited the values between -160 HU and 240 HU,
while for PET we fixed the SUV range between 0 and 20.

Finally, in order to simplify the process of cross modality transfer we removed the table that is visible on the
CT images with a combination of morphological and thresholding filters.

2.3 CycleGAN model

The CycleGAN represents an unsupervised technique to perform image-to-image translation across two different
image domains by using collections of unpaired data (see Figure 1). Considering X and Y as two different
domains (e.g. CT and PET), the model aims to find two transfer functions that allow to pass from a space to
another according to Gy : X — Y and Gx : Y — X. The transfer functions Gx and Gy are produced using
two CNNs, adversarially trained with two discriminator networks (Dx, Dy) which respectively assess whether
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Figure 1. CycleGAN schematic model using unpaired combinations of input data.
the passed images are real or artificially generated.

To guarantee training stability during the learning process, we used the Least Square GAN version (LSGAN)??
for our generative models. It has the advantage of penalizing the generated samples according to the distance
from the decision boundary.

The adversarial contributes in the loss function can so be written as:

Ladvy (Gx,Dx) = (1 — Dx(2;))> + Dx(Gx(y:))* (2)

Ladvy (Gy, Dy) = (1 = Dy (y:))* + Dy (Gy (;))? (3)

The second contribute that is generally added in a CycleGAN model to make the overall training procedure
more stable and to avoid generators producing inconsistent synthesized images is the cycle-consistency term.
It represents a constraint introduced to minimize the reconstruction error between an image and the result of
passing it through both the generators (blue and green cycle paths in Figure 1) as expressed in Eq. 4:

Lee(Gx, Gy, Dx, Dy) = |[zi + Gx (Gy (z:)) | + llyi — Gy (Gx (w:)) (4)

where x; and y; are two random real images sampled from the respective domains. The final loss function
for a baseline CycleGAN results to be the sum of the adversarial contributions and the cycle consistency term.
A schematic representation of a CycleGAN model is given in Figure 1.

IIn addition to the baseline CycleGAN loss function, we included two other contributes: 1) a consistency
regularization (CR)?% on discriminators and 2) a feature matching loss as a further constraint for the generators.
The CR is produced applying a random transformation on the real data and passing it as a third input to the
discriminator with the aim to make Dx and Dy still capable of distinguish the real cases from the fake ones,
even if perturbed.

It’s given by:

Ler(Dx, Dy) = Z Aer,lIDx; (x) = Dx; (T ())|* + Z Acr,|IDy; (y) = Dy, (T (y))II? (5)

where j represents the generic layer of D used for the regularization and T'(+) is a data augmentation function
applied on the input.



The feature matching loss is applied on the generators to encourage them to produce more realistic images trying
to fool the discriminator to recognize the salient features.?”-2® It is calculated minimizing the difference between
the discriminator feature maps produced by real images and the ones derived from feeding the same network
with generated samples as reported below.

N-1 N-1
Liat(Gx, Gy, Dx, Dy) = 1 3 1Dx,(0) = D, GxIP + 57— 3 1Dy, () = D (G ()

The overall cost function can be finally defined as:

L(Gx,Gy,Dx,Dy) =Laqvy (Gx,Dx) + Ladvy (Gy, Dy)
+XccLec(Gx,Gy) + Ler(Dx, Dy (7
+ArmLrv(Gx, Gy, Dx,Dy)

To keep the formulation as general as possible we used the generic notations as X and Y.

2.4 Network architectures

To perform the domain transfer operation, we took into account two different solutions for the generator net-
works. The first one is a ResNet?*2% composed of nine residual blocks. Each block is structured with two
3x3 convolutional layers followed by in-stance normalization and ReLLU activation function. The blocks are also
placed in the middle of a small contracting path and a symmetric up-sampling one.

The second solution employed is a UNet architecture to synthesize the fake images. It mainly consists of eight
encoding levels, followed by an equal number of up-sampling operations in the decoding part for image recon-
struction. Instance normalization is used through all the network, while the two branches are characterized by
different activation functions: a LeakyReLU is used in the encoding part while a simple ReLLU is employed during
decoding. Dropout layer is finally added in the bridge part of the network and after every up-sampling layer
to reduce the number of parameters that tend to significantly increase as a consequence of the concatenation
between the low level and high level feature maps.

The discriminators employed are similar to the ones used in the original PatchGAN paper citezhu2017unpaired.
Instead of returning a single value to assess whether the entire input image is real or not, the PatchGAN dis-
criminator output produces a tensor where each pixel represents the classification of a single overlap-ping patch
of shape 70x70 in the input image. This makes the networks more prone to use high frequency features to
distinguish the input data. Finally, instance normalization was replaced by spectral normalization,3® which is
expected to give the best results in combination with the consistency regularization.?%

A detailed description of all the network architectures with all the parameters is given in Table 2 and 3 in the
Appendix A.

2.5 Evaluation metrics

To assess the quality of the synthesized images we used some well-established quantitative metrics.!® 19

First, we computed the Mean Absolute Error (MAE) between the original image and the generated one:

L
MAE = N Z: |z — Gx (i) (8)

The second score used is the Peak Signal to Noise Ratio (PSNR), which is calculated as:

(9)

where the M AX | represent the maximum intensity value of the image and RM SFE is root mean square error
between the real and the generated images. For the PET images the M AX; value is set to 20, while for the CT
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images we shifted the values in the range [0—400] HU and we used the new upper bound as maximum value.
In all cases we computed the above statistics only on the foreground portion of image, obtained by using a mask
to isolate it. In the case of the CT images we removed all the background pixels having value equals to -1000
HU. For each PET image we extracted the foreground portion from the union of the intensity pixels greater than
zero and the mask derived for the corresponding CT volume, since a registered step was used as preprocessing.
Such operation was done to fill some holes that can be generated in PET foreground mask by simply taking the
values greater than zero.

3. EXPERIMENTAL SETTINGS AND RESULTS

From the 18 patients we collected, we split our dataset in 12 training cases and left the remaining six for the
test purpose.

3.1 Training settings

The presented model was implemented using Tensorflow framework and trained from scratch on a single NVIDIA
GTX 1080 TI using only the axial slices from both modality volumes. We also used Adam optimizer with a first
order momentum S of 0.5

Due to memory constraints we conducted our experiments training the models for 200 epochs with a batch size
of only one sample per iteration (for both generators and discriminators) for each image domain. The initial
learning rate was set at 0.002 and kept fixed till epoch 100, after which it was linearly decreased to zero according
to the expression: piep, = ptep_,(E — ep)/(E — E5), where E is total number of epochs, ep represents the current
epoch and Ej is the 100" epoch step.

With the configuration settings described above we performed a series of experiments in order to identify the best
values to weight the different contributes which compose the model loss function defined in Eq.7. For the cycle
consistency contributes A\cc we kept the standard value of 10, while for the feature matching Apps we started
form 10 until we reached an acceptable value of 1. Higher values seemed to encourage the generator to modify
the shape of the synthesized image, especially when trying to generate a CT image from a PET acquisition.
The consistency regularization term added in the discriminator loss was obtained exploiting only the information
coming from the last layer and as consequence weighted with a single Ao value equals to 10. We observed that
smaller values did not produced significant differences in terms of image consistency compared to a state-of-
the-art version of the CycleGAN i.e. without the CR. Moreover, the employment of such regularization allows
to make the prediction function smoother. As stated in the original paper?® the applied transformations to
augment the real data (T'(-) of Eq.5) have to preserve the input semantic information. For this reason, the
discriminators were fed with samples coming through a simple random translation function which is produced
by a first enlargement to 286 x 286 pixels with a padding operation and followed by a random crop to the original
dimensions.

Table 1. The simulation results for different network configurations with and without the penalty and regularization terms
(PR), trained with paired (P) or unpaired (U) data. For each modality we reported the mean absolute error (MAE) and
the peak signal to noise ration (PSNR).

Model MAEpgT MAEcr PSNRpgT PSNRcr
UNet 0.43 £ 0.03 | 92.82+895 | 29.03 4+ 2.70 | 11.52 & 0.78
ResNet 0.42 + 0.03 | 64.48 +4.17 | 30.80 £ 2.58 | 13.06 £ 0.57
UNet+PR+U 0.41 + 0.05 | 62.45 + 3.69 | 31.36 + 2.45 | 13.20 + 0.48
UNet+PR+P 0.42 + 0.04 | 62.57 £3.90 | 31.20 +2.28 | 13.09 + 0.52
ResNet 'PR+U | 0.40 4+ 0.04 | 61.75 + 3.62 | 31.50 & 2.63 | 13.27 + 0.50
ResNet+PR+P | 0.40 £ 0.05 | 61.87 +3.98 | 31.34 £2.55 | 13.20 £ 0.54




3.2 Results

A series of experiments were carried out evaluating how the addition of penalty and regularization terms (PR),
described in section 2.3, influenced the results compared to the baseline models considering two different types
of architecture. Furthermore, exploiting the advantage of having paired data, in the case of the modified models,
we evaluated the algorithm performance when trained with paired (P) and unpaired (U) combination of data.
The results obtained from all the simulations are summarized in Table 1.

Real Image ResNet ResNet + PR + P ResNet + PR + U

o 4 LV -

Figure 2. Comparison between the real images and the artificial ones, created with a baseline model, and a model with
penalty and regularization terms (PR) trained with paired (P) or un paired (U) data. For simplicity we reported the
images produced using only the ResNet architecture since it performed better than the UNet.

4. DISCUSSION AND CONCLUSION

In this preliminary work we presented a method based on CycleGAN to perform cross modality synthesis of
PET/CT data focusing our analysis only on the liver region.

The results obtained show that adding of constraints term on the generator and the regularization on discrim-
inators improves the model’s performance to synthesize compared to the baseline models. Using consistency
regularization in conjunction with spectral normalization on both discriminators further stabilizes the training
process, avoiding a rapid fall of the discriminator loss to zero. It also forces the generators to create more
realistic images, with sharper borders, especially when creating CT images. With baseline models the presence
of grid-like artifact were constantly present over the generated CT slices.

However, compared to the PET generated images, the synthesized CT data show significant lower values of
PSNR. This is certainly due to the fact that the generation of CTs uses PET data which naturally present less
information.

Regarding the two architectures employed, the ResNet seems to slightly outperform the model designed with
a UNet for the generators. Moreover just as stated in the literature'® the model trained with unpaired data
slightly surpass the performance obtained when training everything with the paired data. This is probably a
consequence of some small misalignments that can occur despite registration is performed. This anyway confirms
the feasibility of using unpaired data for this task.

Some improvements still need to be incorporated. In particular we didn’t specify any terms to take into account
high and low intensity SUV values as done by'? in their loss function. As a consequence of that, in the few cases
of the dataset presenting liver lesions, these were not recognized and synthesized (see Figure 3, Fake PET). It is
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Figure 3. Example of missing lesion generation on the PET liver image and bone artifact generation on the corresponding
CT image.

also true that their identification is not at all immediate from CT images.

Additionally, the data presented many metastatic lesions visible on the PET images and localized on the patients’
backbone. We observed that without any constraints, the generator of CT images creates fake bones or parts
of them in the corresponding regions of the PET images where high intensity values are present (see Figure
3 fake CT part). In future work we will address this problem by adding specific penalty terms to limit such
effect. Furthermore, the use of a 3D approach will be explored, considering that in some cases there can be small
inconsistencies across the axial slices, especially when generating CT images.

Nonetheless, compared to Ben-Cohen et al.'® or Bi et al.'® who used paired samples, we have presented in
this paper a method capable of performing image-to-image translation of the abdominal region using unpaired
PET/CT data configuration in a fully unsupervised way. This is the most common situation both in clinical
practice and in the field of research when looking for publicly available datasets.

Even though we chose the liver as target for this application, the method can be easily applied to other body
areas such as the head-neck or the thoracic region to create new data for data augmentation purposes or for
further processing operations



APPENDIX A. ARCHITETURE DETAILS

Table 2. ResNet architecture. In the parameter column are reported the kernel size, the stride s, the activation function
and the padding type (If not specified padding type is same). The table is also organized in a way that the full structure
is reported on the left while the details about the res blocks on the right part of table.

Network Res Block
Layer name Parameters Feature size Layer name Parameters Feature size
Input 256x256x1
encl TXTX6d =1 o6 05664 convl 3x3x012; s=1 o) 61519
relu relu, pad:reflect
enc2 331285 5=2 1 190, 198%128 | conv2 3x3x512; 5= 6 64512
relu pad:reflect
enc3 353“56; 5=2 | 64x64x256 convl+conv2 64x64x512
res blocksx9 3x3x512; s=1 64x64x512
relu
dec3 3x3x512; 5=2 | 95 198%256
relu
dec? 3X3X512; s=2 | o556 05664
relu
TXTx1; s=1
Output tanh pad:reflect 256x256x1

Table 3. UNet architecture. In the parameter column are reporterd the kernel size, the stride s, the activation function and
the application of dropout is present. The table is also organized in a way that layers on the same row are concatenated.

Encoder Decoder
Layer name Parameters Feature size Layer name Parameters Feature size
Input 256x256x1 Output+sigmoid| 4x4x1; s=2 256x256x1
encl 3x3x64 S=2 | 19819864 | declpconcat | DAXOL SR 00 198x 108
Lrelu relu; drop(0.5)
enc2 3x3x128; 5=2 1 6564128 dec2 fconcat | X128 =L 6 645956
Lrelu relu, drop(0.5)
enc3 3x3x256; 5=2 1 39395256 dec3 teoncat | DXAX26 S72 59, 390512
Lrelu relu, drop(0.5)
encd 3x3x512 $=2 | 16, 16512 decd fconcat | XAX51Z =26 1651024
Lrelu relu, drop(0.5)
ench 3x3x512 5=2 1 g, gx512 dech fconcat | XAXO1Z =2 g 81024
Lrelu relu, drop(0.5)
enc6 3x3x51% =21y yxs12 dec6 fconcat | XAXOIZ S2 1024
Lrelu relu, drop(0.5)
3x3x512; s=2 4x4x512; s=2
enc? Lrelu 2x2x512 dec7+concat relu, drop(0.5) 2x2x1024
Bridge
brdl Ix3%x512; s=2 1x1x512
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