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Grading evaluation study of atlas based auto-
segmentation of organs at risk in thorax   

INTRODUCTION 

The current radiotherapy strategy is to                 
improve the local control rate of the tumor as 
much as possible to reduce the possibility of  
recurrence, while having a quantitative                  
understanding of the radiation dose to organs at 
risk (OARs) (1), so as to avoid normal tissue             
complications induced by excess radiation dose, 
leading to a sharp decline in the patient quality 
of life. Therefore, accurately delineating the          
normal tissue contour is one of the important 

prerequisites for precise radiotherapy. 
Although manual delineation is the gold 

standard for delineating normal tissue contours 
(2), this work can be time consuming and                
laborious. Even if manual delineation is                   
conducted according to the guidelines, there are 
still intra and inter-observer variabilities. These 
variabilities may affect the evaluation of the 
quality of radiotherapy plans, which is one of the 
main sources of error in radiotherapy plans (3). 
To overcome these shortcomings,                       
auto-segmentation algorithm has been                 
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ABSTRACT 

Background: The grading evaluation of atlas based auto-segmentation (ABAS) 
of organs at risk (OARs) in thorax was studied. Materials and Methods: Forty 
patients with thoracic cancer were included in this study, and for each 
thirteen thoracic OARs were delineated by an experienced radiation 
oncologist. The patients were randomly grouped into the training and the test 
dataset (20 each). The investigated ABAS strategies included single-atlas 
(Single), majority voting with 5 atlas matches (MV5) and simultaneous truth 
and performance level estimation (STAPLE) with 5 atlas matches (ST5). The 
Dice similarity coefficient (DSC), the difference of the Euclidean distance 
between centers of mass (ΔCMD), the difference of volume (ΔV), maximum 
Hausdorff distance (MHD) and average Hausdorff distance (AHD) between 
auto-segmented and manual contours were calculated. Results: Most of the 
index values (33/65) of ST5 were optimal. There were differences in the 
grading results for the five indexes. With DSC, five, four and four OARs were 
graded into Level 3, Level 2 and Level 1, respectively. The mean DSC values 
ranged from 0.88 to 0.96, from 0.73 to 0.79, and from 0.53 to 0.62 for the 
Level 3, Level 2 and Level 1, respectively. Conclusion: Grading evaluation of 
ABAS of thoracic OARs based on the DSC proved to be feasible and relatively 
more reliable. The thoracic OARs auto-segmentation was divided into three 
levels based on the DSC. Level 3 OARs can be auto-segmented, Level 2 OARs 
delineations need to be manually modified after the auto-segmentation, and 
Level 1 OARs are not recommended for the auto-segmentation.  
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risk.  
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developed and start to be widely used. At             
present, most commercial auto-segmentation 
software uses atlas-based auto-segmentation 
(ABAS) algorithm (4).  

Auto-segmentation of thoracic OARs has been 
reported in literatures (5-8). The OARs of study 
included the lungs, spinal cord, heart, esophagus 
and trachea. Great vessel was not taken into             
account. Eric et al. (9) outlined the substructure 
of the heart, but did not include other important 
thoracic OARs such as lungs and spinal cord. In 
this paper, we attempt to outline the necessary 
thoracic OARs as comprehensively as possible, 
making the results more universal. 

Generally, there are four types of geometric 
evaluation indexes to verify the accuracy of auto
-segmentation software. These indexes are Dice 
similarity coefficient (DSC), moment, maximum 
Hausdorff distance (MHD) and average 
Hausdorff distance (AHD) (4). Some studies on 
the auto-segmentation of the thoracic OARs              
involved only two or three types of indexes, 
which was not sufficient to fully evaluate the  
accuracy of auto-segmentation (5-8). For example, 
Eduard et al. (8) used DSC and MHD for the               
thoracic and abdomen OARs. In this study, we 
investigated the use of all four types of indexes 
for the purpose. Among them, the moment index 
includes the difference of the Euclidean distance 
between centers of mass (ΔCMD) and the              
difference of volume (ΔV), which could present 
more details for the auto-segmented contours of 
the unsatisfactory performance. 

At present, there were few literatures on the 
grading evaluation of auto-segmentation            
software to delineate the thoracic OARs for             
clinical use. Most studies (5-9) simply calculated 
the geometrical indexes of each OAR. Delia et al. 
(10) combined the DSC, ΔCMD and AHD indexes in 
the auto-segmentation study of breast cancer to 
access the accuracy levels of each OAR. There 
was also a literature that added subjective               
scoring (11), but their research did not focus on 
whether each OAR could be generated using  
auto-segmentation software. In this study, we 
graded the accuracy of auto-segmentation of 
thoracic OARs as comprehensively as possible 
by the five indexes in three levels.  

Accurate identification of OARs in thorax is 

648 

difficult for all OARs with ABAS to date.                   
However, some thoracic OARs can be fairly            
accurately segmented with ABAS, while the             
segmentation accuracy of some other OARs can 
be limited. Therefore, it is necessary to develop a 
grading method to fully evaluate the                       
performance of auto-segmentation of thoracic 
OARs so that ABAS can be properly used on the 
segmentation of thoracic OARs. This is, to our 
knowledge, the first time that comprehensive 
geometric indexes were used to gradedly                
evaluate ABAS based on comprehensively              
grading the thoracic OARs. More importantly, we 
graded ABAS into three different levels under 
the consideration of clinical feasibility. In the 
present work, grading evaluation of ABAS of 
fourteen kinds of thoracic OARs which include 
the left lung, right lung, spinal cord, heart, 
esophagus, chest wall, aorta, pulmonary artery, 
pulmonary vein, superior vena cava, inferior  
vena cava, skin, trachea and brachial plexus on 
computed tomography (CT) images was studied. 
Three auto-segmentation methods were                  
compared with manual delineation. Five                 
geometric indexes were used to quantitatively 
evaluate the accuracy of ABAS. The time                 
difference between auto-segmentation and  
manual delineation was also compared.  

 
 

MATERIALS AND METHODS 
 

Patient selection and contour methods 
We retrospectively selected forty patients 

with thoracic malignant tumors treated in our 
center between November and December 2018. 
We included patients with lung, esophageal and 
thymic tumors to ensure the diversity of atlas 
library. CT scans of each patient were obtained 
by a Siemens Somatom Definition AS CT Scanner 
System (Siemens Healthcare, Erlangen,                
Germany). The slice thickness of the CT scans 
was 3mm. The images were transferred to              
Pinnacle3 treatment planning system (TPS) 
v9.10 (Philips Healthy, Fitchburg, WI, USA).             
Following the Radiation Therapy Oncology 
Group (RTOG) guidelines [12], an experienced 
radiotherapist in our center manually delineated 
thirteen thoracic OARs, including the left lung (L 
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Lung), right lung (R Lung), spinal cord (SC), 
heart, esophagus (ESO), chest wall (CW), aorta 
(AOR), pulmonary artery (PA), pulmonary in 
(PV), superior vena cava (SVC), inferior vena 
cava (IVC), skin and trachea of forty patients on 
the Pinnacle TPS. The brachial plexus was not 
included because of the limitation of CT contrast 
and resolution. 

Forty patients were randomly divided into 
two groups, the atlas training dataset and the 
test dataset. The atlas training dataset contained 
twenty patients, and the other twenty patients 
were included into the test dataset. According to 
the modeling requirements of the latest version 
of commercial software MIM 6.8.7 (MIMvista 
Corp., Cleveland, US-OH), one patient with               
average anatomy in training dataset was set to 
the model atlas, and the other nineteen were set 
to the object atlases. For the test dataset, we 
used the ABAS tool of MIM for OARs                         
auto-segmentation. 

 

Atlas based auto-segmentation 
Description of ABAS tool 

The ABAS is a method to segment new images 
based on previously segmented images. The             
primary factor to ensure the accuracy of ABAS is 
the accuracy of image registration. Differences in 
the anatomical structure will cause registration 
errors, and the determination of the average  
patient will alleviate this situation. So, the first 
step is to select an average patient as the model 
atlas, the rest as object atlases, and then                   
registering the object atlases one by one to the 
model atlas to get the corresponding spatial            
correspondence. The above steps are the                     
establishment process of the atlas library. 

When a new image needs to be segmented, it 
will be registered to the model atlas and the          
corresponding spatial correspondence is                 
compared to those of the object atlases. Then the 
most similar object atlases are selected from the 
atlas library, that is, the best match atlases, and 
their contours are propagated to the new image. 
Atlas selection includes single-atlas and                 
multi-atlas. Single-atlas is to select one best 
match atlas from the atlas library. In order to 
improve the robustness of image segmentation, 
multi-atlas has more than one best match           

atlases, which is related to the fusion of multiple 
atlas tags. At present, common tag fusion               
algorithms are major voting algorithm [13] and 
simultaneous truth and performance level             
evaluation (STAPLE) algorithm [14]. The majority 
voting algorithm selects the tags of each voxel 
that most atlases appeared. The STAPLE                   
algorithm calculates a probability model based 
on the similarity between each selected atlas 
and the new image, and weighted fuses the tags 
of each atlas spread on each voxel. 

 

Implementation of ABAS tool 
The MIM 6.8.7 was used to create atlas               

library by the twenty training patients for                
thoracic OARs. The CT images of the twenty test 
patients were transmitted to MIM, and their auto
-segmented contours were obtained after setting 
the auto-segmentation region, OARs, atlas              
selection and fusion algorithms. This study used 
two atlas selection methods both the single-atlas 
and multi-atlas. And for the test patients using 
multi-atlas, 5 best match atlases were selected 
based on the research results of Pirozzi (15). For 
the multi-atlas mode, the two major fusion             
algorithms, major voting and STAPLE, were             
selected. Therefore, we studied three                        
auto-segmented contours based on different  
algorithms: single-atlas based contour (Single); 
multi-atlas based contour with majority voting 
algorithm (MV5); multi-atlas based contour with 
STAPLE algorithm (ST5). The manual contour 
(MC) was used as the gold standard to evaluate 
the OARs’ performance by the above three                
auto-segmentation methods. 

 

Geometric evaluation 
In order to grade the accuracy of ABAS tools 

for the auto-segmentation of thoracic OARs, the 
Dice similarity coefficient (DSC), moment,              
maximum Hausdorff distance (MHD) and               
average Hausdorff distance (AHD) were used to 
access the geometric differences between                
auto-segmented and manual contours.  

The DSC (16) was calculated by using equation 
1. 

   (1) 
 

Where; Vmanual is the volume of manual contour 
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and Vatlas is the volume of the auto-segmented 
contour. The range of DSC is 0-1. If DSC is 1, then 
the two contours are coincident perfectly, and if 
DSC is 0, then the two don’t overlap at all. 

Moment metrics include the difference of the 
Euclidean distance between centers of mass 
(ΔCMD) and the difference of volume (ΔV).  

The MHD (17) refers to the maximum distance 
between two point sets of the two contours, and 
is sensitive to the region with the largest               
difference in segmentation. The metric is              
commonly used in auto-segmentation studies. 

The AHD [17] describes the average distance 
between two contours. The smaller the AHD is, 
the smaller the difference is between them. 
When the DSC is close to 1, the AHD might be a 
good index for distinguishing contours’                     
difference. 

 
Statistical analysis and tests 

Statistical analysis of these geometric indexes 
with different atlas selections and fusion                  
algorithms were performed using the Wilcoxon 
signed ranks tests with p<0.05 considered               
statistically significant. All analyses were                   
performed using SPSS version 17.0 (SPSS,              
Chicago, IL, USA).  

 
Clinical Efficiency 

The times taken by MIM's ABAS tool to               
auto-segment the thirteen thoracic OARs                  
involved in this study were also recorded. 

 

The establishment of standard of grading 
evaluation 

At present, there was no universal standard 
of the grading evaluation of auto-segmentation 
of thoracic OARs. Most of the literatures used 
the DSC [5-10]. In this paper, DSC was used as the 
main index for grading evaluation, and the other 
four indexes were also studied and their grading 
results were compared with DSC’s. After the 
best of three auto-segmentation methods of             
Single, MV5 and ST5 was selected, the                 
performance of fourteen thoracic OARs with the 
best method was graded into several levels.  

RESULTS 
 

Atlas accuracy evaluation with three different 
auto-segmentation methods 

Tables 1 and 2 shown the mean values and 
statistical analysis of the five geometric indexes 
of the thirteen thoracic OARs’ auto-segmented 
contours generated by ST5, MV5 and Single 
methods. 

ST5 was the best performing auto-
segmentation method. Most of the indexes 
(33/65) were the best values, compared to those 
derived with other methods. The mean DSCs of 
eight OARs were higher than those of the MV5 
and Single methods. The mean ΔCMDs of nine 
OARs were smaller than the other two. In the 
method, the mean values of ΔV and AHD of six 
OARs were the smallest, and the mean values of 
MHD of four OARs were the smallest. 

The overall accuracy of MV5 and Single                  
methods was lower than ST5, but some indexes 
were the best, which could be divided into the 
following three cases. The first case was that the 
mean ΔCMD (R Lung), ΔV (AOR, trachea and 
ESO), MHD (heart, AOR and IVC), AHD (AOR and 
ESO) of MV5 method and the mean ΔCMD (Chest 
Wall) of Single method were the best, but there 
were no statistically significant differences in 
these indexes compared with ST5. The second 
case was that the mean value of all the indexes of 
R Lung, L Lung and skin auto-segmented                   
contours generated by MV5 were the best,               
except the mean ΔCMD of R Lung, which had  
statistically significant differences compared 
with ST5. But the mean DSCs of all the methods 
were high (DSC>0.93). The third case was that 
the mean values of all the indexes of chest wall 
and trachea auto-segmented contours generated 
by MV5 were the best, and there were significant 
differences in these indexes between MV5 and 
ST5, except for the mean ΔCMD of chest wall, 
ΔCMD and ΔV of trachea. 

In order to investigate the performance of 
auto-segmentation of each thoracic OAR by MIM, 
the following analyses were conducted using ST5 
method.  
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Auto-segmentation results for ST5 method 
Figure 1 showed the consistency between the 

thirteen OARs’ auto-segmented contours                  
generated by ST5 and manual contours. For the 
R Lung, L Lung, skin, heart and spinal cord, the 
mean value ranges of DSC, ΔCMD, ΔV, MHD and 
AHD were 0.88-0.96, 0.13-2.06 cm, 6.50%-
11.24%, 1.85-8.85 cm, 0.11-0.58 cm,                      
respectively. 

For the AOR, chest wall, trachea and PA, the 
mean value ranges of DSC, ΔCMD, ΔV, MHD and 
AHD were 0.73-0.79, 0.53-1.29 cm,                       
15.95%-39.41%, 2.12-6.51 cm, 0.28-0.46 cm, 

respectively. 
For the SVC, ESO, IVC and PV, the mean value 

ranges of DSC, ΔCMD, ΔV, MHD and AHD were 
0.53-0.62, 0.89-1.17 cm, 28.53%-35.44%,              
1.87-2.65 cm, 0.29-0.44 cm, respectively.  

 

Clinical efficiency of auto-segmentation 
The average times of these thirteen OARs 

manually delineated by the radiotherapist are 
shown in table 2. The total time for manual             
delineation was 97.4 minutes, and the total time 
for OARs auto-segmentation one by one was 31.0 
minutes. If all the thirteen OARs were                

Structure 
DSC ΔCMD (cm) ΔV (%) MHD (cm) AHD (cm) 

ST5 MV5 Single ST5 MV5 Single ST5 MV5 Single ST5 MV5 Single ST5 MV5 Single 

R Lung 0.96 0.97 0.96 0.13 0.08 0.13 6.50 2.48 4.43 2.18 1.71 2.17 0.11 0.07 0.10 

L Lung 0.94 0.96 0.95 0.28 0.12 0.15 9.97 3.25 5.88 3.45 1.97 3.05 0.17 0.08 0.13 

Skin 0.93 0.97 0.96 2.06 0.95 1.43 11.24 6.09 8.29 8.85 6.41 7.14 0.58 0.27 0.37 

Heart 0.90 0.89 0.87 0.40 0.42 0.49 7.37 8.55 8.12 1.85 1.82 2.26 0.24 0.25 0.31 

Spinal Cord 0.88 0.86 0.82 1.34 1.79 2.26 8.80 15.04 17.63 2.74 3.46 4.44 0.13 0.18 0.31 

AOR 0.79 0.78 0.75 0.92 0.97 1.25 24.49 18.83 18.98 2.72 2.52 3.32 0.28 0.26 0.34 

Chest Wall 0.77 0.83 0.82 1.29 1.12 1.05 39.41 9.93 13.43 6.51 3.47 4.13 0.46 0.24 0.28 

Trachea 0.75 0.79 0.73 0.53 0.57 1.01 34.06 11.31 23.67 4.27 2.20 3.34 0.25 0.14 0.25 

PA 0.73 0.68 0.62 0.71 0.76 0.87 15.95 28.24 25.40 2.12 2.37 2.33 0.28 0.32 0.38 

SVC 0.62 0.55 0.56 1.17 1.33 1.26 28.53 44.40 34.80 1.87 2.26 2.26 0.33 0.42 0.42 

ESO 0.57 0.54 0.50 0.89 1.00 1.82 32.77 31.73 33.27 2.10 2.05 2.98 0.29 0.28 0.49 

IVC 0.56 0.48 0.41 0.91 0.96 1.34 30.16 46.83 50.24 2.17 2.06 3.85 0.43 0.48 0.88 

PV 0.53 0.43 0.49 1.00 1.10 1.02 35.44 44.92 38.60 2.65 2.72 2.99 0.44 0.54 0.52 

Table 1. Mean value of the five indexes with STAPLE 5 (ST5), majority voting 5 (MV5) and single atlas (Single) auto-segmentation 
methods. 

Structure 
p 

T (min) 
DSC ΔCMD (cm) ΔV (%) MHD (cm) AHD (cm) 

R Lung a, c c a, c a, c a, c 7.00 

L Lung a, c a a, c a, c a, c 7.10 

Skin a, b a, b a, b a, b a, b / 

Heart b, c - - - b, c 9.50 

Spinal Cord a, b, c a, b a, b a, b, c a, b, c 3.20 

AOR b, c - - c c 6.20 

Chest Wall a, b - a, b, c a, b a, b 19.60 

Trachea a, c b, c c a, c a, b, c 17.30 

PA a, b, c b a, b a, b a, b, c 4.80 

SVC a a a, b, c a, b a, b 2.00 

ESO b b, c - a, b, c b, c 12.00 

IVC a, b, c b, c a, b b, c b, c 3.70 

PV a, c - - - a 5.00 

Table 2. Results of the statistical analysis of STAPLE 5 (ST5), majority voting 5 (MV5) and single-atlas (Single) auto-segmentation 
methods and the time of manual delineation. a: a statistical difference between ST5 and MV5 (p<0.05), b: a statistical difference 

between ST5 and Single (p<0.05), c: a statistical difference between MV5 and Single (p<0.05), -: the differences between the three 
is not statistically significant. 
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auto-segmented in one time, it only took 3.2 
minutes. Therefore, auto-segmentation of the 

thirteen OARs saved by 96.7% compared to 
manual delineation. 

Figure 1. (A) The Dice similarity                  
coefficient (DSC), (B) the difference of the 

Euclidean distance between centers of 
mass (ΔCMD), (C) the difference of volume 

(ΔV), (D) maximum Hausdorff distance 
(MHD) and (E) average Hausdorff distance 

(AHD)of the thirteen thoracic organs at 
risk (OARs) between STAPLE 5 (ST5) and 
manual delineation. Error bar indicates 

standard error. 

Clinical efficiency of auto-segmentation 
The average times of these thirteen OARs 

manually delineated by the radiotherapist are 
shown in table 2. The total time for manual              
delineation was 97.4 minutes, and the total time 
for OARs auto-segmentation one by one was 
31.0 minutes. If all the thirteen OARs were              
auto-segmented in one time, it only took 3.2 
minutes. Therefore, auto-segmentation of the 
thirteen OARs saved by 96.7% compared to 
manual delineation. 

 
The standard of grading evaluation 

To further investigate the accuracy and               
applicability of the auto-segmentation tools on 
the thoracic OARs, attempts were made to grade 
the results of the auto-segmentation for the  
thirteen thoracic OARs based on the five                    
geometric indexes. As shown in table 3, OARs 
auto-segmentation was divided into three levels 
by each index. Namely, Level 1 OARs were not 
recommended to use auto-segmentation, and 
Level 2 OARs required manual modification     

after auto-segmentation, and Level 3 OARs could 
completely replace manual delineation.  

 
Grading evaluation of thirteen thoracic OARs 
using ST5 method 

According to the standard of grading                    
evaluation, the results of the auto-segmentation 
for the thirteen thoracic OARs based on the five 
geometric indexes, which shown in table 4 and 
figure 2. According to the DSC, the R Lung, L 
Lung, skin, heart and spinal cord were Level 3 
(mean DSC range: 0.88-0.96), which could              
completely replace manual delineation. The 
AOR, chest wall, trachea and PA were Level 2 
(mean DSC range: 0.73-0.79), which required to 

 Level DSC 
ΔCMD 
(cm) 

ΔV (%) 
MHD 
(cm) 

AHD (cm) 

1 (0-0.7] (1.0-∞)  (20-∞) (2.2-∞) (0.4-∞) 

2 (0.7-0.8] (0.5-1.0] (10-20] (1.0-2.2] (0.2-0.4] 

3 (0.8-1.0] [0-0.5] [0-10] [0-1.0] [0-0.2] 

Table 3. The standard of grading evaluation by five geometric 
indexes 
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be manually modified after auto-segmentation. 
The SVC, ESO, IVC and PV were Level 1 (mean 
DSC range: 0.53-0.62), which could not use               
auto-segmentation. 

There were differences between the grading 
results of the other four indexes and those of the 
DSC. For the spinal cord, it was rated as Level 3 
by DSC, but according to ΔCMD, MHD that was 
rated as Level 1. Similarly, the chest wall and 
skin were rated higher by DSC. However, there 
were also cases where the grade according to 
DSC was lower than the other indexes. For small 
OARs such as SVC, IVC, it was rated as Level 1 by 
DSC, but according to ΔCMD, MHD and AHD that 
were rated as Level 2. Moreover, the grading 
results of most of the OARs evaluated by ΔV 
were the same as those of DSC, except the grades 
of the skin, AOR, chest wall and trachea were 
one level lower than those of DSC.  

DISCUSSION 

In this paper, we graded the auto-
segmentation of thirteen important thoracic 
OARs using ST5, MV5 and Single methods in the 
latest version of MIM using five geometric                
indices of DSC, ΔCMD, ΔV, MHD and AHD. The 
results showed that most of the indexes of ST5 
method were better, while the MV5 method only 
had the advantage in automatically segmenting 
the chest wall and trachea (p<0.05). The Single 
method was inferior to the other two methods in 
general. Therefore, ST5 method was chosen as 
the primary one for the grading evaluation. We            
divided the performance of the thirteen OARs 
auto-segmentation based on ST5 method into 
three levels. This provided a clear scope of                
application of MIM’s auto-segmentation of the 
thirteen thoracic OARs. The research methods 
used in this study are also applicable to the 
grading evaluation of other auto-segmentation 
software applications. 

In this study, forty cases were randomly                
divided into the training dataset and the test  
dataset on average. The two datasets did not 
overlap, which means the patients whose OARs 
auto-segmentation were graded did not include 
those in the training dataset. 

La Macchia et al. (18) evaluated the accuracy of 
three commercial auto-segmentation software 
for segmentation of sixteen OARs in head and 
neck. Since our center primarily treat thoracic 
tumor patients, the auto-segmentation study of 
thoracic OARs is the focus. We attempted to            
incorporate more thoracic OARs into our study 
such as the L Lung, R Lung, spinal cord, heart, 
ESO, thoracic wall, AOR, PA, PV, SVC, IVC, skin, 
trachea and brachial plexus, etc. However, due 
to the limitation of CT contrast and resolution, it 
was difficult to identify complex brachial plexus 
by human expert (19), and MIM could not                    
currently automatically segment it. It might be 
necessary to rely on multimodal image fusion to 
achieve auto-segmentation of the brachial              
plexus. 

Previous clinical evaluations based on              
auto-segmentation of thoracic OARs showed 
that both ABAS and deep learning techniques 
could save time, which is consistent with our 

  DSC ΔCMD ΔV MHD AHD 
R Lung 3 3 3 2 3 
L Lung 3 3 3 1 3 

Skin 3 1 2 1 1 
Heart 3 3 3 2 2 

Spinal Cord 3 1 3 1 3 
AOR 2 2 1 1 2 

Chest Wall 2 1 1 1 1 
Trachea 2 2 1 1 2 

PA 2 2 2 2 2 
SVC 1 1 1 2 2 
ESO 1 2 1 2 2 
IVC 1 2 1 2 1 
PV 1 2 1 1 1 

Table 4. Grading evaluation results of the thirteen thoracic 
organs at risk (OARs) by each of the five indexes. 

Figure 2. Grading evaluation results of the thirteen thoracic 
organs at risk (OARs) by the Dice similarity coefficient (DSC), 
the difference of the Euclidean distance between centers of 

mass (ΔCMD), the difference of volume (ΔV), maximum 
Hausdorff distance (MHD) and average Hausdorff distance 

(AHD) 

 [
 D

O
I:

 1
0.

52
54

7/
ijr

r.
18

.4
.6

47
 ]

 
 [

 D
O

R
: 2

0.
10

01
.1

.2
32

23
24

3.
20

20
.1

8.
4.

5.
5 

] 
 [

 D
ow

nl
oa

de
d 

fr
om

 ij
rr

.c
om

 o
n 

20
25

-1
2-

24
 ]

 

                             7 / 10

http://dx.doi.org/10.52547/ijrr.18.4.647
https://dor.isc.ac/dor/20.1001.1.23223243.2020.18.4.5.5
https://ijrr.com/article-1-3273-en.html


Ying et al. / Grading evaluation of auto-segmentation  

Int. J. Radiat. Res., Vol. 18  No. 4, October 2020 654 

study (11). Compared to manually delineating 
thirteen thoracic OARs, MIM achieved a                    
significant time benefit by 96.7%. The sum time 
for automatically segmenting OARs one by one 
was 31.0 minutes, which was much longer than 
the time for segmenting all OARs together (3.2 
minutes). The reason was that MIM took about 2 
minutes to select atlas matches for each                   
auto-segmentation. In addition, because MIM 
and the common TPS have the ability to                   
auto-segment the skin, manual delineation time 
of skin was not recorded. 

Our results showed that ABAS was not               
completely applicable for thoracic OARs, so 
grading auto-segmentation accuracy of OARs 
was an important task. We divided the                   
segmentation accuracy of each OAR into three 
levels according to the DSC (table 4). For the R 
Lung, L Lung, skin, heart and spinal cord, the 
accuracy of auto-segmentation was good (DSC: 
0.88-0.96), So they did not need manual                  
modification. These Level 3 OARs could be               
auto-segmented. For the AOR, chest wall,                 
trachea and PA, the accuracy of auto-
segmentation was medium (DSC: 0.73-0.79). 
These auto-segmented contours needed to be 
modified in part, but there was still considerable 
time benefit compared with manual delineation 
slice-by-slice. These Level 2 OARs required  
manually modification after auto-segmentation. 
For the SVC, ESO, IVC and PV, the accuracy of 
auto-segmentation was poor (DSC: 0.53-0.62). 
These Level 1 OARs should be delineated               
manually rather than auto-segmentation. The 
grading results of the above OARs except SVC 
based on the study of breast cancer were                
consistent with ours [10]. The brachial plexus, 
which could not currently be automatically            
segmented by MIM, should also belonged to  
Level 1. 

At the same time, we also graded auto-
segmentation of each OAR according to the           
other four indexes: ΔCMD, ΔV, MHD and AHD, 
and found that the results were somewhat             
different from the DSC. For the SVC and IVC,              
although DSC were 0.62/0.56 (Level 1), the             
value of the distance indexes of ΔCMD, MHD and 
AHD were 1.17/0.91 cm, 1.87/2.17 cm and 
0.33/0.43 cm (Level 2), respectively. The main 

reason was that these organs were small. Even if 
the segmentation of them was not good, the             
distance difference was not large. However, the 
situation of the spinal cord was opposite, in 
which the DSC was 0.88 (Level 3), and the ΔCMD 
and MHD were as high as 1.34 cm and 2.74 cm 
(Level 1), respectively. This was because the 
structure of the spinal cord was cylindrical, and 
it was difficult to judge the starting and ending 
slices when the auto-segmentation was                   
performed, therefore the ΔCMD and MHD of the 
superior-inferior (SI) direction were large. And 
chest wall and skin had similar situations. For 
trachea, the grading result of ΔV (Level 3) was 
inconsistent with DSC (Level 2), which was 
caused by three outliers (ΔV: 136.27%, 
168.98%, 146.62%). After removing these            
outliers, ΔV and DSC were 13.49% (Level 2) and 
0.78 (Level 2), respectively. Although these four 
indexes could not be directly used for grading 
evaluation, they could be used to analyze the 
inconsistencies between auto-segmented and 
manual contours. 

Because the size and shape of each OAR are 
different, the geometric indexes will be affected 
by these characteristics of OARs (20). Future 
work will grade each OAR according to specific 
range of geometric indexes, combined with             
subjective scores, rather than using unified              
indexes range to grade all OARs. 

The effect of contour differences on              
dosimetry has not been studied in this paper. Lo 
et al. (21) reported that differences in contours 
caused dose differences in the peer review of the 
lung cancer target and normal tissues                      
delineation. Robert et al. (2) found in the                
diametric evaluation of auto-segmentation for 
breast cancer patients that although the                     
geometric differences of the left anterior                   
descending artery between manual delineation 
and auto-segmentation were large, no                       
dosimetric differences were caused. Therefore, 
we did not conduct a study of dosimetric                 
differences. Grading evaluation of OARs                  
auto-segmentation by geometric indexes and 
dosimetric indexes can be studied in the future. 
The combination of the above two kinds of            
indexes may improve the accuracy of grading. At 
present, the performance of ABAS tools is              
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mainly limited by two factors: the contrast of the 
image and the volume of the object (11). For soft 
tissues with low contrast, ABAS tools are not 
easy to identify the boundary, and even                
radiation oncologists need great efforts to                 
determine the exact boundary. In recent years, 
machine learning technology, especially deep 
learning method, shows promising results in its 
use in medical imaging specialty (22-24).                     
Therefore, machine learning technology may 
become the main development direction of             
auto-segmentation software in the future. 

 
 

CONCLUSION 

 
Grading evaluation of ABAS of thoracic OARs 

according to the DSC is feasible. Thoracic OARs 
auto-segmentation was graded into three levels, 
namely Level 3, 2, 1. The grading results may be 
useful in providing guidance for of the future 
ABAS development is to improve the algorithm 
so that more OARs can be automatically                   
segmented.  
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