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Abstract– Accurate radiation dose calculation is a major challenge in magnetic resonance imaging (MRI)-only radiation therapy (RT) treatment planning as the required electron density
map is not readily provided by this modality. In this work, a
number of state-of-the-art synthetic-CT (sCT) generation methods, exhibited promising results in the literature, were evaluated
based on common quantitative metrics and patients dataset. This
includes four atlas-based approaches, specifically median of atlas
images (A-Median) [1], atlas-based voxel-wise weighting (A-VW)
[2], bone enhanced atlas-based voxel-wise weighting (A-Bone) [3],
iterative atlas-based voxel-wise weighting (A-Iter) [4], and a
method based on deep learning convolutional neural network
(DL-CNN) [5]. Automatic organ delineation was performed for
bladder, rectum and bone. Overall, A-VW, A-Bone, A-Iter and
A-VWexhibited comparable performance while DL-CNN showed
slightly better segmentation performance resulting in Dice metrics of 0.93, 0.90, and 0.93, respectively. The dosimetric evaluation demonstrated that A-Median, A-VW, A-Bone, A-Iter and
DL-CNN resulted in comparable mean dose errors within organs
at risk and target volumes showing less than 1% dose difference
against the CT-based RT planning. The two-dimensional gamma
analysis performed at 1%/1 mm criterion demonstrated comparable pass rates of 94.99±5.15%, 94.59±5.65%, 93.68±5.53% and
93.10±5.99% for A-Bone, DL-CNN, A-Median and A-Iter, respectively. Whereas A-VW and water-only resulted in pass rates
of 86.91±13.50% and 80.77±12.10%, respectively. DL-CNN and
advanced atlas-based approaches showed promising dosimetric
and segmentation accuracy (DL-CNN is slightly better) suggesting that these methods are able to resolve the challenge of synthetic-CT generation from MR images with clinically acceptable
errors.

I. INTRODUCTION
Magnetic resonance imaging (MRI) is gaining momentum
nowadays and is increasingly used in radiation therapy (RT)
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planning due to its ability to resolve soft-tissues in fine details
and non-ionizing radiation. However, the major barrier to
establish MRI-alone RT planning workflows is the lack of
electron density map as MR images do not directly provide
photon attenuation coefficients. So far, many approaches have
been proposed in the literature that reported only few per cent
of dose discrepancy compared to standard CT-based RT planning. In general, the MR-guided synthetic-CT generation
methods reported in the literature could be split into three
generic categories [6-8]; tissue segmentation: this involves
bulk segmentation of the MR images into major tissue classes.
Atlas-based method: this approach relies on the alignment of
CT atlas images or templates to the target MR image. Machine
learning method: this approach attempts to estimate tissues
electron densities directly from intensity of MR images. Even
though each of these methods exhibited promising results in
the literature, there is no comprehensive comparison of these
state-of-the-art approaches putting into perspective their key
performance parameters. , As such, in this work, we aimed to
assess the performance of six promising synthetic-CT generation methods in the pelvic region for the purpose of MRI-only
RT planning. An attempt was made to include at least one
representative approach from each of the above-mentioned
three generic MR-guided sCT generation methods. Four stateof-the-art atlas-based methods were chosen including the
median of atlas images (A-Median) [1], atlas-based voxelwise weighting (A-VW) [2], bone enhanced atlas-based voxelwise weighting (A-Bone) [3], iterative atlas-based voxel-wise
weighting (A-Iter) [4]. The fifth method relies on deep learning convolutional neural network (DL-CNN) [5] to establish
direct conversion between MR and CT images. The sixth
method is based on tissue segmentation approach using a 2
tissue-class synthetic-CT taking into account only water and
air. A unified comparison between these six MRI-based synthetic-CT generation methods was performed based on the
same cohort of patients (containing aligned MR and CT images) and common quantitative metrics taking the CT-based RT
planning as the reference. These methods are also capable of
performing automatic organ contouring (auto-contouring)
from the target MR images. Therefore, the accuracy of the
organ auto-contouring was evaluated using the standard metrics of segmentation assessment versus manually defined
organ contours.
II. MATERIALS AND METHODS
A. Patient data acquisition
The cohort contains 39 patients that have each one a CT image
with 2.5 mm slice thickness and a whole-pelvis T2 weighted
MR image aligned to the CT image. The ground-truth contours for rectum, bone and bladder were generated manually
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on the MR images by three experienced observers and the
majority voting scheme was used to combine the decisions.
B. Synthetic-CT generation methods
(I) Median of atlas images (A-Median) [1]: Given a number of
CT-MRI pairs registered to the target MR image, A-Median
sCT is generated through calculation of the median voxels
value across the entire atlas CT images. The calculation of
median value was shown to result in a more accurate CT value
estimation compared to average value.
(II) Atlas-based voxel-wise weighting (A-VW) [2]: In this
method the CT-MRI atlas dataset is aligned to the test (target)
MR image followed by local weighted voting based on the
morphological similarity between MR images in the atlas
dataset and the target MR image to combine aligned atlas CT
images to estimate the synthetic-CT image.
(III) Bone enhanced atlas-based voxel-wise weighting (ABone) [3]: Synthetic-CT is generated through a two-phase
(bone extraction and atlas fusion) atlas-based approach attempting to maximize bone identification accuracy. Phase
congruency map (providing local morphologic features) was
exmloyed to compute the image morphology likelihood
between the atlas and target MR images. This approach
exhibited robustness to noise and inter-subject MR intenstiy
non-uniformity.
(IV) Iterative atlas-based voxel-wise weighting (A-Iter) [4]:
An iterative multi-atlas information propagation scheme is
used to jointly estimate a synthetic-CT and segment organs
from structural MR images. This method is intended to combine the organ auto-contouring and synthetic-CT generation in
a single pipeline to take advantage of the existing correlation
between them.
(V) Deep Learning Convolutional Neural Network (DL-CNN)
[5]: Synthetic-CT and automated organ segmentation are generated using a particular deep convolutional neural network
architecture having 27 convolutional layers and 35 million
free parameters. The organ auto-contouring is performed separately (from the synthetic-CT generation) by the DL-CNN
approach, as such, the training of the DL-CNN was repeated
uniquely for each organ.
(VI) Water-only: The contour of the body was first identified
on the target MR image then, the Hounsfield Unit of HU=0
(soft-tissue or water) and HU= -1000 (background air) were
assigned to all the voxels within and outside the body contour,
respectively.
C. Evaluation
Automatic organ delineation (A) was evaluated against the
ground-truth (manual) organ contours (R) using DSC and the
mean absolute surface distance (MASD). Moreover, the mean
absolute error (MAE) and mean error (ME) were computed
between the reference CT images (RCT) and sCTs (ACT) within
each organ.
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Treatment planning was performed based on the volumetricmodulated arc therapy intended to give the total dose of 36.25
Gy to the target volumes (planning target volume (PTV)). The
difference of absorbed dose estimated on the ground truth CT
and the sCT images was calculated using mean (ME) and
absolute mean errors (MAE) indices within organs at risk
(OARs) and target volumes.
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Moreover, a two-dimensional Gamma analysis using the
3%/3 mm, 2%/2 mm and 1%/1 mm dose difference/distance to
agreement criterion was performed between dose maps calculated on the reference CT and sCT images.

Fig 1. A) Reference CT, B) Target MRI, C) Pseudo-CT of A-Iter, D) A-VW, E)
A-Bone, F) DL-CNN, G) A-Median and H) 2 tissue-class (Water-only).

III. RESULTS AND DISCUSSION
Figure 1 depicts the representative views of the various sCT
images along with the ground truth CT and target MR images.
In addition, next to each CT image the binary bone maps extracted by operating intensity thresholding (HU > 140 HU) on
the sCT images are shown.
The results of the quantitative evaluation of the organ autocontouring are presented in Table 1. In general, DCNN approach exhibited slightly more accurate automated organ delineation as well as CT value estimation.
TABLE 1. Accuracy of organ contouring and synthetic CT estimation.
Bladder

A-Median

A-VW

A-Bone

A-Iter

DSC

0.82±0.20

0.86±0.12

0.86±0.13

0.87±0.10

DL-CNN
0.93±0.17

MASD(mm)

7.01±4.17

5.10±4.57

7.88±4.78

7.56±4.42

2.36±2.44

ME (HU)

-1.5±20.2

-2.9±18.7

8.1±17.6

7.7±16.1

-1.8±12.9

MAE (HU)

30.0±17.6

24.1±13.6

26.4±12.7

25.2±10.1

18.4±6.6

Rectum
DSC

A-Median
0.81±0.08

A-VW
0.84±0.06

A-Bone
0.84±0.70

A-Iter
0.84±0.06

DL-CNN
0.90±0.04

MASD(mm)

5.03±2.72

2.37±1.34

4.95±2.39

4.81±2.22

2.09±1.11

ME (HU)

37.6±84.9

6.9±81.7

27.6±90.5

-30.3±94.6

22.7±84.8

MAE (HU)

93.5±71.2

88.1±60.8

100.0±62.0

114.8±63.6

78.3±69.2

Bone

A-Median

A-VW

A-Bone

A-Iter

DL-CNN

DSC

0.88±0.04

0.91±0.03

0.92±0.02

0.92±0.02

0.93±0.02

MASD(mm)

3.73±0.58

1.45±0.47

1.94±0.45

2.07±0.43

3.51±3.92

ME (HU)

-32.9±55.4

-6.4±46.5

26.6±56.7

19.5±46.3

-4.1±40.7

MAE (HU)

161.1±30.0

134.2±24.0

163.8±25.0

130.2±23.4

119.9±22.6

Table 2 shows the mean absorbed dose errors measured within
the OARs and target organs. The estimated mean absorbed
doses for the target volumes and OARs showed insignificant
difference between different methods resulting in less than 1%
error compared to the CT-based RT planning.
TABLE 2. Relative error (mean(%) ±SD) of mean absorbed dose.

Bladder
Rectum
Left HOF
Right HOF
CTV
PTV

A-Median
ME±Std
MAE±Std
0.09±0.66
0.52±0.41
0.28±0.78
0.66±0.49
0.06±0.49

A-VW
ME±Std
MAE±Std
-0.55±0.76
0.75±0.56
-0.59±0.74
0.70±0.63
-0.67±0.56

A-Bone
ME±Std
MAE±Std
-0.05±0.6
0.47±0.37
0.09±0.72
0.56±0.46
-0.14±0.48

A-Iter
ME±Std
MAE±Std
0.14±0.68
0.53±0.44
0.15±0.82
0.63±0.53
0.07±0.48

DL-CNN
ME±Std
MAE±Std
-0.02±0.57
0.41±0.39
0.06±0.73
0.50±0.52
-0.07±0.43

Water-only
ME±Std
MAE±Std
-0.06±1.10
0.82±0.73
0.47±1.45
0.98±1.16
1.27±0.69

0.40±0.27

0.72±0.50

0.40±0.30

0.38±0.31

0.32±0.30

1.27±0.69

0.09±0.48
0.40±0.28
0.22±0.73

-0.63±0.58
0.69±0.51
-0.73±0.73

-0.14±0.48
0.39±0.31
-0.05±0.69

0.04±0.49
0.39±0.30
0.24±0.74

-0.08±0.42
0.32±0.28
-0.02±0.67

1.29±0.67
1.29±0.67
0.86±1.21

0.62±0.42

0.83±0.61

0.55±0.42

0.63±0.43

0.51±0.43

1.14±0.95

0.23±0.72
0.61±0.44

-0.72±0.71
0.81±0.60

-0.04±0.68
0.54±0.41

0.18±0.72
0.60±0.42

-0.01±0.64
0.47±0.43

0.82±1.22
1.10±0.97
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The results of two-dimensional gamma analysis of isocenter dose distributions are summarized in table 3. At the
3%/3 mm criterion, all the methods exhibited similar performance; however, considering the criteria of 1%/1 mm, significant differences appeared among the evaluated methods. ABone, DL-CNN, A-Median and A-Iter methods led to more
than 93% of pass rate at 1%/1 mm threshold.
TABLE 3. GAMMA ANALYSIS COMPARING THE CT AND
SYNTHETIC RT PLANS.
A-Median
(mean±Std)

A-VW
(mean±Std)

A-Bone
(mean±Std)

A-Iter
(mean±Std)

DL-CNN
(mean±Std)

Water-only
(mean±Std)

3%/3 mm

98.96±0.78

98.41±1.56

99.51±0.32

98.96±0.57

99.22±0.46

98.22±1.75

2%/2 mm

97.92±1.49

96.93±2.69

98.84±0.48

97.99±1.02

98.47±0.68

95.38±5.17

1%/1 mm

93.68±5.53

86.91±13.50

94.99±5.15

93.10±5.99

94.59±5.65

80.77±12.10

IV. CONCLUSIONS
In this study, a collection of state-of-the-art MR-guided synthetic CT estimation methods were evaluated using a common
cohort of patients for the use of MR-only radiation planning.
Overall, DCNN appeared to have slightly better performance
owing to accurate organ segmentation and small dosimetric
errors. Given the results obtained in this study, the challenge
of synthetic-CT generation from MR images could be sufficiently resolved generating clinically tolerable diametric errors.
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