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received research grants from the NCI, Philips Radiation Oncology

Systems, and Accuray; payment for patents (planned, pending, or issued)

from WI Alumni Research Foundation; royalties as sole author of

a monograph in mathematical physics titled Path Integrals on Group

Manifolds; and serves on Scientific Advisory Board for ViewRay, Inc.

Parag J. Parikh, MD, has received grants from ViewRay, Inc, and Philips

Healthcare; equipment and technical support from ViewRay, Inc; grants/

grants pending from Varian Medical, Philips Healthcare; and payment for

lectures including service on speakers bureaus from Varian Medical.

Supplementary material for this article can be found at

www.redjournal.org.

AcknowledgmentdWe thank Nesrin Dogan, Carol Johnson, Barb

Millman, Wendy Schoen, and Nikolaj Jensen for their contributions to

the review of the autocontours. We also thank Dr. Todd DeWees,

Washington University School of Medicine in St Louis, for his helpful

discussions on the data analysis.

Int J Radiation Oncol Biol Phys, Vol. 87, No. 4, pp. 809e816, 2013

0360-3016/$ - see front matter � 2013 Elsevier Inc. All rights reserved.

http://dx.doi.org/10.1016/j.ijrobp.2013.08.007

Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
Delta:1_given name
Delta:1_surname
mailto:pparikh@radonc.wustl.edu
http://www.redjournal.org
http://dx.doi.org/10.1016/j.ijrobp.2013.08.007
http://www.redjournal.org


Zhu et al. International Journal of Radiation Oncology � Biology � Physics810
Summary

Smart Probabilistic Image
Contouring Engine (SPICE),
an atlas- and model-based
autosegmentation tool, was
quantitatively evaluated and
clinically validated using
computed tomography
images in the head and neck,
thorax, liver, and male pelvis
regions from 125 patients at
7 institutions. Mean auto-
segmentation times were 3.1
to 11.1 minutes/patient. The
quantitative evaluation
showed good agreement
between the autocontours
and clinically drawn ones;
expert review favored auto-
segmentation over manual
contouring in 38 of the 40
structures validated.
Purpose: Clinical validation and quantitative evaluation of computed tomography (CT) image
autosegmentation using Smart Probabilistic Image Contouring Engine (SPICE).
Methods and Materials: CT images of 125 treated patients (32 head and neck [HN], 40 thorax,
23 liver, and 30 prostate) in 7 independent institutions were autosegmented using SPICE and
computational times were recorded. The number of structures autocontoured were 25 for the
HN, 7 for the thorax, 3 for the liver, and 6 for the male pelvis regions. Using the clinical
contours as reference, autocontours of 22 selected structures were quantitatively evaluated using
Dice Similarity Coefficient (DSC) and Mean Slice-wise Hausdorff Distance (MSHD). All 40
autocontours were evaluated by a radiation oncologist from the institution that treated the
patients.
Results: The mean computational times to autosegment all the structures using SPICE were 3.1
to 11.1 minutes per patient. For the HN region, the mean DSC was >0.70 for all evaluated struc-
tures, and the MSHD ranged from 3.2 to 10.0 mm. For the thorax region, the mean DSC was
0.95 for the lungs and 0.90 for the heart, and the MSHD ranged from 2.8 to 12.8 mm. For
the liver region, the mean DSC was >0.92 for all structures, and the MSHD ranged from 5.2
to 15.9 mm. For the male pelvis region, the mean DSC was >0.76 for all structures, and the
MSHD ranged from 4.8 to 10.5 mm. Out of the 40 autocontoured structures reviews by experts,
25 were scored useful as autocontoured or with minor edits for at least 90% of the patients and
33 were scored useful autocontoured or with minor edits for at least 80% of the patients.
Conclusions: Compared with manual contouring, autosegmentation using SPICE for the HN,
thorax, liver, and male pelvis regions is efficient and shows significant promise for clinical
utility. � 2013 Elsevier Inc.
Fig. 1. Flow chart of Smart Probabilistic Image Contouring
Engine (SPICE) segmentation, quantitative evaluation, and clin-
ical validation. CT Z computed tomography; DSC Z Dice
Similarity Coefficient; MSHD Z Mean Slice-wise Hausdorff
Distance.
Introduction

Modern radiation therapy allows for highly conformal dose distri-
butions especially using techniques such as intensity modulated
radiation therapy (IMRT) and volumetric modulated arc therapy
(VMAT). These methods offer the ability to deliver high therapeutic
dose to the targets while significantly reducing the dose to nearby
organs at risk (OARs), which may lead to a decrease in radiation
related toxicity. An essential step in enabling these methods is to
segment or delineate the organs at risk and target structures accu-
rately. This procedure can be tedious, time-consuming, and
subjective, and it requires a high level of concentration. A recent
study documents that an average of 2.7 hours is required to fully
contour a single head and neck (HN) patient for IMRTorVMAT (1).
Organ delineation also suffers from inter- and intraobserver vari-
ability that may even exceed planning and setup errors and is
considered the biggest uncertainty in radiation therapy planning (2).

Automatic segmentation aims to remove most of the manual
work by providing initial structures that require minimal modifi-
cations for all patient images in a consistent manner. There are
a number of semiautomatic and automatic approaches that are
generally atlas-based, model-based, or a hybrid. Many approaches
to automated segmentation have been published (3e6). Although
technically these approaches are fully automated, the results are
not always ideal, especially for the tissue types that have poor
contrast relative to neighboring structures.

Commercial systems with autosegmentation have been avail-
able for the past several years, and there had been some reports on
the evaluation of the performance of such software (7e11). Most
of the evaluations were done for a single anatomical region, and
sometimes within a single institution. La Macchia et al evaluated 3
commercial software (ABAS, MIM, and Velocity) for 15 patients
treated for head-and-neck, prostate, and lung cancers and showed
that the automatic contouring can significantly shorten the adap-
tive radiation therapy workflow.

This article aims to evaluate a new commercial package using
multiple data sets and users. This paper investigates the clinical
effectiveness of an alpha version of this package by validating the
automatic segmented structures using both common quantitative



Table 1 List of autocontoured structures and the expert review score ratios

Structure

Expert scoring results

Structure

Expert scoring results

Score 1 rate Score 2 rate Score 3 rate Score 1 rate Score 2 rate Score 3 rate

Head and Neck
Brainstem 21.2 72.7 6.1 Thyroid 9.4 50 40.6
Spinal cord 84.8 15.2 0 L optical nerve 12.5 53.1 34.4
Brain 68.2 31.8 0 R optical nerve 12.5 56.3 31.3
L eye 31.2 68.8 0 L lens 40.6 43.8 15.6
R eye 34.4 65.6 0 R lens 40.6 43.8 15.6
Mandible 51.5 48.5 0 Pharyngeal 28 72 0
L parotid 15.2 81.8 3 Glottis 10 55 35
R parotid 12.1 81.8 6.1 L cochlea 39.4 45.5 15.2
L sub 33.3 57.6 9.1 R cochlea 27.3 51.5 15.2
R sub 16 80 4 Oral cavity 21.2 78.8 0
L neck 0 0 100 Sublingual 20 70 10
R neck 0 4 96 Soft palate 12 80 8
Optical chiasm 22.6 41.9 35.5

Thorax
L lung 31.1 67.7 2.2 Trachea 77.8 22.2 0
R lung 37.8 62.2 0 Bronchi 60 37.8 2.2
Spinal canal 84.4 11.1 4.4
Spinal cord 60 35.6 4.4
Heart 55.6 40 4.4

Liver
Liver 39.1 60.9 0 L kidney
R kidney 60 30 10

Male pelvis
Bladder 30.8 57.7 11.5 Seminal vesicle 38.5 42.3 19.2
L femur head 76.9 23.1 0
R femur head 73.1 26.9 0
Rectum 15.4 69.2 15.4
Prostate 11.5 69.2 19.3

Abbreviations: L Z left; RZ right; sub Z submandibular glands.

Score 1, 2, and 3 correspond to useful as autocontoured, useful with minor edits, and not useful, respectively. The Dice Similarity Coefficient and Median

Slice-wise Hausdorff Distance were calculated for selected structures (in bold) using clinical contours as references and the values are listed separately in

Table E2 and E3 in the online supplement.
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metrics (Dice Similarity Coefficient and Mean Slice-wise Haus-
dorff Distance) and qualitative expert scoring.

Methods and Materials

Autosegmentation software

Recently, several fully automated, feature driven, model-based
methods were developed to automatically segment the normal
structures and target volumes in HN, thorax, liver, and male pelvis
CT images (12, 13). These methods generally include multiple
steps consisting of an initial registration, dense deformable
registration, and refinement. A commercial treatment planning
system (Pinnacle alpha, version 9.4, Philips, Madison, WI) with
a new code package named Smart Probabilistic Image Contouring
Engine (SPICE) was used for this study. SPICE integrates both an
atlas- and model-based segmentation system into a joint
segmentation system (the detailed steps are described in the
supplementary content). Multiple variations of autocontours were
provided for selected structures (eg, the parotids, submandibular
glands, heart, and rectum) to accommodate the differences in the
requirements of the 7 participating institutions.
Patients and image data sets

One hundred twenty-five patient CT image data sets from 7 insti-
tutions were analyzed in this publication. Therewere 32, 40, 23, and
30 patients for the HN, thorax, liver, and male pelvis areas, respec-
tively. Each institution participated independently and provided
randomly selected patient data depending on the availability and
expertise. Table E1 shows the distribution of the patient number,
scanner model and parameter, and scanning protocols for the
thoracic studies. The patients were all clinically planned. The clin-
ical structures were drawn based on each particular institution’s
guidelines andused as references.Because the structureswere drawn
before this study, nomanual contouring timewas recorded andnot all
patients had every structure of interest contoured.None of the patient
images reviewed were used for training the algorithms.

Autosegmentation and evaluation workflow

Figure 1 outlines the overall workflow of this study. First, CT
image data sets with original (clinically used) contours were
collected and anonymized at each institution. Then the image
datasets were sent to Philips, the SPICE autosegmentations were



Fig. 2. (a-b) Mean and standard deviation of Dice Similarity Coefficient (DSC) and Mean Slice-wise Hausdorff Distance (MSHD) of
autocontours versus reference contours for head and neck area. (c-e) An example of the reference contours (green) and the autocontours
(blue) for a head and neck patient image data set. Sub Z submandibular.
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performed remotely by M.Z. on a Pinnacle 9.4 alpha Enterprise
server as an integrated functionality. The autosegmentation func-
tionality is integrated in the Pinnacle treatment planning software
and fully automated. After completing the CT data loading, the
user only needs to select the atlas area (ie, HN, thorax, liver, or
male pelvis), then Pinnacle starts the autosegmentation. There is
no need for the user to specify the landmarks. The computational
times were recorded as the machine running time from the
selection of atlas area to the completion of autocontouring all
structures for the selected anatomic area.

The SPICE algorithm provided autosegmentations for a series
of targets and normal structures for each anatomic area, as listed in
Table 1. These included 25 structures in the HN, 7 in the thorax, 3
in the liver, and 6 in the male pelvis areas, respectively. Following
the completion of the autosegmentation, a script in Pinnacle
calculates the Dice Similarity Coefficient (DSC) and Median
Slice-wise Hausdorff Distance (MSHD) of the autocontours using
the clinically used contours as a reference (discussed subse-
quently). Finally, the image data sets with autocontours were sent
back to each institution for clinical validation review.

Quantitative evaluation

Twenty-five selected structures (bold text in Table 1) were quanti-
tatively evaluated based mainly on the availability of reference
contours. The structures that only have reference contours from
a limited number of patients were not included for quantitative
evaluation. However, autocontours of all 40 structures were clini-
cally validated. To provide consistency with the Medical Image
Computing and Computer Assisted Interventions (MICCAI) auto-
segmentation challenge publications (14, 15), the DSC and MSHD
were computed using the same method as described in Pekar et al
(15). In brief, the DSC represents the ratio of volume overlap
between 2 contours but does not provide positional information. A
higher DSC indicates better similarity of the 2 structures; aDSC of 1
means the 2 contours are identical and 0means no overlap at all. The
MSHD, on the other hand, is ameasure of the distance disagreement
between the 2 contours within slices. The smaller the MSHD, the
closer the surfaces of the 2 contours, and anMSHD of 0means the 2
contours are identical. These 2 metrics were commonly used in
contouring studies (2, 9-11).
Clinical validation

All autocontours were evaluated by experts from the original insti-
tution. Because of the large amount of patients and autocontours, the
review was usually done by a single observer (radiation oncologist)
for each case. In addition, radiation therapists and dosimetrists from
Institution 1 also provided reviews for normal structures. The



Fig. 3. (a-b) Mean and standard deviation of Dice Similarity Coefficient (DSC) and Mean Slice-wise Hausdorff Distance (MSHD) of
autocontours versus reference contours for thorax area. (c-e) An example of the reference contours (green) and the autocontours (blue) for
a thoracic image data set.
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reviewers were guided to turn off the original contour display, and
score all autocontours using 3 levels: useful as autocontoured (Z1),
useful with minor edits (Z2), and not useful (Z3). The definition of
minor edits was that editing the SPICE autocontours was preferred
over manual contouring, and the reviewers made the decisions based
on their experiences and personal preferences.

Results

Computational time

The mean (� standard deviation [SD]) time to autosegment all
structures was 11.1 (�1.9) minutes per patient for the HN area, 3.1
(�0.3) minutes per patient for the thorax area, 6.6 (�0.2) minutes
per patient for the liver area, and 3.7 (�0.7) minutes per patient
for the male pelvis area. The results are also shown in Table E2
and Figure E3 in the online supplement. Because this was
a retrospective study, the times for creating the clinical contours
were not available.

HN area

Figure 2a-2b show the DSC and MSHD of the autocontoured
structures in the HN area of all 32 patients. The DSC mean (�SD)
were 0.96 (�0.02) for brain, 0.89 (�0.04) for mandible, 0.85
(�0.08) for eyes, 0.75 (�0.12) for brainstem, 0.74 (�0.08) for
spinal cord, 0.70 (�0.12) for submandibular nodes, and 0.72
(�0.12) for parotids. Figure 2c-2e presents 3 examples of the
autocontours (in blue) and the reference contours (in green) of 1
HN case. Table 1 lists the expert review score ratios of the auto-
contours of the selected structures.

Thorax area

Figure 3a-3b show the DSC and MSHD of the autocontoured
structures in the thorax area of 30 patients. The DSC mean (�SD)
were 0.95 (�0.01) for the left lung, 0.95 (�0.00) for the right
lung, 0.90 (�0.03) for the heart, 0.68 (�0.15) for the spinal canal,
and 0.52 (�0.15) for the spinal cord. Figure 3c-3e presents 3
examples of the autocontours (in blue) and the reference contours
(in green) of 1 thorax case. Table 1 lists the expert review results
of the autocontours of selected structures, and the score “3” (not
useful) ratios are <5% for all structures.

Liver area

Figure 4a-4b show the DSC and MSHD of the autocontoured
structures in the liver area of all 23 patients. The DSC mean



Fig. 4. (a-b) Mean and standard deviation of Dice Similarity Coefficient (DSC) and Mean Slice-wise Hausdorff Distance (MSHD) of
autocontours versus reference contours for liver area. (c-e) An example of the reference contours (green) and the autocontours (blue) for
a liver patient image data set.
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(�SD) were 0.94 (�0.01) for the liver, 0.92 (�0.01) for the
right kidney, and 0.85 (�0.15) for the left kidney. Figure 4c-4e
shows 3 examples of the autocontours (in blue) and the reference
contours (in green) of 1 liver case. Table 1 lists the expert review
score ratios: there is no score 3 for the liver and the right kidney
scored 3 for 10% of the patients, although not enough left kidney
clinical contours were available for evaluation.
Male pelvis area

Figure 5a-5b show the DSC and MSHD of the autocontoured
structures in the male pelvis area of all 30 patients. The DSC mean
(�SD) were 0.87 (�0.17) for the bladder, 0.83 (�0.04) for the left
and right femoral heads, 0.77 (�0.06) for the rectum, and 0.76
(�0.08) for the prostate. Figure 5c-5e presents 3 examples of the
autocontours (in blue) and the reference contours (in green) of 1
male pelvis case. Table 1 lists the expert review results of the
autocontours of selected structures. No femoral heads were scored
3, and the ratio of score 3 were <20% for the remaining 3
structures.

The detailed results of the DSC and MSHD of the data from
all institutions and individual institutions are also listed in
Tables E2 and E3 and plotted in Figure E4-E7 in the online
supplement.
Discussion

Target and normal structure manual contouring is not only time
consuming but also contributes to uncertainty in modern radiation
therapy treatment planning. Inter- and intraobserver variations of
target and normal structure contouring have been reported for
many anatomic areas (2, 16-19). Recent developments on the
methods and algorithms for automated segmentation have
improved both the efficiency and accuracy of organ delineation
(10, 11). To date, the evaluation and clinical validation of
commercial autosegmentation software tools have been limited to
single anatomic areas (8-11) and often to patient images from
a single institution (7, 9-11).

In this study, we assessed the autosegmentation performance of
SPICE for 4 anatomic regions on CT images from 7 institutions (3
in Europe and 4 in North America). To our knowledge, this is the
first multi-institutional and multianatomic area evaluation and
validation of an autosegmentation tool. As described in the
supplementary content and Figures E1 and E2, 2 pipelines were
developed and included in the SPICE software package for the
autosegmentation of the HN, thorax, liver, and male pelvis areas.
Because both pipelines used in SPICE require a large amount of
organ specific training and configuration, this process is not well
suited for user customization. During this study, we noticed that
for the normal structures, despite the recent publication of the



Fig. 5. (a-b) Mean and standard deviation of Dice Similarity Coefficient (DSC) and Mean Slice-wise Hausdorff Distance (MSHD) of
autocontours versus reference contours for male pelvic area. (c-e) An example of the reference contours (green) and the auto- contours
(blue) for a prostate patient image data set.
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Radiation Therapy Oncology Group atlases and delineation
guidelines (20-22), individual institutions still have their own
contouring preferences and substantial differences may exist.
Therefore, multiple variations of autocontours were provided for
a subset of the structures (parotids, submandibular glands, heart,
rectum, and femoral heads). In practice, each institution or
physician could commission the software to output the contouring
version that best matches their specific requirements. For this
reason, we used the contour version with the highest DSC, lowest
MSHD, and lowest expert review scores for our evaluation and
validation in the present study.

The autosegmentation time by SPICE is 3 to 11 minutes,
depending on the anatomic area and total number of structures
delineated. This is in the same order of magnitude as reported by
La Macchia et al (7) for 3 other software. For the organs that were
commonly evaluated, Table E4 compares the DSC of SPICE (this
work) to the values reported in reference (7). Again, the perfor-
mance of SPICE is similar to ABAS, MIM, and Velocity, with
some organ/structure slightly better and others slightly worse.

Because this is a retrospective study, the manual contouring
times were not recorded. In general, manual contouring is
a tedious and time-consuming process. Teguh et al reported an
average contouring time of 180 minutes for HN CT images (11),
Hermoye et al documented an average of 25 minutes for liver
manual contouring (23), and the study by Huyskens et al showed
a mean time of 25 minutes to manually contour a prostate patient
(8). In addition, manual contouring times for the HN, lung, and
prostate of 163 minutes, 80 minutes, and 78 minutes were reported
by La Macchia et al (7). Compared with these reported results, the
computational time of SPICE autosegmentation is substantially
lower and a background process, representing a great improve-
ment in contouring efficiency.

There are shortcomings in our study. First of all, there is no
“true structure” to compare with for the DSC and MSHD calcu-
lations. Because of the large amount of data, it was impractical to
have multiple experts manually contour all patient data sets to
generate the probabilistic estimate of the “true” contours. Instead,
we decided to use the original contour that had actually been
drawn for treatment planning purpose as the reference. Although
this is not ideal, having input from 3 to 5 independent institutions
for each anatomic area may have reduced this bias. A similar
argument applies to the clinical validation of the autocontours
because reviews of the autosegmentations were conducted by
experts from 3 to 5 institutions.

The other limitation of this study is that we did not edit
autocontours that needed minor correction and consequently could
not evaluate the similarity between the edited autocontours and the
reference contours, again because of the large amount of patient
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data sets involved in this study. In the evaluation of the atlas-based
auto segmentation on HN CT images, Teguh et al pointed out that
editing autocontours took about one-third of the time as manually
contouring the same structures (11). Time savings by auto-
contouring software of about 1 hour for HN, 40 minutes for
prostate, and 20 minutes for lung areas were recently reported by
La Macchia et al (7). We feel it is reasonable to believe that the
SPICE auto segmentation tool is more efficient than manual
contouring, although editing of some autocontours may be needed.

As discussed in a review by Jameson et al, there is no single
metric that can fully describe the similarity between 2 contours
(2). In our quantitative evaluation, we used the DSC and the
MSHD, 2 commonly used metrics that can provide us with
complementary information. All the structures evaluated in this
study had a mean DSC >0.7 except for the spinal cord and spinal
canal in the thorax region. Despite the relatively low DSC, the
MSHD for these structures were among the lowest of all structures
evaluated, and 95.6% of these autocontours were useful as is or
with minor edits. The low DSC could be caused by the elongated
shape of the spinal cord and spinal canal, and even small
mismatches in overlap can represent a relatively large percentage
of the volume. Regarding the MSHD, the largest value observed
(15.9 mm) was for the liver, while it had a DSC of 0.94 and all
scored useful as autocontoured or with minor edits. The high
MSHD could be attributed to the large volume of the liver. The
high useful rate could indicate that the relative accuracy for this
structure is not as critical as for other structures or that the
necessary edits appeared relatively easy to perform.

As demonstrated by our evaluation results, there exists a good
agreement between the SPICE autosegmented contours and the
referencecontours for amajority of structures. Furthermore, the expert
reviews indicated that the autocontours (as is or with edits) were
generally preferred over manual contouring, with the exception of the
neck nodes and optic chiasm. Substantial improvements on these 2
structures in the productweremade after this study; unfortunately, the
evaluation results were not available in time for this review. The
relatively short computation time of SPICE autocontouring is clearly
an advantage over manual contouring. For these reasons, we feel that
SPICE is an efficient and promising tool for clinical use.
Conclusions

We performed SPICE autosegmentation for the HN, thorax, liver,
and male pelvis regions, quantitatively evaluated the similarity
between the autocontours and manual contours, and validated the
autocontours by expert review. We demonstrated that using SPICE
for autocontouring was efficient and promising for clinical utility.
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