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Purpose or Objective 
Segmentation of gross tumor volumes (GTVs) on 
nasopharyngeal carcinoma (NPC) MR images is an 
important basis for NPC radiotherapy planning. Manual 
segmentation of GTVs is a time-consuming and 
experience-dependent process in NPC radiotherapy. This 
study is aimed to develop a simple deep learning based 
auto-segmentation algorithm to segment GTVs on T1-
weighted NPC MR images. 
Material and Methods 
This study involved the analysis of 510 MR images from two 
datasets: (a) T1-weighted contrast-enhanced head and 
neck (H&N) MR images of 305 NPC patients and (b) T1-
weighted H&N MR images of 205 patients without 
obviously abnormal regions in head. An FCN based on 
VGG16 was developed to perform automatic segmentation 
of GTVs. Data were randomly separated into training (90%) 
and validation (10%) datasets. Additionally, 15 patients 
were manually contoured by two oncologists for 
performance evaluation. Performance of the automated 
segmentation was evaluated the similarity of automated 
and manual segmentation on Hausdorff distance (HD), 
average surface distance (ASD), Dice index (DSC), and 
Jaccard index (JSC).  
Results 
The HD, ASD, DSC, JSC (mean±std) were 16.18±7.93mm，
2.42±1.38mm，0.71±0.12，0.57±0.13 for validation 
dataset; and these indices were 14.21±4.73mm, 
1.51±0.98mm，0.83±0.08, 0.72±0.12 between two human 
radiation oncologists, respectively. The t-test indicated 
there was no statistically significant difference between 
automated segmentation and manual segmentation 
concerning HD(p=0.67), ASD(p=0.46), DSC(p=0.17), 
JSC(p=0.16). 
Conclusion 
The results suggested that the performance of automated 
segmentation of GTV is close to manual segmentation’s 
performance based on T1-weighted NPC MRIs. However, 
the manual segmentation performed better than 
automated segmentation. Thus, automated segmentation 
must be modified manually before being put into use. 
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Purpose or Objective 
The use of MRI for guidance in external beam radiotherapy 
needs to face the issue of spatial distortions, which may 
hinder accurate geometrical characterization. In this 
contribution, susceptibility values for different tissue 
types were measured, and tissue dependent effects 
simulated in a digital anthropomorphic CT/MRI phantom. 
Material and Methods 
The simulation of the magnetic field distortion due to 
tissue dependent susceptibility effects relied on the 
iterative solution of Maxwell equations1,2 in a multiple step 
procedure. The obtained magnetic field maps were then 
post-processed and values in parts per million (ppm) were 
converted into geometric distortion depending on the 
gradient strength. The simulation procedure was validated 
on test objects, for which an analytical solution can be 

derived. For this purpose, a sphere and hollow shell were 
tested, varying the object susceptibilities from 
paramagnetic to diamagnetic and testing different 
convergence criteria. The digital anthropomorphic CT/MRI 
phantom CoMBAT3 was then used for simulation of tissue 
dependent effects. The input susceptibility values of liver, 
lung and muscle tissue were experimentally measured in 
porcine tissue samples, relying on SQUID (Superconducting 
Quantum Interference Device) magnetometry at normal 
pressure in the 0.35 – 3.0 T range (Figure A). 
Results 
In the validation of the susceptibility algorithm, a RMS 
error between analytical and numerical solutions of 0.09 
ppm for the sphere and of 0.35 ppm for the hollow shell 
was obtained, corresponding to a 10-12 convergence 
tolerance. The tissue volume susceptibilities (expressed in 
SI units) remained constant in a physiological temperature 
range of 309.5 K – 313.5 K. The average ± standard 
deviation values over the temperature range were (–2.06 
± 0.02)·10-6 for lung, (–9.91 ± 0.02)·10-6 for liver and (–
12.84 ± 0.08)·10-6 for muscle tissue at 1.5 T (Figure A). 
Using the determined susceptibilities and values for bone, 
blood, fat, water and air as reported in the literature4,5, 
magnetic alterations stemming from susceptibility effects 
were simulated (Figure B). The ppm-differences ranged 
from –7.68 ppm to 4.36 ppm at 1.5 T, corresponding to 
1.15 mm maximal distortion at a gradient strength of 10 
mT/m. 
Conclusion 
Different tissues create local magnetic changes, with 
enhanced effects at the boundaries (Figure B), which scale 
with the magnetic field strength. Through the 
determination of magnetic susceptibilities of different 
tissue types, a more realistic representation of 
susceptibility induced distortions is feasible. A phantom 
study, dealing with magnetic field alterations due to static 
field inhomogeneities and gradient non-linearities is 
currently ongoing, aiming at a comprehensive simulation 
of major effects in spatial distortion for MRI guidance. 
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Purpose or Objective 
The conversion of MR images to synthetic CTs (sCT) is of 
great importance for MR-only workflows. Deep learning 
has become a very popular and promising feature 
extraction technique which is used for many tasks in 
medicine. Image to image translations for MR-sCT 
conversions can be performed by classic convolutional 
neural networks and generative adversarial networks 
(GAN). For a better understanding of specific deep 
learning techniques and to identify the best suitable 
method on a quantitative basis, a systematic evaluation of 
different networks is of highest importance.  
The aim of this study was to investigate the influence of 
different GAN generator structures on the image 
conversion and their impact on the mean absolute error 
(MAE). Further we transferred the learned features to 
different MRI scanners to identify whether the network-
learned features can be applied globally.Material and 
Methods 
4 different generator networks were implemented into an 
existing GAN structure (pix2pix). The generators were 
based on SE-ResNet (SN), DenseNet (DN), u-net (UN) and 
embedded net (EN). Pelvic T2-weighted MR (0.35T open 
MR) images of 40 patients (29 male and 11 female) were 
used, resulting in a training set of 1972 image pairs. The 
same settings for discriminator, loss function and learning 
cycles (epochs) were used for all tests. The test data set 
contained 12 patients. A gold atlas dataset (GA) was used 
to evaluate the impact of the trained networks on other 
MR scanners (1.5 and 3T). Finally, all networks were 
combined by calculating the median (ME) over all voxels 
of the converted images.  
The performance of the networks was evaluated by the 
MAE in the outer patient contour and the bone 
region.Results 
The best results for the training dataset where obtained 
using the SN and the DN. However, a divergence was 
observed between the training and test datasets with 
increasing epoch counts (Figure 1). EN and UN performed 
slightly worse, but training and test sets were always 

within the standard deviation. The MAE at the 100th epoch 
count was about 47HU for DN and SN and 71HU for EN and 
UN for the whole body. During the testing phase the MAE 
of all 4 networks ranged between 61-70HU. 
For the GA dataset, the EN performed worse with a MAE 
of 85-90HU. For both 3T systems the DN showed low ranges 
and a better performance than for the test data. ME 
produced the best results for bone regions in all datasets 
(Figure 2). 
  

 
 

 
 
Conclusion 
Differences between networks should be considered if 
applied to new data. Detailed information on the 
networks’ performance should be reported in studies that 
utilize such methods. Our ME results suggest that a 
combination of multiple networks can increase overall 
performance. The results indicate that a comprehensive 
comparison between generator types is necessary when 
using deep learning methods on image post-processing 
with deep learning methods. 
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Purpose or Objective 
Deep learning methods (DLM) have recently been 
developed to generate pseudo-CT (pCT) from MRI for 
radiotherapy dose calculation. The main advantage of 
these methods is the speed of pCT generation. The 
objective of this study was to compare a DLM to a patch-
based method (PBM), an atlas-based method (ABM) and a 




