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ABSTRACT

Purpose: To develop an advanced deep convolutional neural network (DCNN) architecture to generate
synthetic CT (SCT) images from MR images for intensity-modulated proton therapy (IMPT) treatment
planning of nasopharyngeal cancer (NPC) patients.

Methods: T1-weighted MR images and paired CT (PCT) images were obtained from 206 NPC patients.
For each patient, deformable image registration was performed between MR and PCT images to create
an MR-CT image pair. Thirty pairs were randomly chosen as the independent test set and the remain-
ing 176 pairs (14 for validation and 162 for training) were used to build two conditional generative
adversarial networks (GANs): 1) GANszp: using a 3D U-net enhanced with residual connections and
attentional mechanism as the generator and 2) GAN,p: using a 2D U-net as the generator. For each
test patient, SCT images were generated using the generators with the MR images as input and were
compared with respect to the corresponding PCT image. A clinical IMPT plan was created and opti-
mized on the PCT image. The dose was recalculated on the SCT images and compared with the one
calculated on the PCT image.

Results: The mean absolute errors (MAEs) between the PCT and SCT, within the body, were
(64.89+5.31) HU and (64.31+4.61) HU for the GAN,p and GANzp. Within the high-density bone (HU >
600), the GAN;p achieved a smaller MAE compared with the GAN,p (p < 0.001). Within the body, the
absolute point dose deviation was reduced from (0.58+ 1.61) Gy for the GAN,p to (0.47 £0.94) Gy for
the GAN3p. The (3 mm/3%) gamma passing rates were above 97.32% for all SCT images.

Conclusions: The SCT images generated using GANs achieved clinical acceptable dosimetric accuracy
for IMPT of NPC patients. Using advanced DCNN architecture design, such as residual connections and
attention mechanism, SCT image quality was further improved and resulted in a small dosimetric
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Introduction

The major advantage of proton therapy (PT) compared to
photon therapy is the ability to increase the target dose con-
formality due to the finite range of a proton beam [1].
However, this makes it more susceptible to the uncertainties
caused by the patient’'s anatomical changes and setup
inaccuracy [2]. PT treatment delivery accuracy has been sub-
stantially improved by using the onboard CBCT image as an
imaging guidance [3]. However, due to the lack of capabil-
ities of real-time imaging and functional imaging, the poten-
tial of PT treatment is far from being fully explored. On the
other hand, photon radiotherapy is moving rapidly toward
the MR guidance treatment platform since MRI has shown
significant clinical benefits in the target delineation [4,5] and
toxicity reduction [6]. Due to the tremendous cost and
engineering challenges, the integration of MRI with PT is

moving slowly. However, an integrated MR guided-PT
(MRgPT) system has been conceptually developed and proto-
typed previously [7]. The MRgPT system is capable of real-
time imaging for localizing moving targets during dose deliv-
ery, which can mitigate the motion uncertainties and inter-
play effect [8,9]. Meanwhile, the system has great potential
to visualize the tumor biological heterogeneity for targeting
the resistance tumor sub-regions [10].

One of many technical challenges for the clinical imple-
mentation of MRgPT treatment is the generation of a high-
quality synthetic CT image (SCT) for a precise PT dose calcu-
lation. The methodologies of generating SCT images from
MR images, such as multi-atlas deformable image registration
[11-14] and deep learning [15-19], have been studied exten-
sively during the past decades. The previous review articles
[20,21] provide a detailed summary of the existing studies.
So far, most studies have been focusing on the photon dose
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calculation [22-29]. However, due to the nature of sharp
dose falloff in the dose distribution, the PT dose calculation
accuracy is much more sensitive to the CT number uncer-
tainty compared to conventional photon therapy. Therefore,
the accuracy requirement for the SCT image is much higher
for MR-based PT treatment planning.

Numbers of studies investigated the SCT image-based PT
dose calculation on different treatment sites, such as pros-
tate [30-32] and brain [30,33]. These treatment sites are rela-
tively simple and have smaller impacts by the local tissue
heterogeneity. Some of the other studies used SCT images
generated by a generative adversarial network (GAN) for PT
treatment planning. The SCT images have been evaluated on
a relatively small number of pediatric abdominal patients
[34], liver cancer patients [25], or head and neck (HN)
patients [35]. These anatomical sites are more challenging
due to the complexity of the local anatomical structures.
Both of air cavity and bony structure have a low MR signal
on conventional MR images. However, their CT number dif-
fers significantly resulting in a significant deviation of their
stopping power ratio affecting the local dose deposition.
Therefore, inaccurate estimation of local HU number could
lead to large dosimetric variations in PT dose calculation.
Several other studies used additional non-conventional MR
sequences for bone/air segmentation to improve the SCT
image generation algorithm [36,37]. However, these specific
MR sequences are not widely clinically available.

The purpose of this study is to develop an advanced
deep convolutional neural network (DCNN) architecture to
generate high-quality SCT images from conventional MR
images for PT treatment planning of nasopharyngeal carcin-
oma (NPC) patients. NPC patient images were selected in the
evaluation due to the significant local bone/air tissue hetero-
geneity adjacent to or within the targets affecting PT dose
calculation accuracy. Clinical intensity-modulated PT (IMPT)
plans from a cohort of 30 test patients were used to evaluate
the accuracy of using the SCT images for PT dose
calculation.

Methods and materials
Data acquisition and preprocessing

A total of 206 MR-CT paired images of NPC patients were
used in the study. The interval between the MR and CT
image acquisition is (2.3 + 1.9) h. The patients were imaged
head first supine. The MR images were acquired using a 3-
tesla Ingenia high-field system (Philips Healthcare,
Amsterdam, the Netherlands) with a vendor-supplied
phased-array dStream Head-Neck Spine coil on a dedicated
radiotherapy flat couch. A T1-weighted fast-field was used
with an echo time/repetitive time of 4.9/2.4 ms, a flip angle
of 12 degrees, and a reconstructed voxel size of
0.74x 0.74 x 3 mm?>. Both CT and MR images were acquired
with an immobilization mask in place. The CT images were
acquired using a SOMATO Definition AS CT simulator
(Siemens Medical System) with a reconstructed voxel size of
0.97 x 0.97 x 3 mm?>. The intensity of each MR volume image
was normalized as zero mean and unit variance and then

scaled to a similar numeric range. Details of the intensity
normalization were described in a previous study [38].

A binary body mask was applied to override voxels out-
side the patient body for each volume image. To create bet-
ter spatially matched MR-CT image pairs, deformable image
registration was performed between MR and CT images for
each patient using a deformable image registration tool
(ADMIRE, Elekta). The resulting paired MR-CT images shared
a resolution of 0.74 x 0.74 x 0.3 mm?> with 384 x 384 vox-
els per axial slice. The deformable registered MR-CT image
pairs were used to train the models.

Conditional generative adversarial networks (GAN)

A conditional GAN framework was chosen in this study due
to its excellent capability of generating a more realistic SCT
image [39]. A conditional GAN contains a generator CNN and
a discriminator CNN. The generator is a function with an
input of MR image and output of the corresponding SCT
image. The discriminator is a classifier to classify a CT image
as being real (output 1) or synthetic (output 0). In this study,
two GAN models were implemented: (1) GAN,p: using a 2-
dimensional (2D) standard 23-layer U-net [40] as the gener-
ator and a 6-layer 2D CNN as the discriminator (2) GAN;p:
using a 3-dimensional (3D) U-net [41] enhanced with residual
connections [42] and attention mechanism [43] as the gener-
ator and a 6-layer 3D CNN as the discriminator. In general,
the 3D model is superior for learning 3D image features [41].
However, it requires more GPU memory depending on the
size of the input training samples. In this study, the residual
connections were applied to improve the network training
efficiency [42]. Furthermore, the attentional mechanism was
used to enhance the network capability to focus more on
those local image features that are more relevant to the pro-
cess of synthetic image generation [43]. During training, the
network gradually focuses on those most important image
features for SCT image generation. Supplement Figure 1
shows the attention maps generated at different training
iterations. Details of the 3D U-net architectures and their par-
ameter settings were described in Supplement Figure 2. The
hyperparameter settings of the discriminators are summar-
ized in Supplement Table 1.

The GANs were trained with pair of {MR; CT;}, i=1, 2,
...N (N is the total number of pairs in the training set). The
training process is an iterative process to progressively iden-
tify the optimal parameters 6 and 0p for the generator (G)
and the discriminator (D), such as:

0 = arg nsin (|G(MR;) — CTi| + - (D(G(MR;)) — 1)2) M
and
0 = argmax ((D(G(MR)) 1) +D(CT)?) (@)

where L in Equation (1) is the weighting factor for the dis-
criminator loss term in the overall loss. Practically, it is
selected empirically by balancing the generated image con-
trast and the MAE loss term. The G(MR;) indicates the ith
SCT image generated from ith MR image from the training
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samples. The D(G(MR;)) and D(CT;) indicate the output of
the discriminator with the inputs of the ith SCT image and
the ith CT image, respectively. For an iteration of the training
process for the GAN,p, 0 was updated once and Op was
updated twice successively based on the randomly selected
paired MR-CT 2D image slices. The GAN3p cannot be trained
with the whole 3D MR volume image as input due to the
limited memory of our current GPU card. In this study, the
GANsp model was trained based on 3D image patches with
the size of 80 x 80 x 48 randomly generated from the vol-
ume images of the training set.

Implementation details

A mini-batch of 3 was used for training the GAN models.
Data augmentation was applied in two stages: (1) before
training, each MR-CT image pair were deformed simultan-
eously using three different deformable vector fields ran-
domly generated based on the 3D B-spline method to triple
the number of training samples; (2) during training, the train-
ing samples were randomly flipped and rigidly shift.

The models were implemented on Keras [44] using
Tensorflow [45] as the backend and were trained on an NVIDIA
GP100 GPU with 16GB memory. For an iteration of the training
process, the parameters of the generators were updated once
and the parameters of the discriminators were updated twice
based on the randomly select samples. The learning rates were
set to be 0.0001 and 0.0002 for the discriminators and the gen-
erators. The training process stopped when the validation loss
reached a plateau to avoid model over-fitting.

Evaluation

Thirty of the 206 MR-CT image pairs were randomly selected
as the independent test set. The other 176 pairs were used
to build the 2 GAN models including 162 pairs as the train-
ing set and 14 pairs as the validation set. For each test
patient, the MR image was used as input for the generators
to generate the corresponding SCT images and compared
with respect to the paired CT (PCT) image. The mean abso-
lute error (MAE) between the SCT images and the PCT
images was used to measure the CT number estimation
accuracy within different regions of interest.

The dosimetric accuracy of using the SCT images for PT
dose calculation was evaluated using clinical 4-beam IMPT
treatment plans calculated using a pencil beam scanning algo-
rithm (Raystation version 6. Stockholm, Sweden). A treatment
dose of 35 x 2Gy was prescribed for the clinical tumor volume.
For each test patient, an IMPT plan was created using the PCT
images. The planning dose distribution was recalculated on the
SCT images. The dose matrices have a resolution of
3x3x3 mm® and cover the major regions of interest. The
deviation between the dose matrices calculated on the PCTs
and the SCT images was analyzed. Global 3D gamma analysis
was performed under the criteria of 1%/1 mm, 2%/2 mm, and
3%/3 mm (dose discrepancy/distance agreement) with a 10% or
50% threshold, i.e., surpassing areas with point doses less than
10% or 50% of the prescription dose. Dose-volume histogram
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(DVH) parameters calculated from the PCT images and SCT
images were also compared.

Statistical analysis

Wilcoxon signed-rank tests were used to compare the per-
formance of the GAN,p and the GAN;p models. The MAEs
between the SCT images and the PCT images and the
gamma passing rates were tested. A p value less than 0.05
was considered statistically significant.

Results

The GAN,p was trained in 300 k iterations using 175.5h
while the GANsp was trained in 132k iterations using 96.8 h.
Within the patient body, the MAEs between the PCT images
and the SCT images were (64.89+5.31) HU and
(64.31 + 4.61) HU for the GAN,p and the GAN3p (p = 0.36).
Within the high-density bone regions (HU > 600), the GAN3p
achieved a smaller MAEs compared to the GANyp
(p < 0.001). The corresponding MAEs were (221.63 + 30.15)
HU and (206.09 + 27.43) HU for the GAN,p and the GANjp.
Figure 1 shows the MAE calculated within each bin of the CT
or MR image intensity (left-axis) as well as the voxel image
intensity distribution (right-axis). For those voxels within
extreme HU values (e.g., HU > 600 or HU<-200), the GAN3p
achieved a noticeably smaller MAE compared with the
GAN,p. In addition, the majority of low MR signal voxels (MR
intensity < 300) have a large MAE > 100HU. Figure 2 shows
the MR, PCT, SCT images, and the corresponding HU error
distributions for a patient with average HU accuracy.

Figure 3(a,b) shows the cumulative distribution for the
point dose absolute deviation between the dose calculated
on the PCT images and the dose calculated on the SCT
images. Within the patient body (10% threshold), the abso-
lute point dose discrepancy was (0.58+1.61) Gy for the
GAN,p and were (0.47 = 0.94) Gy for the GAN3p. Within the
high dose regions (50% threshold), the dose deviation was
(0.64 £ 1.1) Gy for the GAN,p and was (0.54 + 0.91) Gy for
the GANs;p. Figure 3(c,d) shows the distributions of the
gamma passing rates under different criteria. Within the
patient body (10% threshold), the mean + SD of 1%/1 mm,
2%/2mm, and 3%/3mm gamma passing rates were
(80.72+£6.5)%, (98.54+1.5)%, and (99.64+0.57)% for the
GAN,p, whereas they were (82.15+7.93)%, (98.59+ 1.92)%,
and (99.58+0.68)% for the GANsp. Within the high dose
regions (50% threshold), the 1%/1 mm, 2%/2mm, and 3%/
3mm gamma passing rates were (73.67+£9.2)%, (98.16+
1.99)%, and (99.54+0.81)% for the GAN,p, whereas they
were (75.61+12.88)%, (98.3+2.82)%, and (99.54+0.92)% for
the GANsp. The gamma passing rates are not statistically sig-
nificant for the 2 models (p>0.354). Figure 4 shows the
absolute point dose discrepancy between the dose calcu-
lated on the PCT images and the dose calculated on the SCT
images within each bin of MR intensity and CT intensity.
Figure 5 shows the dose distributions calculated on PCT
images and SCT images as well as the DVH for a test patient
with a 3%/3 mm passing rate of 98.66% for the GAN,p and
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Figure 1. (a) MAE between the PCT and SCT image versus CT number and the CT number distribution; (b) MAE versus MR intensity and the MR intensity distribution.
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Figure 2. The MR, the PCT, the SCT images, and the HU error distributions for a test patient with average HU accuracy.

99.89% for the GANsp. Local point dose deviation on the
nose, cavities. The region with dose deviation >3% of the
prescription is smaller in the GANszp generated SCT images.
Supplement Figure 3 shows the distributions for the DVH-
parameter difference. The differences for CTV-D95, spinal
cord-max, brain stem-max, left parotid mean dose, and right
parotid mean dose were (—0.1+0.2) Gy, (0.28+0.56) Gy,
(0.19+0.45) Gy, (—0.13+0.34) Gy, (—0.12+0.31) Gy for the
GAN,p, and (—0.1+£0.14) Gy, (0.09+0.51) Gy, (0.18 £0.49) Gy,
(—0.04+0.37) Gy, (—0.02+0.31) Gy for the GANsp,.

Discussion

This study aims to develop an advanced CNN architecture to
generate high-quality SCT images for IMPT treatment

planning for NPC patients. Two GAN models were built using
176 MR-CT image pairs. The GAN,p used a standard 2D Unet
as a generator while the GAN3p used a 3D Unet with residual
connections and an attention mechanism. The results from
the 30 test patients showed that both GANs can generate
SCT images achieving high dosimetric accuracy. In particular,
the GAN3p model is capable of improving the HU accuracy
for high-density bone. Such SCT image quality improvement
results in a small increase in dosimetry accuracy, particularly
in air cavity regions, i.e., with a low MR and low CT intensity.

The MAE within the body was comparable between the
two GAN models. However, the MAE for those high-density
bone tissue with a HU > 600 was reduced noticeably from
(221.63 £30.15) HU for the GAN,p model to (206.09 +27.43)
HU for the GAN3p model. It indicates that the GAN3p model
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Figure 5. The dose distributions calculated on the PCT image and the SCTs, the dose discrepancies, and the corresponding DVH for a test patient with an average

dosimetric performance.

could improve the 3D bone features learning. Additionally,
the majority of low MR signal voxels (MR intensity < 300)
have a relatively large MAE, i.e, >100HU, even for the
GAN3p model (Figure 1(b)). Therefore, adding specific MR
image sequences in training could be helpful to increase the
prediction accuracy. It indicates the challenge of the CT num-
ber estimation accuracy in the low MR intensity regions for
the current deep learning-based methods. A previous study
used a 3D-Unet trained using T2-weighted MR images of HN
patients to generate SCT images and it achieved an MAE =
(75+9) HU [29]. Another study used a 2D-Unet trained using
NPC patient images and the MAE = (97 +13) HU [46]. Multi-
sequences MR images have also been used to generate SCT
images in 2 recent studies. The MAE was (75.7 + 14.6) HU
[47] and (71.31 + 12.4) HU [48], respectively. In comparison,
our model achieved a relatively lower MAE. Within the
patient body, the MAE was (64.89+5.31) HU for the GAN,p
and (64.31+4.61) HU for the GAN3p used in this study. The
major reason could be that our studies used a much larger
training dataset (176 patients) compared with other studies.
The CT and MR images were acquired within the same day
in the same treatment position with using a multi-modality
CT-MR deformable image registration. Therefore, a sufficient
number of high-quality MR/CT image pairs is the key to
achieving high performance of the deep CNN-based models.

Overall, the dosimetric accuracy of using the SCT images
for IMPT treatment planning is high for both GAN,p and
GAN3p models. The 3%/3 mm gamma passing rate is above
97.32% for the two models. These results were comparable
to the results evaluated for photon treatment planning of
the NPC patients [38]. However, PT treatment planning is
more challenging because of the high dose gradient in the

local regions within or adjacent to the air/bone tissue het-
erogeneity. Due to the low MR signals for both air and bone
tissue, their HU estimation is of large uncertainty and causes
dose discrepancy, especially for the GAN,p model (Figure
4(b)). The GAN3p model reduced the point dose deviation in
these regions (Figure 4(a)). The % of voxels with dose devi-
ation >2Gy is 4.2% for the GAN3p and 4.9% for the GAN,p
(Figure 3(b)). Therefore, the SCT images generated using the
proposed GANzp model is superior for online dose verifica-
tion and plan re-optimization of PT. However, extra attention
is needed for those low MR signal regions during IMPT plan-
ning on an MR-generated SCT image. Avoiding the air cavity
region could be a practical way to reduce the dosimetric
uncertainty.

In summary, SCT images generated using the conditional
GAN models trained on a large patient cohort (n=176)
achieved clinically acceptable dosimetric accuracy for the
IMPT plan of NPC patients with a 3%/3 mm gamma passing
rate above 97.32%. Using the advanced neural network archi-
tecture designs, such as residual connections and attention
mechanism for the generator, the SCT image quality, espe-
cially for those high-density bone tissues, was further
improved and resulted in a small improvement in dosimet-
ric accuracy.
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