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Abstract
Objective: The aim of this study is to generate virtual noncontrast (VNC) computed tomography (CT)
from intravenous enhanced CT by using Unet convolutional neural network (CNN). The differences
among enhanced, VNC, and noncontrast CT in proton dose calculation were compared.

Methods: A total of 30 groups of CT images of patients who received enhanced and noncontrast CT were
selected. Enhanced and noncontrast CT were registered. Among these patients, 20 groups of the CT
images were chosen as the training set. Enhanced CT images were used as the input, and the
corresponding noncontrast CT images were used as output to train the Unet neural network. The
remaining 10 groups of CT images were chosen as the test set. VNC images were generated by the
trained Unet neural network. The same proton radiotherapy plan for esophagus cancer was designed
based on three images. Proton dose distributions in enhanced, VNC, and noncontrast CT were calculated.
The relative dose differences in enhanced CT with VNC and noncontrast CT were analyzed.

Results: The mean absolute error (MAE) of the CT values between enhanced and noncontrast CT was
32.3 ± 2.6 HU. The MAE of the CT values between VNC and noncontrast CT was 6.7 ± 1.3 HU. The mean
values of the enhanced CT in the great vessel, heart, lung, liver, and spinal cord were signi�cantly higher
than those of noncontrast CT, with the differences of 97, 83, 42, 40, and 10 HU, respectively. The mean
values of the VNC CT showed no signi�cant difference with noncontrast CT. The differences among
enhanced, VNC, and noncontrast CT in terms of the average relative proton dose for clinical target
volume(CTV), heart, great vessels, and lung were also investigated. The average relative proton doses of
the contrast CT for these organs were signi�cantly lower than those of noncontrast CT. The largest
difference was observed in the great vessel, while the differences in other organs were relatively small.
The γ-passing rates of the enhanced and VNC CT were calculated by 2% dose difference and 2 mm
distance to agreement. Results showed that the mean γ-passing rate of VNC CT was signi�cantly higher
than that of enhanced CT (p<0.05).

Conclusions: The proton radiotherapy design based on enhanced CT increased the range error, thereby
resulting in calculation errors of the proton dose. Therefore, a technology that can be used to generate
VNC CT from enhanced CT based on Unet neural network was proposed. The proton dose calculated
based on VNC CT images was essentially consistent with that based on noncontrast CT.

Introduction
Compared with traditional photon therapy, proton beam loses energies when running through materials,
and the loss ratio of energy forms a peak at the end of range; this peak is called the Bragg peak. The dose
behind the peak drops to zero quickly. Hence, the physical advantages of the proton beam include the
fact that the Bragg peak spreading of proton beam is at the lesion of the tumors. Thus, tumors receive the
maximum dose of radiation, while normal tissues are exposed to a small radiation dose[1–2]. Given the
characteristics of the Bragg peak of proton beam, it has to depict target volume and affects organs



Page 4/18

accurately. However, the contrast-enhanced agent should be applied to patients before depiction because
the contrast among different soft tissues is generally low. Afterward, enhanced CT images are obtained
from CT scanning, which can display tumors or normal organs well. This is of particular importance to
esophagus cancer with similar structures close to the target volume.

Traditional proton therapy planning system calculates the proton dose by converting the CT values
gained from simulated or planned CT scanning into the stopping power ratio (SPR) of the proton relative
to water. Generally, enhanced agent is the thin mixture of high-Z elements (e.g., iodine) and water that
may result in the enhanced photoelectric interaction of X-ray during the imaging process, thereby
increasing the CT values of the enhanced CT images manually. The enhanced CT images will
overestimate practical tissue density and SPR if they are not corrected, thereby causing dose calculation
errors.

Generally, the in�uences of enhanced agent on photon dose distribution can be ignored, and dose can be
calculated safely on enhanced CT images[3–5]. Xiao[6] studied the differences between enhanced and
noncontrast CT in dose calculation under conformal radiotherapy, intensity modulated radiotherapy, and
stereotactic body radiotherapy.This author concluded that enhanced CT achieves the smallest calculation
error of the 3DCRT dose and can be applied to calculate the 3DCRT dose directly. However, enhanced
agent can in�uence dose calculation signi�cantly during proton radiotherapy, and another noncontrast
CT is needed to formulate the therapy plan[7]. Hwang[8] investigated the in�uences of enhanced CT on the
dose calculation of the proton beam radiotherapy and found that enhanced CT causes as high as 1 cm
distal range error of the proton beam. However, the CT values of heart and vessels should be corrected to
apply enhanced CT into proton beam radiotherapy, thereby complicating the radiotherapy. Enhanced and
noncontrast CT images are not scanned completely at the same time; their registration may also
introduce errors. Enhanced and noncontrast CT also increase the dose that is administrated to patients.

Enhanced CT may trigger a large range error if it is applied to calculate the dose of the proton
radiotherapy directly. Such range error is often avoided by following two approaches. The �rst approach
makes the rigid registration of enhanced and noncontrast CT images of a patient, then depicts in
enhanced CT, and calculates dose on noncontrast CT. However, this approach will generate additional
error during registration because enhanced and noncontrast CT are scanned at different times, thereby
increasing the uncertainty of proton radiotherapy. The second approach is to generate virtual noncontrast
(VNC) images by using dual source CT (DECT) based on the decomposition of the characteristic tissues.
Speci�cally, the decomposition of the characteristic tissues includes the decomposition of the
multienergy CT data according to the score of virtual materials (called as characteristic tissues), from
which the element composition of human tissues can be estimated[9]. This information can be further
used to calculate physical parameters related to dose calculation, such as SPR[10]. The VNC volume of
SPR is generated by combining soft tissues and skeleton components, but it neglects the effects of
contrast enhanced agent. Such VNC approach requires the attenuation coe�cients of contrast enhanced
agents of two DECT spectra. It has disadvantages of high complication coe�cient, high requirements on
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machine performance, and high cost[11]. VNC approach is widely applied in diagnostic imaging[12–14].
Nevertheless, only few studies have discussed the applications of VNC in dose calculation[15, 16].

Recently, deep learning technology based on convolutional neural network (CNN) has been widely applied
in medical image processing[17–19]. Many researchers have achieved relatively ideal fruits in image
segmentation[20, 21], denoising and artifact removal of the CT images[22], image registration[23, 24], and
radiotherapy response prediction[25] by using a deep learning model. For example, in the metal artifact
correction of CT, Zhang[26] decreased the metal artifact by introducing it in CNN and achieved satisfying
results. In magnetic resonance-guided radiotherapy, Fu[27] generated pseudo-CT images from T1-phase
magnetic resonance images based on 2D and 3D CNNs. Gupta[28] generated pseudo-CT images from
sagittal MR images by using the Unet neural network and calculated dose distribution based on pseudo-
CT and real CT images. The comparison showed that the differences between therapy planned CT and
CBCT images and between pseudo-CT and CBCT are − 0.1 and − 0.1 mm, respectively. The differences
between left and right axes, between front and rear axes, and between head and tail axes are all − 
0.2 mm. However, generating VNC CT by eliminating the enhanced effect from enhanced CT based on
deep learning has not been studied to date.

In this study, a method to generate VNC CT images from enhanced CT based on Unet CNN[29] was
proposed. Proton dose distributions were also calculated based on noncontrast CT, enhanced CT, and
VNC CT images, and the differences were analyzed.

Materials And Methods
A total of 30 groups of CT images of patients who received chest noncontrast and enhanced CT
successively were chosen. Siemens CT (Germany) was applied to collect CT images. Scanning
parameters are as follows: tube voltage = 110 kVP, tube current = 400 mA, layer thickness = 5 mm,
scanning space resolution = 0.72 mm × 0.72 mm to 0.97 mm × 0.97 mm, and size of rebuilt images = 512 
× 512. Patients received noncontrast CT �rst and then enhanced CT immediately. The interval between
noncontrast and enhanced CT was shorter than 3 min. To relieve the in�uences of breathing on images,
active breath control, which the act of holding the breath after inhalation, was adopted to all patients
during noncontrast and enhanced scanning to decrease differences between noncontrast and enhanced
CT images caused by breathing as much as possible.

For each CT image group, noncontrast CT was the �xed image, and enhanced CT was the �oating image.
The 3D rigid registration of the CT was implemented through 3D a�ne transformation. Subsequently,
registered images were reviewed by a senior radiotherapist to observe the differences in organ and tissue
positions between registered noncontrast and enhanced CT. Images with signi�cant differences after
registration were eliminated. Finally, 30 groups of CT images of patients were chosen. Each group of
images included 60–80 layers of noncontrast CT images and 60–80 layers of registered enhanced CT
images.
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Unet network was �rst proposed in the task of biomedical image segmentation and has been widely
applied due to a small quantity of training data and good effect. The Unet network structure is shown in
Fig. 1. Unet is a symmetrical neural network structure that covers coding and decoding parts. The coding
part includes four downsampling processes and can be applied to extract image features. Similarly, the
decoding part has four upsampling processes and can restore feature images into the resolution of
original images. Unet network applies the 3 × 3 convolutional kernel with a mobile step length of 1. After
convolution, the image size was kept constant through the zero�ll of the image edges before convolution.
Leaky ReLUs was applied as the activation function, and batch normalization was implemented before
the activation function. The coding part implemented downsampling by using maximum pooling, and the
decoding part implemented upsampling through deconvolution. The input was the enhanced CT images,
and the output was the corresponding noncontrast CT images. Among all CT images, 20 groups were
chosen as training set, and 10 groups were used as the test set. The training set had 1 200 noncontrast
and enhanced CT images, whereas the test set had 600 noncontrast and enhanced CT images. The
noncontrast and enhanced CT images were rotated, ampli�ed, and translated in the same way through
data enhancement interface of Keras, thereby enhancing the data and increasing the sample size. The
sum of the mean absolute (MAE) and square errors was used as the loss function of training, as follows:

where X and Y are the two CT images for comparison, and refers to the CT value of pixel i in the CT image
X. A small batch gradient descent optimization algorithm was applied in the training, in which the batch
size was set 12.

In this study, the proton dose was calculated by the Monte Carlo algorithm at the computational grid of
2 mm. During dose calculation, the planning system software (RayStation) can achieve SPR
automatically according to the composition of different materials. Different materials were obtained
according to the CT-HU scale curve. The scale curve is shown in Fig. 2.

Ten patients in the test set were subjects with esophagus cancer that require radical radiotherapy. The
noncontrast CT images and enhanced images of 10 groups of patients and VNC CT images generated by
Unet neural network were inputted into RayStation. Senior doctors were invited to depict target
radiotherapy volume and important protection organs (e.g., heart, great vessel, lung, liver, and spinal cord)
on noncontrast CT images. Afterward, the depicted target radiotherapy volume and protection organs
were copied to enhanced and VNC CT images to compare the mean CT of different organs on enhanced,
VNC, and noncontrast CT images.

Patients were exposed to radiation on a proton accelerator. Clinical target volume(CTV) was provided
with the prescription doses of 6 000 cGy, and the number of treatments was set to 30. The maximum
dose in the target volume was lower than 105%. During the design of the proton therapy plan, two to three
�elds were chosen according to the position of the tumors. For example, the three radiation �elds of 0°,
220°, and 130° can be chosen for angle distribution when the tumor was at the mediastinum. The therapy
plan design is shown in Fig. 3. First, the radiotherapy plan was designed and optimized on noncontrast
CT images, and the dose distribution was calculated. Second, the radiotherapy plan was copied into the
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enhanced and VNC CT images. Under this circumstance, dose distribution was calculated directly without
plan optimization. Finally, proton dose distributions on enhanced, VNC, and noncontrast CT images were
compared. Mean CT and dose were calculated using the Wilcoxon matched pair rank test.

Results
The training of the Unet neural network stops after 2 000 trainings into data in the entire training set,
thereby reaching 200 000 iterations. Enhanced CT images in the test set are inputted into the trained Unet
neural network to generate VNC CT images. Enhanced, VNC, and noncontrast CT images on the same
layer are shown in Fig.4. The window level and width of CT are 40 and 400 HU, respectively. Enhanced CT
images are brighter than noncontrast CT images at the great vessel, while VNC CT images are extremely
similar to noncontrast CT images.

Deducting noncontrast CT from enhanced CT images showed that the CT values of several organs in
enhanced CT images are signi�cantly higher than those in noncontrast CT images. This result is
attributed to the absorption of the contrast agent. The difference between noncontrast and VNC CT
through deduction is small. A statistical analysis on the MAEs (HU) of the enhanced CT with those of
VNC and practical noncontrast CT of 10 patients in the test set is carried out. When the air region other
hand human body is excluded, the MAE between contrast and noncontrast CT is 32.3 ± 2.6 HU, while the
MAE between VNC and practical noncontrast CT is 6.7 ± 1.3 HU. This result shows that the contrast agent
can intensify the difference between enhanced and noncontrast CT. However, the VNC CT that is
generated from enhanced CT based on Unet neural network shows a small difference with practical
noncontrast CT.

The inconsistent range curves of enhanced, VNC, and noncontrast CT when the 150° radiation �eld runs
through the heart are shown in Fig. 5. The �gure shows that the range error between noncontrast and
VNC CT is relatively small, while those of the enhanced CT with noncontrast and VNC CT are relatively
large. During radiotherapy design, the uncertainty of proton positioning error at the upper and lower, left
and right, and head and tail is 5 mm. The range uncertainty is ± 3.5%.

Statistics on the mean CT values of enhanced, VNC, and noncontrast CT images in the heart, great vessel,
lung, liver, and spinal cord are shown in Table 1. In enhanced CT images, the CT values of the heart, great
vessel, lung, liver, and spinal cord are signi�cantly higher than those observed in noncontrast CT images
(p < 0.05). The largest difference (97 HU) is observed in the great vessel, followed by the heart (83 HU).
The differences in the lung, liver, and spinal cord are 42, 40, and 10 HU, respectively. However, the
differences in HU value between VNC and practical noncontrast CT are not signi�cant. The difference in
the lung is 4 HU, while those in the heart, great vessel, liver, and spinal cord are smaller than 2 HU.
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Table 1
Mean CT values of three types of images in different organs

  mean CT values of heart, great vessel, lung, liver and spinal cord(HU)

heart great vessel lung liver spinal cord

noncontrast CT 26.5 ± 5.2 42.6 ± 2.3 -698.6 ± 65.8 52.4 ± 4.6 31.2 ± 2.3

Enhanced CT 109.2 ± 16.2 139.3 ± 14.8 -656.4 ± 76.3 92.2 ± 8.7 41.1 ± 3.7

VNC CT 25.2 ± 6.8 41.3 ± 3.9 -702.4 ± 72.7 52.8 ± 6.5 32.6 ± 2.7

The calculated dose distribution in enhanced, VNC, and noncontrast CT images in the CTV, heart, great
vessel, and lung is shown in Table 2. The dose of the noncontrast CT is used as the standard. The dose
of the enhanced CT in different tissues is subtracted to the dose of noncontrast CT in the corresponding
tissues and then averaged; the result is then referred to as the Former. Similarly, the dose of VNC CT in
different tissues is subtracted to the dose of the noncontrast CT in corresponding tissues and then
averaged; the result was then referred to as the Later. As listed in Table 2, the mean of the Former is
higher than that of the Later, and the Former is a negative value. This result indicated that the dose of
enhanced CT at these positions is signi�cantly lower than that of noncontrast CT. The largest difference
in the relative mean dose is observed in the great vessel, while the difference in other organs is relatively
small. The difference in mean dose between VNC and noncontrast CT is relatively small. Hence, this
difference can be ignored.

Table 2
Differences in the mean relative dose among enhanced, VNC, and noncontrast CT

  Differences of relative dose mean with noncontrast CT(cGy)

  relative dose
mean of CTV

relative dose
mean of heart

relative dose mean
of great vessel

relative dose
mean of lung

Enhanced CT-
noncontrast CT

-7.6 ± 35.9 -57.6 ± 70 -150.8 ± 140.9 -29.6 ± 30.4

VNC CT-
noncontrast CT

0.1 ± 5.8 -15.4 ± 25.3 1.4 ± 10 -5.6 ± 9.1

The sectional dose distributions of a typical patient based on enhanced, VNC, and noncontrast CT
images are shown in Fig. 6. The dose distributions based on VNC and noncontrast CT are essentially
similar. However, the dose distribution based on enhanced CT has signi�cant differences compared with
those based on noncontrast and VNC CT. The dose line of 6 000 cGY in noncontrast and VNC CT has a
relatively high target �tness, whereas the target �tness of enhanced CT is relatively poor.

The dose–volume histograms (DVH) of different organs based on enhanced, VNC, and noncontrast CT
are shown in Fig. 7. The DVH based on VNC and practical noncontrast CT is essentially similar, while that
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based on enhanced CT differed signi�cantly from those based on VNC and practical noncontrast CT.
Such difference is mainly evident in the CTV and great vessel.

The comparison of γ-passing rates between enhanced and VNC CT is shown in Fig. 8. The dose
distribution based on noncontrast CT is used as the standard value. The dose difference is 2%, and the
distance to agreement is 2 mm. The γ-passing rates of enhanced and VNC CT are shown in Fig. 8. The
mean γ-passing rate of the VNC CT is signi�cantly higher than that of enhanced CT (0.981 vs 0.934, p < 
0.05). The γ distribution pattern in the enhanced CT image surrounding the high-dose region is
signi�cantly different from that in the noncontrast CT image, but it is less different from that in VNC CT.

Discussions
Contrast agent might in�uence the accuracy of dose calculation during proton radiotherapy planning
based on enhanced CT. The aim of this study is to investigate the in�uences of VNC CT on the dose
calculation of proton radiotherapy in increasing the dose calculation accuracy by the virtual elimination
of contrast agent in enhanced CT. Experimental results verify the feasibility of the proposed method. The
difference in dose based on VNC and noncontrast CT is small. Such difference is signi�cantly smaller
than the difference in dose based on enhanced and noncontrast CT. Hence, proton radiotherapy plan can
be constructed directly based on VNC CT. As a promising technology, VNC CT based on deep learning can
transform enhanced CT into VNC CT through the Unet neural network, thereby decreasing the radiation
dose to patients. VNC CT possesses promising application prospects in clinics.

In this study, 20 groups of CT images of patients were used to train the network when generating VNC CT
from enhanced CT. Relatively few datasets and training effect can be improved by increasing the training
set. Training accuracy could be improved by several improved networks based on Unet [30–32] or confront
neural network GAN[33]. This MAE could also be caused by partial deformation difference after the
registration of enhanced and noncontrast CT. Although this study has adopted a series of measures,
including controlling the interval between enhanced and noncontrast CT (< 3 min), requiring patients to
hold breath during scanning, and eliminating images with signi�cant differences after registration by
senior doctors, the difference in deformation caused by the movement of organs is inevitable. On the one
hand, the difference in deformation leads to poor accuracy of the training network. On the other hand, the
difference in deformation is transferred from enhanced CT into VNC CT during the test, and the
incomplete superposing between VNC and noncontrast CT in several edges may increase MAE. To
increase the applicability of VNC CT to clinics, an advanced scheme should be developed and veri�ed.
This deformation difference can be solved by an adaptive method in the future.

Conclusions
This study proposes a new strategy to increase the accuracy of proton radiotherapy plan on the based on
VNC CT. The pro�les of target volume and affected organs can be distinguished well by using a contrast
agent. However, proton radiotherapy plan design based on enhanced CT can decrease the calculation
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accuracy of the dose. The VNC CT, which is generated from enhanced CT based on Unet convolutional
neural network, is extremely similar to practical noncontrast CT. Proton dose distribution can be
calculated accurately based on VNC CT images.

Abbreviations
VNC:virtual noncontrast;CT:computed tomography;CNN:convolutional neural network;MAE:mean
absolute error;CTV:clinical target volume;SPR:stopping power ratio;DECT:dual source computed
tomography;CBCT:cone beam computed tomography;DVH:dose–volume histograms
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Figure 1

Structure of Unet convolutional neural network

Figure 2

Scale curve of CT-HU
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Figure 3

Design of proton radiotherapy plan

Figure 4

Comparison of three types of CT images on same layer a: Practical noncontrast CT images, b: enhanced
CT images, and c: VNC CT images generated through Unet neural network
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Figure 5

Variations of ranges of enhanced, VNC, and noncontrast CT
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Figure 6

Sectional dose distribution based on enhanced, VNC, and noncontrast CT. a: Dose based on noncontrast
CT, b: dose based on enhanced CT, and c: dose based on VNC CT
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Figure 7

DVH of different organs based on enhanced, VNC, and noncontrast CT

Figure 8

Distributions of γ-passing rates of enhanced and VNC CT


