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Purpose: Automatic segmentation offers many benefits for radiotherapy treatment planning; however, the lack of publicly available benchmark datasets limits the clinical use of automatic segmentation. In this work, we present a well-curated computed tomography (CT) dataset of high-quality
manually drawn contours from patients with thoracic cancer that can be used to evaluate the accuracy
of thoracic normal tissue auto-segmentation systems.
Acquisition and validation methods: Computed tomography scans of 60 patients undergoing treatment simulation for thoracic radiotherapy were acquired from three institutions: MD Anderson Cancer Center, Memorial Sloan Kettering Cancer Center, and the MAASTRO clinic. Each institution
provided CT scans from 20 patients, including mean intensity projection four-dimensional CT (4D
CT), exhale phase (4D CT), or free-breathing CT scans depending on their clinical practice. All CT
scans covered the entire thoracic region with a 50-cm field of view and slice spacing of 1, 2.5, or
3 mm. Manual contours of left/right lungs, esophagus, heart, and spinal cord were retrieved from the
clinical treatment plans. These contours were checked for quality and edited if necessary to ensure
adherence to RTOG 1106 contouring guidelines.
Data format and usage notes: The CT images and RTSTRUCT files are available in DICOM format.
The regions of interest were named according to the nomenclature recommended by American Association of Physicists in Medicine Task Group 263 as Lung_L, Lung_R, Esophagus, Heart, and SpinalCord.
This dataset is available on The Cancer Imaging Archive (funded by the National Cancer Institute) under
Lung CT Segmentation Challenge 2017 (http://doi.org/10.7937/K9/TCIA.2017.3r3fvz08).
Potential applications: This dataset provides CT scans with well-delineated manually drawn
contours from patients with thoracic cancer that can be used to evaluate auto-segmentation
systems. Additional anatomies could be supplied in the future to enhance the existing library of
contours. © 2020 American Association of Physicists in Medicine [https://doi.org/10.1002/mp.14107]
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1. INTRODUCTION
Contouring on computed tomography (CT) scans is an important task in radiation treatment planning for achieving favorable dose distributions to targets with minimal radiation
toxicity to adjacent normal tissues.1 Manual delineation of targets and organs at risk is both time consuming and subject to
interobserver variability.2,3 In the past decade, the development of computer-aided auto-segmentation has gradually
changed the traditional way of contouring for treatment planning. Auto-segmentation has proven an effective for reducing uncertainties in contouring and improving the efficiency
of the contouring process.4,5 Many auto-segmentation
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algorithms have been developed and evaluated with CT
images for treatment planning.6-12 However, the use of autosegmentation in the clinic is still limited, in part because autosegmentation is less accurate or robust than manual segmentation in some cases, and because benchmark datasets are not
publicly available for commissioning auto-segmentation tools.
In recent years, the concept of a “grand challenge” has
emerged as an unbiased and effective approach for evaluating
different segmentation approaches.8,9,13 An unbiased evaluation also relies on the quality of the curated benchmark dataset. Organizers of such challenges must take care in choosing
the benchmark dataset and performing thorough quality
checks on the reference contours. In this article, we present a
© 2020 American Association of Physicists in Medicine
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dataset originally prepared for the Thoracic Auto-Segmentation Challenge held at the 2017 Annual Meeting of the American Association of Physicists in Medicine (AAPM). Details
of the preparations for this challenge, including quality assurance of manual contours and challenge results, are reported
elsewhere9; this paper focuses on describing the image data
acquisition and use of the presented data. We have made this
dataset publicly available through The Cancer Imaging
Archive (TCIA)14 for researchers in medical physics or medical image analysis to develop and evaluate their own segmentation methods.
This dataset consists of CT scans with manually drawn
contours for use in testing thoracic normal tissue auto-segmentation algorithms. These scans were acquired for treatment planning purposes, with each patient in the treatment
planning position with cradles used for immobilization. The
image quality is sufficient for contouring both tumors and
organs at risk for treatment planning. This dataset can help
address the lack of publicly available datasets to facilitate the
testing of commercial and in-house segmentation algorithms.
We believe this dataset is a valuable resource to the medical
physics and medical image analysis communities.

2. ACQUISITION AND VALIDATION METHODS
2.A. Overview of the dataset
The dataset consists of treatment simulation CT scans
obtained before radiotherapy that include manually drawn
contours from 60 patients with thoracic cancer; scans were
obtained from three institutions: MD Anderson Cancer Center (MDACC), Memorial Sloan Kettering Cancer Center
(MSKCC), and the MAASTRO clinic. Each institution provided scans from 20 patients, including mean intensity projection on four-dimensional CT (4D CT) scans, the exhale
phase on 4D CT scans, and free-breathing CT scans
depending on their clinical practice. All CT scans covered
the entire thoracic region. Scans from patients with collapsed lungs or with the esophagus terminating superior to
the lower lobes of lungs were excluded. The median patient
age was 70 yr (range 37–92 yr) at the time of CT scanning;
33 patients (55%) were men and 27 (45%) were women.
The purpose of this dataset was to provide benchmarks for
thoracic normal tissue segmentations for the Thoracic
Auto-Segmentation Challenge at the 2017 AAPM Annual
Meeting (http://autocontouringchallenge.org/) (accessed on
December 9, 2019).
2.A.1. MDACC datasets
Under an institutional review board—approved protocol
and waiver of informed consent (RCR03-0400), we retrospectively retrieved CT scans, with manual contours, from 20
patients with nonsmall cell lung cancer (NSCLC) who
received definitive chemoradiation at The University of Texas
MD Anderson Cancer Center from August 2009 to December
2012. Patients were selected at random without specific
Medical Physics, 47 (7), July 2020
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restrictions on sex, age, or body anatomy. The median patient
age was 66.5 yr (range 47–80 yr) at the time of CT scanning;
13 patients (65%) were men and 7 (35%) were women. Setup
for all patients took place while the patients were supine, with
their arms above their heads, and immobilized with custom
Vac-Lok cradles (Civco Medical Solutions, Kalona, IA).
All patients underwent 4D CT scanning on a GE LightSpeed 16-slice scanner (GE Medical Systems, Waukesha,
WI) used for radiotherapy simulation at MD Anderson Cancer Center. All scans covered the entire thoracic region and
were based on a 4D CT scanning protocol with 120 kVp,
50 mAs, a 50-cm field of view, and a 2.5-mm slice thickness.
Images were reconstructed by using a standard convolution
kernel to a matrix size of 512 9 512. The number of slices
ranged from 120 to 176, and slice spacing was 2.5 mm for all
20 patients. Ten phases of CT scans were reconstructed from
each 4D CT scan set. The mean intensity projection of the 10
phase CT scans (i.e., the averaged 4D CT) was acquired and
included in the dataset because it is used in our clinic for
radiotherapy treatment planning. All clinical contours were
drawn on the averaged 4D CT in a Pinnacle treatment planning system (Philips Medical Systems, Fitchburg, WI). Lung
contours were drawn with fusion of the 30% phase CT, and
other contours (esophagus, heart, and spinal cord) were
drawn with fusion of the 50% phase CT (end-of-exhalation
phase).
2.A.2. MSKCC datasets
CT scans were retrospectively retrieved from 20 patients
with NSCLC treated with radiation therapy at Memorial
Sloan Kettering Cancer Center after approval and waiver of
informed consent by the institutional review board. The
patients had been treated from January 2015 to December
2016 and were selected at random without specific restrictions on sex, age, or body anatomy. The median patient age
was 73.5 yr (range 70.25–83.0 yr) at the time of CT scanning; 8 patients (40%) were men and 12 (60%) were women.
CT scans were acquired while the patients were supine, with
arms above their heads, during treatment simulation.
Nine of the 20 patients underwent 4D CT scanning on a
Philips Brilliance Big Bore 16-slice scanner (Philips Medical
Systems, Cleveland, OH) used for radiotherapy simulation at
Memorial Sloan Kettering Cancer Center; 10 patients underwent fast helical free-breathing CT scans on a Philips Brilliance Big Bore 16 slice scanner; and the remaining patient
underwent deep inspiration breath-hold CT scan with contrast
on a GE Discovery ST (General Electric) scanner. All scans
covered the entire thoracic region with 120 kVp, 50 mAs, a
65-cm field of view, and a 3-mm slice thickness. Images were
reconstructed by using a standard convolution kernel to a
matrix size of 512 9 512. The number of slices ranged from
103 to 279, with an average slice spacing of 2.5 mm for all
20 patients. For patients who underwent 4D CT scanning, ten
phases of CT scans were reconstructed, and the mean intensity projection of the ten CT phases (i.e., the averaged 4D
CT) was acquired and included in the dataset. All clinical
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contours were drawn on the averaged 4D CT scan or the freebreathing CT scan in a Varian Eclipse treatment planning system (Varian Medical Systems, Palo Alto, CA).

3252
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2.A.3. MAASTRO datasets
CT scans were retrospectively retrieved from 20 patients
with NSCLC treated with radiation therapy at MAASTRO
clinic (Maastricht, The Netherlands) after approval and
waiver of informed consent by the institutional review board.
The patients had been treated from July 2015 to January 2016
and were selected at random without specific restrictions on
sex, age, or body anatomy. The median patient age was
68.5 yr (range 49–89 yr) at the time of CT scanning; 12
patients (60%) were men and 8(40%) were women. CT scans
were acquired while the patients were supine with their arms
above their heads during treatment simulation.
Patients underwent 4D CT scanning on one of two Siemens scanners (Siemens Biograph 40 PET/CT or a Siemens
Sensation Open CT scanner; Siemens Healthineers, Forcheim, Germany) dedicated to radiotherapy simulation. All
scans covered the entire thoracic region and involved a 4D
CT scanning protocol with 120 kVp, variable mAs settings
(mainly at 100 mAs [range 100–240 mAs]), a 50-cm field of
view (which could be extended to 65 cm as needed), and a 3mm slice thickness. Images were reconstructed by using a
standard convolution kernel B19f or B30f to a matrix size of
512 9 512 and variable numbers of slices between patients
depending on the height of the patient. Eight phases of CT
scans were reconstructed for each 4D CT scan and the 50%
exhale phase was used for delineation and radiotherapy treatment planning dose calculations. All clinical contours were
drawn on the 50% Exhale CT phase (mid-ventilation) in a
Varian Eclipse treatment planning system (Varian Medical
Systems, Palo Alto, CA).
2.B. Manual contours
Manually drawn contours were collected from clinical
treatment plans from all three institutions for this dataset.
Contours of the following structures were included: left and
right lungs, esophagus, heart, and spinal cord. The clinical
contours were quality checked by one experienced clinical
medical physicist (GS) and edited to adhere to RTOG 1106
contouring guidelines15,16 as closely as possible. The editing
specifically did not remove interinstitutional variability in the
original contours. The dataset is expected to include several
areas of inconsistency. Detailed contouring notes are
described elsewhere9 and are briefly summarized below.

•

Lungs: Left lung and right lung were contoured into
two regions of interest (ROIs). Tumor was excluded
from the lung contours, but the extent of exclusion
could differ in scans from different institutions. Hilar
airways and vessels > 5 mm were excluded. The main
bronchi were always excluded but secondary bronchi
might be included in some patients, based on the
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original clinical contours. Inclusion or exclusion of
small vessels were not edited in general, also based on
the original clinical contours.
Esophagus: The superior end of esophagus was edited
to be in the first slice of the cricoid cartilage, and the
inferior end of esophagus was edited to be in the first
slice of the gastroesophageal junction. Original clinical
contours within the range were generally not edited.
Heart: The superior border was edited for consistency
with RTOG guidelines for all patients; however, inclusion or exclusion of the pericardial sac was inconsistent
in some cases.
Spinal cord: The original clinical contours of spinal
cord might have extended beyond the cricoid superiorly
and beyond the L2 inferiorly. These contours were not
edited. For cases without enough contoured slices, the
superior border was extended to the bottom slice of the
cricoid and the inferior border was extended to the bottom slice of the L2.

These anatomic structures were selected because they are
important organs at risk in radiotherapy treatment planning
and are of particular interest in plan evaluation. The spinal
cord is a critical organ that must be protected from excessive
dose, as is the heart; radiation-induced cardiac toxicity and
mortality is an important concern for dose escalation in lung
cancer radiotherapy.17-19 Furthermore, higher dose to the
lungs is known to be associated with higher risk of radiationinduced pneumonitis,20 and higher dose to the esophagus
with higher risk of radiation-induced esophagitis.21 Manual
contours from three patients, one from each institution, are
shown in Fig. 1. Volume statistics for these structures in all
60 patients are shown in Table I.
3. DATA FORMAT AND USAGE NOTES
This data collection is available at The Cancer Imaging
Archive (TCIA; https://www.cancerimagingarchive.net/) in
the collection Lung CT Segmentation Challenge 2017
(http://doi.org/10.7937/K9/TCIA.2017.3r3fvz08).22 Both the
CT and structure contour files are provided in DICOM, which
is used by most commercial treatment planning systems.
After performing a quality check of all manual contours and
CT images, we used a customized version of the Clinical
Trial Processor (https://mirc.rsna.org) provided by TCIA to
anonymize and transfer the data to the TCIA servers. After
that, TCIA curators performed additional review to ensure
full anonymization in compliance with HIPAA regulations
and to keep critical information necessary for analysis. A
DICOM RT structure file was associated with each CT scan,
and this file contained five ROIs: left/right lungs, esophagus,
heart, and spinal cord. These ROIs are named as Lung_L,
Lung_R, Esophagus, Heart, and SpinalCord according to the
nomenclature recommended by AAPM Task Group 263.23
Because this dataset was used for the AAPM Thoracic
Auto-Segmentation Challenge,9 the dataset was separated
into three data groups, stratified per institution, with 36
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FIG. 1. Axial (top row), sagittal (middle row), and coronal (bottom row) views of contoured organs for three patients (left lung [light blue], right lung [dark blue],
esophagus [green], heart [pink], spinal cord [red]), each from a different institution. [Color figure can be viewed at wileyonlinelibrary.com]

TABLE I. Volume statistics for the contoured structures on computed tomography scans from all 60 patients. SD, standard deviation.
Minimum
volume
(cm3)

Maximum
volume
(cm3)

Median
volume
(cm3)

Mean
volume
(cm3)

Standard
deviation

Left lung

128.1

4091.0

1564.1

1644.8

724.3

Right lung
Esophagus

892.4
29.8

3565.8
100.9

1910.2
47.1

2026.1
49.1

598.8
13.2

Heart

457.0

1352.2

741.0

772.5

196.4

Spinal
cord

31.8

109.6

72.1

72.8

17.9

patients in a training dataset, 12 patients in an offsite test
dataset, and 12 patients in a live test dataset. Patient ID numbers were used to distinguish each dataset and institution. For
example, in the training dataset, patient IDs were coded as
LCTSC-Train-Sm-nnn, where Sm (m = 1, 2, 3) stands for
institution (S1 = MAASTRO, S2 = MDACC, S3 = MSKCC)
Medical Physics, 47 (7), July 2020

and nnn (nnn = 001, 002, . . ., 012) stands for the dataset ID at
one institution. Similarly, the patient IDs for the offsite test
dataset were coded as LCTSC-Test-Sm-10n, and those for the
live test data were LCTSC-Test-Sm-20n.
Data can be downloaded from the TCIA by using the
NBIA Data Retriever.24 Two directory types can be chosen
from the interface of the NBIA Data Retriever. In the “Classic
Directory Name,” the images are saved in the subfolder of the
specified folder as CollectionName\PatientID\StudyInstanceUID\SeriesInstanceUID\xxxxxx.dcm, where xxxxxx starts
from 000000 to the total number of image slices minus 1.
Each image slice is stored in one DICOM file. By contrast,
selection of the “Descriptive Directory Name,” StudyInstanceUID and SeriesInstanceUID in the folder name will be
replaced by a combination of study date, study ID, study
description, and StudyInstanceUID, and a combination of
series number, series description, and SeriesInstanceUID,
respectively.24 The RTSTRUCT DICOM file can be found
under the same structured format [CollectionName\PatientID
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\StudyInstanceUID\SeriesInstanceUID\000000.dcm]; however, it should be noted that the SeriesInstanceUID is different than that of the DICOM images of the same patient.
4. DISCUSSION
Auto-segmentation has become increasingly useful in
radiation oncology and is the subject of great interest in medical physics.6,9,11 As deep learning has become more popular,
many researchers have devoted themselves to developing new
and more accurate auto-segmentation algorithms for radiation
oncology applications. Deep learning algorithms require a
great amount of well-curated data for training if high-quality
segmentation results are to be achieved. The dataset we introduce here represents the first attempt to supply a dedicated
dataset for the evaluation of auto-segmentation algorithms for
thoracic radiotherapy treatment planning. We expect this
dataset to be useful, as it will provide well-curated contours
for a relatively large group of patients with thoracic cancer.
As noted earlier, this dataset was originally prepared for
the Thoracic Auto-Segmentation Challenge which took place
at the 2017 AAPM Annual Meeting in Denver, CO.9 More
than 100 participants registered for the challenge during the
offline contest at the challenge website (http://autocontour
ingchallenge.org/) and used the training dataset to train their
segmentation algorithms. Seven teams participated in the live
contest in August 2017 in Denver. Of the seven teams, five
developed deep learning auto-segmentation algorithms using
the supplied training dataset. The top 3 segmentation results
(all of which used deep learning) showed more consistent
contouring than the measured interobserver variability, which
supports the assumption that the number of patients was sufficiently large to capture anatomic variability among patients
in training a good deep learning model for segmentation.
Also, the interinstitutional variability in the dataset may well
be helpful in training a deep learning model. Another report
on the challenge results also shows how this dataset was used
to train a deep learning model effectively for auto-segmentation.25 However, we acknowledge that the size of the current
dataset is limited for training and evaluating a large deep
learning model.
This dataset has several potential future applications. First,
this well-curated dataset is a good resource for researchers to
develop innovative auto-segmentation algorithms. This dataset can be used together with their own data to train their
algorithms, by increasing the data variability to improve their
deep learning models. Next, since this dataset is collected
from several institutions, it may be useful for studying
interinstitutional contouring variability. An example of such a
study would involve taking this dataset, contouring the tumor,
and creating treatment plans for these patients, followed by
evaluating the dosimetric impact of variability in contouring.
Finally, this dataset could also serve as a benchmark for commissioning commercial auto-segmentation tools for thoracic
radiotherapy treatment planning, provided that the commercial software had not used this dataset to train the algorithm.
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This published dataset has some limitations. We did not
remove all interinstitutional variations when we checked the
quality of the clinical contours and thus some areas in the
dataset could harbor inconsistencies. Moreover, the CT scans
in this dataset were acquired for the purpose of radiotherapy
simulation and treatment planning. Patients were immobilized with a specific device, thereby reducing the possible
degrees of freedom in patient positioning. This limits the
applications of this dataset and makes it more suitable for
radiation oncology applications than others. Also, the in-slice
resolution was about 1 mm, which may not be sufficient for
radiology applications. In addition, tumors in some patients
may have affected the shape and size of normal anatomic
structures, thereby rendering the contours inconsistent.
5. CONCLUSIONS
We described a dataset of well-curated thoracic CT scans
from 60 patients with thoracic cancer, with high-quality manually drawn contours of four important organs at risk in
radiotherapy treatment planning. This dataset is made publically available through The Cancer Imaging Archive in
DICOM format. We believe this dataset will be helpful to the
medical physics community in evaluating auto-segmentation
algorithms for delineating thoracic normal tissues.
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