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Purpose: Many medical image analysis systems require segmentation of the structures of interest as
a first step. For scans with gross pathology, automatic segmentation methods may fail. The authors’
aim is to develop a versatile, fast, and reliable interactive system to segment anatomical structures. In
this study, this system was used for segmenting lungs in challenging thoracic computed tomography
(CT) scans.
Methods: In volumetric thoracic CT scans, the chest is segmented and divided into 3D volumes
of interest (VOIs), containing voxels with similar densities. These VOIs are automatically labeled
as either lung tissue or nonlung tissue. The automatic labeling results can be corrected using an
interactive or a supervised interactive approach. When using the supervised interactive system, the
user is shown the classification results per slice, whereupon he/she can adjust incorrect labels. The
system is retrained continuously, taking the corrections and approvals of the user into account. In this
way, the system learns to make a better distinction between lung tissue and nonlung tissue. When
using the interactive framework without supervised learning, the user corrects all incorrectly labeled
VOIs manually. Both interactive segmentation tools were tested on 32 volumetric CT scans of pigs,
mice and humans, containing pulmonary abnormalities.
Results: On average, supervised interactive lung segmentation took under 9 min of user interaction.
Algorithm computing time was 2 min on average, but can easily be reduced. On average, 2.0% of all
VOIs in a scan had to be relabeled. Lung segmentation using the interactive segmentation method took
on average 13 min and involved relabeling 3.0% of all VOIs on average. The resulting segmentations
correspond well to manual delineations of eight axial slices per scan, with an average Dice similarity
coefficient of 0.933.
Conclusions: The authors have developed two fast and reliable methods for interactive lung
segmentation in challenging chest CT images. Both systems do not require prior knowledge
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of the scans under consideration and work on a variety of scans. © 2014 American Association of
Physicists in Medicine. [http://dx.doi.org/10.1118/1.4890597]
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1. INTRODUCTION

Segmentation of anatomical structures of interest is one of the
first steps in most medical image analysis systems. A large
body of research has focused on automated segmentation.
For many organs and imaging modalities, accurate solutions
have been developed. However, fully automatic segmentation
of structures with prominent lesions is highly complex. We
have therefore developed two flexible interactive segmenta-
tion methods for three-dimensional scans, that allow the user
to quickly segment any type of structure, even if gross abnor-
malities are present. In the first method, the user corrects au-
tomatic segmentation inaccuracies one-by-one. In the second
method, the system learns the characteristics of the segmen-
tation task from the user.

In this study, we focus on lung segmentation in tho-
racic computed tomography (CT) scans. Existing auto-
matic lung segmentation strategies include supervised voxel
classification,1 atlas-based2 and model-based3 approaches. In
lungs without gross pathology, these approaches generally
work well. However, the presence of abnormalities typically
results in segmentation errors. In 2011, the LOLA11 chal-
lenge was organized to compare state-of-the-art automatic
and semiautomatic lung segmentation methods for chest CT
scans on a dataset of 55 scans, that included many diffi-
cult cases.4 For these difficult cases, all algorithms obtained
poor results. In another recent study, Meng and co-workers
collected 2768 chest CT examinations of 2292 subjects.5

These subjects suffered from a diverse set of diseases. Scans
were acquired and reconstructed using different protocols and
equipment. In all scans, lungs were automatically segmented
using a thresholding-based approach. In 121 examinations,
which corresponds to 4.4% of all cases, automatic lung seg-
mentation performed poorly. The majority of failures were
due to the presence of disease. Anatomical variations were the
second largest cause of inaccuracies. Thus, these two studies
indicate that there are scans in which even the best methods
were not able to produce accurate lung segmentations.

One reason why automatic methods may fail to produce
accurate segmentation results is the presence of large regions
of hyperdense lung tissue. This tissue has attenuation val-
ues that resemble those of the tissue surrounding the lungs.
Hence, segmentation schemes frequently classify these re-
gions incorrectly as nonlung tissue. Methods that are specif-
ically tailored to handle scans with dense lung abnormalities
have been proposed.6, 7 However, these algorithms still can-
not make the distinction between dense lung tissue and other
hyperdense abnormalities inside the thorax, such as pleural
effusions and pleural thickening. In addition, these methods
cannot be used out of the box on new datasets, for example,
on pediatric or animal scans, without constructing a new atlas
or model.

For these difficult cases, interactive methods facilitate the
generation of accurate lung segmentations. Interactive seg-
mentation methods can be based on contour-drawing or on
painting.8 In 2004, Kang et al. described a set of tools for
interactive editing of 3D automatic segmentations in medical
images.9 They developed a hole-filling tool, a point-bridging
tool, and a surface-dragging tool and used them for refine-
ment of automatic segmentation of the proximal femur in a
spiral CT dataset. Results indicated the superiority of these
tools over slice-by-slice editing methods for 3D medical data.
In 2010, McGuinness and O’Connor compared four interac-
tive segmentation algorithms: seeded region growing, inter-
active graph cuts, simple interactive object extraction, and
interactive segmentation using binary partition trees.10 The
algorithms were tested on 2D nonmedical images. Twenty
observers were asked to extract 100 objects from a dataset.
The corresponding 100 images had been divided into 4 sub-
sets and for each subset, observers had to use a different seg-
mentation algorithm to segment the selected object. Their re-
sults indicated that the interactive graph cuts algorithm and
the binary partition tree algorithm were most effective. For
3D medical data, such a comparison has not been made yet.
Top et al. described the use of active learning for interactive
segmentation of 3D images.11 In their method, segmentation
was regarded as a classification problem. In a given segmen-
tation, the plane where the classifier was least confident was
located. This plane was shown to the user, who labeled the
data on this plane and thereby provided the classifier with
new training data. Using this method, user interaction time
was reduced by 64% as compared to an approach in which
the user chose the planes that should be labeled. El-Zehiry
and co-workers proposed editing tools that use 2D contours
drawn by the user for correcting 2D or 3D segmentations.
These contours, together with the original image and the old
segmentation were used as input for an energy minimization
framework. Their system was tested on CT scans of the lungs
and liver, and on MR scans of the liver. It yielded a decrease
of the average segmentation error by 15%.12 Instead of editing
2D slices of automatic 3D brain segmentation results, Levin-
ski and co-workers proposed a method for correcting errors
in 3D.13 Their method evaluated where potential errors in the
initial segmentation are located and allowed users to inter-
actively adapt the segmentation surface. Virtual reality-based
frameworks have also been proposed for interactive medical
image segmentation.14, 15 Results were promising, but the spe-
cialized hardware necessary for this approach is a drawback
for their use in practice.

In this work, we use a different approach for interactive
segmentation of the lungs. Our approach is based on prede-
fined volumes of interest (VOIs) that are constructed to con-
tain voxels with similar density values.16 These VOIs are au-
tomatically labeled as either lung or nonlung tissue based on
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their average density. There are two ways in which observers
can interactively check and correct these initial automatic seg-
mentation results. The first is by using the developed software
in an interactive mode, in which observers are asked to rela-
bel all incorrectly labeled VOIs. The second is by using the
software in a supervised interactive mode, in which observers
correct errors in a slice-by-slice manner. After each slice, a
classifier is iteratively retrained to teach the computer the dif-
ference between lung and nonlung tissue. Slices that have not
been reviewed by the observer yet are then reclassified. We
compare the interactive mode and the supervised interactive
mode in terms of time and user interaction required to obtain
a complete lung segmentation. To show the versatility of the
methods, we used scans of human subjects with gross pathol-
ogy, but also scans of pigs from a lung transplantation model,
and micro-CT scans of mice from a chronic pulmonary in-
flammation model.

This paper is organized as follows: in Sec. 2, we discuss
the datasets used for the experiments. Section 3 describes the
two interactive segmentation methods and the experiments
that were conducted. In Sec. 4, results of the experiments are
given. These results are put into perspective in Sec. 5. Finally,
Sec. 6 describes the conclusions of this work.

2. MATERIALS

The study comprised 32 thoracic CT scans (see Table I)
from four different origins.

The first set of scans contained eight micro-CT scans of
mice with induced chronic pulmonary inflammation by sil-
ica instillation. Scans were acquired using a Micro-CAT II
scanner (Siemens Pre-Clinical Solutions, Knoxville, TN), at
80 kVp x-ray source voltage and 500 μA current. Scans were
reconstructed to isotropic voxels of 46 μm. The number of
slices per scan varied between 466 and 570.17

The second set consisted of eight scans from pigs in a
lung transplantation model. Scans were acquired on a 64-slice
Philips Brilliance scanner at 120 kVp, with slice thicknesses
ranging from 0.67–2.0 and 0.35 mm increment. In plane reso-
lution varied between 0.34 and 0.68 mm. Images were recon-
structed to 512 × 512 matrices or to 768 × 768 matrices. The
number of slices was 212–1060 per scan. For the experiments

described in this paper, all scans were resized to 512 × 512
matrices with isotropic voxels.

Eight others were scans of human tuberculosis (TB) pa-
tients, made on a Sensation Cardiac 64 scanner (Siemens
Medical Solutions, Forchheim, Germany) at 120 kVp x-ray
source voltage and 90 mA current. Images were reconstructed
to 512 × 512 matrices with 1 mm slice thickness and 0.68
× 0.68 mm in-plane resolution. Scans consisted of 280–348
slices.

The final eight were human scans from the LOLA11
challenge.4 From the entire LOLA11 dataset, the scans con-
taining the largest amount of dense abnormalities were cho-
sen. Images were acquired with several scanners using various
scanning protocols, but all were reconstructed to 512 × 512
matrices. In-plane resolution varied between 0.54 × 0.54 and
0.78 × 0.78 mm with slice spacing between 0.45 and 1.5 mm.
The number of slices per scan varied between 168 and 588.
Further details of the individual scanning procedures were not
available.

3. METHODS

This section describes the two schemes for interactive seg-
mentation considered in this work. A schematic overview is
given in Fig. 1. Both schemes rely on a subdivision of the scan
under consideration into VOIs. These VOIs are automatically
labeled as either lung tissue or nonlung tissue, based on their
average density. In the first scheme, to which we will refer as
“interactive segmentation,” the user corrects the labels of all
VOIs that are incorrectly labeled in the initial automatic seg-
mentation step. In the second scheme, to which we will refer
as “supervised interactive segmentation,” the user is shown
the automatic labeling results for one axial slice. He/she then
adjusts all incorrect labels. The system is retrained continu-
ously, taking the corrections and approvals of the user into ac-
count. In this way, the system learns to make a better distinc-
tion between lung tissue and nonlung tissue. Note that both
methods are generic and could be used for many segmentation
tasks, but in the description below some particularities were
implemented to address the lung CT segmentation task. Sub-
sections 3.A–3.H will discuss the different steps of both seg-
mentation methods and the experiments that were conducted
in detail.

TABLE I. Overview of the datasets used in the lung segmentation experiments. In the pig and LOLA11 scans, in plane resolutions and slice thicknesses varied
among subjects. For these scans, the range is given.

In plane Slice Range of
Dataset Type of Number resolution thickness number
name Images from scan of scans (mm) (mm) of slices

Mice Murine chronic pulmonary Micro-CT 8 0.046 0.046 466–570
inflammation model

Pigs Porcine lung Volumetric CT 8 0.34–0.68 0.67–2.0 212–1060
transplantation model

TB Tuberculosis patients Volumetric CT 8 0.68 1.0 280–348
LOLA11 Lung segmentation Volumetric CT 8 0.54–0.78 0.45–1.5 168–588

challenge
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FIG. 1. Flowcharts of the processes of interactive segmentation (a) and supervised interactive segmentation (b).

3.A. Thorax segmentation

For all scans, the thorax was automatically segmented with
a simple algorithm. First, the FOV was determined. Starting
from the corners of the image, the percentage of voxels with
the same value was calculated for each line of voxels in the
z-direction. If the percentage was smaller than 90%, the line
of voxels is considered to be inside the FOV. If this percent-
age was at least 90%, the line of voxels is ruled to be outside
the FOV and its eight-connected neighbors were inspected.
Second, the chest was segmented by taking each axial slice
and thresholding it at −200 Hounsfield units (HU). In the
mask containing all voxels above this threshold, connected
component labeling using four-connected neighbors was per-
formed and the largest component was kept. This corresponds
roughly to the tissues outside the lungs. Hole filling was ap-
plied to this largest component to find all voxels belonging to
the chest, including the lungs.

3.B. VOI calculation

Each chest segmentation was subdivided into roughly
spherical VOIs, containing voxels with similar density values,
according to a scheme that we have described previously.16

To this end, the original scans were downsized to 256 × 256
matrices with isotropic voxels, and afterwards blurred using
a Gaussian kernel with σ = 1 voxel. In the down-sampled
scans, local minima and maxima within the chest segmenta-
tion were selected as seeds for growing the VOIs. A minimum
distance between the seeds, indicated in Table II, was cho-
sen to limit the number of VOIs that were formed. Since the
datasets contained scans from different subject populations

that were acquired with different scanners and protocols, an
appropriate minimum distance was chosen for each dataset.
The distance parameter represents a trade-off between seg-
mentation effort and segmentation accuracy. A lower distance
leads to more and smaller VOIs and therefore to more user
effort in the segmentation task. A higher value leads to larger
VOIs, and hence a higher probability of more than one texture
appearing in one VOI. This results in less precise segmenta-
tions. To each VOI seed, all voxels inside the chest segmenta-
tion within a radius of 1

3 × the minimum seed distance were
added to form the initial VOI. For all six-connected neighbor-
ing voxels of all initial VOIs, a dissimilarity score was cal-
culated, indicating the difference between the voxel and its
neighboring VOI. This dissimilarity score was based on the
difference between the voxel density value and the average
density of the initial VOI, and on the distance from the voxel
to the seed of the VOI as given by

D = |(Hv − H )| + Cd2, (1)

where Hv denotes the density of the voxel in HU, H is the
average density value in HU in the initial VOI, and d is
the distance in mm from the voxel to the seed of the VOI.

TABLE II. Overview of the parameters for VOI creation for each dataset.

Minimum seed Relative weight Number of VOIs
Dataset name distance (mm) [C in Eq. (1)] [average (range)]

Mice 0.75 100 9516:(7654–11227)
Pigs 4 20 13690:(9361–18328)
TB 6 3 10417:(7417–12106)
LOLA11 10 3 12815:(8687–18362)
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The constant C denotes the relative weight assigned to the ab-
solute difference in distance. A smaller C puts more emphasis
on the difference in density, which leads to a more homoge-
neous density distribution and a more irregular shape of the
VOI. A larger C results in compact VOIs with more spread
in density values. In this study, we chose values for C which
yielded roughly spherical VOIs, as assessed by visual inspec-
tion. The chosen values for this relative weight C are given
in Table II. All voxels neighboring the growing VOIs were
kept in a sorted list L. Since all VOIs were grown simulta-
neously, this list contained all unassigned voxels neighbor-
ing at least one growing VOI. The construction of VOIs was
therefore a competitive process. We assumed that the voxel
with the lowest dissimilarity score was most likely to belong
to its adjacent VOI. Therefore, it was added to the VOI and
removed from L. For all voxels neighboring this newly added
voxel which had not been assigned to a VOI already, and for
which the voxel/VOI combinations were not contained in L,
dissimilarity scores were calculated. These neighboring vox-
els were added to L. Again, the voxel with the lowest dissim-
ilarity score was added to its adjacent VOI and new voxels
were added to L if necessary. This process was repeated until
all voxels in the chest segmentation were assigned to a VOI.
The image containing the VOIs was resized to the original
scan size and the borders of the VOIs were slightly smoothed
afterwards. This was done by taking the most common label
in a 3 × 3 × 3 neighborhood for each voxel in the resized im-
age. Please note that in Eq. (1), only differences in intensity
are taken into account, whereas a texture criterion is absent.
However, results from our previous study indicate that this
current method yields VOIs with homogeneous textures.16

3.C. Automatic labeling

In both segmentation protocols, VOIs were initially labeled
as lung tissue or other tissue based on their average density in
the original scan. VOIs with an average density below or equal
to −500 HU were labeled as lung tissue, the rest as outside
the lungs. This provided a reasonable starting point for both
interactive lung segmentation protocols.

3.D. Features and classifier

In the supervised interactive protocol, a k-nearest neighbor
(kNN) classifier18 with k = 7 was retrained iteratively to learn
the characteristics of the segmentation task from the user. For
each VOI, 72 features were calculated. Each scan was filtered
using Gaussian, Laplacian and gradient magnitude filters and
the three eigenvalues of the Hessian19 at three scales (σ = 1,
2, and 4 voxels), yielding 18 filtered images. For each VOI in
each filtered image, the average, standard deviation, skew, and
kurtosis of the voxel values were calculated. Note that these
features are rotationally invariant, as the textures that need to
be classified do not have a specific orientation. Features were
normalized before classification.

3.E. Supervised interactive segmentation

In the supervised interactive protocol, the user was shown
an axial slice with VOI labels, as determined by the initial
VOI labeling step. Labels were shown as a semitransparent
overlay, with different colors for lung and nonlung tissue. As
can be seen in Fig. 2, labels were shown for all voxels in all
VOIs intersecting with this slice. The user was asked to in-
spect 3D VOIs spanning several axial slices at once, which

FIG. 2. Screenshot of the segmentation environment in supervised interactive mode. Several slices have been classified by the system and corrected by the user.
The axial, coronal, and sagittal images on the right hand side show the 3D orientation of the slice in the main window.
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made this approach faster than the examination of each indi-
vidual axial slice. VOIs in the remainder of the scan were not
covered by the overlay and were referred to as “unassigned.”
The user corrected all errors made in the labeled slice by using
the computer mouse. To each mouse button, one tissue class
(lung or nonlung) could be assigned. By clicking on a voxel
in the axial slice, the underlying VOI was assigned the label
corresponding to the mouse button that was used. Upon drag-
ging, all encountered VOIs received the label that had been
assigned to the pressed mouse button. If the user was satisfied
with the segmentation, all VOIs intersecting with the slice un-
der consideration were assumed to have a correct label.

All assigned VOIs were used as training data for reclassi-
fication of the unassigned VOIs. After classification, a second
axial slice was chosen. Again, the user corrected all errors.
The VOIs intersecting with this slice were added to the train-
ing data. The classifier was retrained and all unassigned VOIs
were reclassified. Slices were chosen in such an order to sam-
ple the scan at different levels, as can be seen in the coronal
and sagittal views in Fig. 2. To this end, the scan was divided
into nine parts, each containing an equal number of axial
slices in the z-direction. Each time, a different part of the scan
was visited and neighboring parts were not visited consecu-
tively. From the selected part, the axial slice with the largest
number of unassigned voxels was chosen for classification.

The process of classification and correction continued un-
til the labels of at least 95% of all voxels were approved by
the observer or until the observer terminated the slice-by-slice
process, typically because he/she believed the results were al-
most correct. The remainder of the scan was then classified
and the completely segmented scan was shown. The observer
could scroll through the scan in any direction, make the final
corrections, and save the resulting lung segmentation.

3.F. Interactive segmentation

In the nonsupervised interactive protocol, the user was
shown the entire scan with automatically generated labels for
all VOIs. He/she had to correct all errors in the entire scan, by
clicking and dragging in the same fashion as in the interactive
protocol.

3.G. Reference standard

To evaluate the accuracy of the segmentation results,
we used manual delineations of eight axial slices of each
scan.1, 20–22 Four of these slices were selected by the first au-
thor. In these slices, lung segmentation was challenging, typi-
cally because of the presence of dense or other abnormalities.
The other four were chosen at 1

5 th, 2
5 th, 3

5 th, and 4
5 th of the to-

tal height of the lungs, in order to sample them at different lev-
els. Ground truth segmentations for the LOLA11, TB, and pig
scans were made by the first author and checked by a thoracic
radiologist. For the mice scans, reference lung segmentations
were provided by Artaechevarria et al.23 These segmentations
were made using the interactive tools of AMIRA.24 In the
slices selected for evaluation, the interactive segmentations
were further refined by the first author and checked by a tho-
racic radiologist.

TABLE III. Average number of days elapsed between two segmentations of
the same scan by observer A and B.

Dataset name Observer A Observer B

Mice 5 3
Pigs 2 3
TB 5 5
LOLA11 8 4
Total 5 4

3.H. Experiments

For the experiments, we used the segmentation environ-
ment shown in Fig. 2. In all scans, lungs were segmented
by observer A and observer B independently. Both observers
were medical students, who were trained for this task. Each
observer segmented each scan twice in two different sessions:
once using the interactive segmentation mode and once us-
ing the supervised interactive segmentation mode. For half
of the scans, users were instructed to first follow the in-
teractive protocol, for the other half, they first had to fol-
low the supervised interactive protocol. The order in which
scans were segmented was random and different for both ses-
sions. Interactive and supervised interactive segmentation of
the same scan took place on different days. As can be seen in
Table III, for observer A on average 5 days passed between
the segmentation of the same scan with the different proto-
cols. For observer B, this was 4 days on average.

The primary outcome measure of this research is the user
effort required for lung segmentation. User effort was mea-
sured in two ways: by the time it took to get to a complete
lung segmentation and by the number of times that a user
changed a VOI label during segmentation. Both metrics were
recorded automatically by the software. In addition, we as-
sessed segmentation accuracy, interobserver agreement, and
intraobserver agreement. To evaluate accuracy, we compared
all segmentations to manual delineations of eight axial slices
in each scan. Interobserver agreement was estimated by com-
paring the segmentation results of the two observers in these
same eight slices of each scan, both for the interactive and the
supervised interactive protocol. Intraobserver agreement was
estimated by comparing the interactive and the supervised in-
teractive segmentation results of each observer, again in these
eight reference slices . As an evaluation measure, we used the
Dice similarity coefficient (DSC),

DSC = 2 |A ∩ B|
|A| + |B| , (2)

where A denotes the set of voxels in the first segmentation
and B the set of voxels in the second segmentation.

4. RESULTS

4.A. Segmentation effort

The average number of VOIs and their ranges per dataset
are given in Table II.

Medical Physics, Vol. 41, No. 8, August 2014
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FIG. 3. (Left) bar charts of the number of label changes per dataset (a) and of the segmentation time in seconds (c) in the interactive protocol and the supervised
interactive protocol. In each bar, values are averaged over both observers and over all cases per dataset. The whiskers indicate the standard deviations. In (c),
separate bars display the total segmentation times and the user interaction times for the supervised interactive protocol. (Right) scatter plots of the number of
label changes (b) and of the user time (d) required for interactive (horizontal) versus supervised interactive (vertical) segmentation. Each data point represents
one scan segmented by one observer. (d) For the supervised interactive protocol, user time is displayed.

In Fig. 3(a), the number of label changes by the user are
given for both segmentation protocols. Values are averaged
over both observers and over all scans per dataset. Interactive
segmentation required on average more label changes than su-
pervised interactive segmentation, for all datasets. Standard
deviations, as indicated by the whiskers, are high, since the
number of VOIs needing relabeling varied per scan within
a dataset. They are lower for the supervised interactive than
for the interactive protocol. Table IV gives a more detailed
overview of the number of label changes necessary for a com-
plete segmentation. On average, interactive segmentation re-

quired 332 label changes, which corresponds to relabeling
3.0% of all VOIs. Scans from the LOLA11 challenge required
the smallest percentage of changes: 2.2% or 259 VOIs and the
mouse scans needed the most changes: 4.0%, corresponding
to 371 VOIs. Segmentation of the two most normal scans in
both the LOLA11 and TB database required on average rela-
beling of 0.5% of the VOIs. Supervised interactive segmen-
tation took on average 227 label changes, which corresponds
to relabeling 2.0% of the VOIs in a scan. This is a decrease
of labeling effort of 32% as compared to the interactive seg-
mentation protocol. The benefits of the supervised interactive

Medical Physics, Vol. 41, No. 8, August 2014
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TABLE IV. Label changes per dataset, averaged over all cases in a dataset and over both observers. The percentage label changes in the columns labeled
“Interactive” and “Supervised interactive” are the absolute numbers of label changes divided by the average number of VOIs per scan, multiplied by 100. The
absolute gain is calculated as the number of label changes in the interactive protocol minus those in the supervised interactive protocol. The percentage gain is
the absolute gain divided by the number of changes in the interactive protocol, multiplied by 100. SD = standard deviation; abs = absolute; * indicates that this
difference is significant (p < 0.05; paired t-test).

Dataset Average number
Interactive Supervised interactive Gain

name of VOIs abs (SD) % (SD) abs (SD) % (SD) abs %

Mice 9516 371 (211) 4.0 (2.2) 171 (35) 1.8% (0.3) 200 * 54
Pigs 13690 406 (156) 3.2(1.6) 313 (119) 2.3% (0.8) 93 23
TB 10417 292 (257) 2.7(2.1) 226 (93) 2.2% (0.9) 67 23
LOLA11 12815 259 (257) 2.2(2.4) 197 (106) 1.6% (0.6) 61 24
Total 11609 332 (226) 3.0 (2.1) 227 (106) 2.0% (0.7) 105 * 32

system are largest in the mouse scans: the supervised interac-
tive protocol required on average 171 label changes, which is
a decrease of 54% as compared with the interactive protocol.
This difference is significant (p < 0.05; paired t-test), as is the
difference between the number of label changes in the inter-
active and the supervised interactive protocol for all datasets
taken together.

Figure 3(b) shows a scatter plot indicating the num-
ber of label changes necessary to get to a complete lung
segmentation in the supervised interactive (vertical) and the
interactive (horizontal) protocol. Each data point corresponds
to one scan, segmented by one observer. Most data points
are located below the diagonal identity line, which means
that for these cases, supervised interactive segmentation re-
quired fewer label changes than interactive segmentation. For
the cases which are above the line, the opposite holds. Here,
manual correction of all VOI labels required less user interac-
tion than using an iteratively retrained classifier. For scans that
require higher numbers of label changes when using the inter-
active method, supervised interactive segmentation offered a
larger reduction in label changes. The cases in which the use
of the supervised interactive system caused an increase in the
number of label changes were also the cases which required a
lower number of manual corrections. In other words, these are
the cases in which the automatic labeling was already quite
accurate. Thus the supervised interactive system offered most
benefit for the more difficult cases.

Abnormalities in the lungs are expected to be an important
reason for the initial threshold-based labeling method to fail.
We calculated the percentage mislabeled lung VOIs by count-
ing the number of VOIs incorrectly labeled as non-lung in the
initial labeling step and dividing it by the number of VOIs
categorized as lung in the ground truth segmentation. The re-
sults, averaged over all scans per dataset, both observers and
both segmentation protocols, are displayed in Table V. Most
errors were made in the initial segmentations of mouse and
pig scans, where over 10% of all VOIs categorized as lung in
the reference segmentations were incorrectly labeled as non-
lung. The initial segmentation method worked better for the
TB and LOLA11 scans. In contrast, VOIs that were located
outside the lungs according to the ground truth segmentation
were less likely to receive an incorrect label from the initial
segmentation method.

Figure 3(c) shows the time in seconds needed to segment
the lungs using the interactive and the supervised interactive
protocol. Times presented are averaged over both observers
and all scans per dataset. For the supervised interactive pro-
tocol, the total time (including waiting time), and user inter-
action time are displayed in separate bars. On average, inter-
active segmentation took longer than supervised interactive
segmentation. Standard deviations, indicated by whiskers, are
lower for the supervised interactive than for the interactive
protocol. Table VI shows the times needed for segmenta-
tion in more detail. Interactive segmentation took on average
786 s, with a minimum of 693 s for LOLA11 scans and a max-
imum of 889 s for the TB scans. The time during which the
user had to interact with the supervised system was 526 s, with
a range from 426 s for the LOLA11 scans to 617 s for the pig
scans. Time gained by using the supervised interactive sys-
tem ranged from 22% for the pig scans to 39% for the mouse
model and LOLA11 datasets. The time gain for the mouse
scans was significant for both observers, as was the time
gain averaged over all datasets. In the interactive segmenta-
tion protocol, waiting time was negligible. In the supervised
interactive protocol, the user had to wait on average 137 s.
This waiting time could easily be reduced by optimizing the
software, for example, by using a multithreaded implementa-
tion. If waiting time is also included in the analysis, a time
gain of on average 16% was achieved.

Figure 3(d) shows a scatter plot of supervised interactive
segmentation time, without waiting time, (vertical) versus in-
teractive (horizontal) segmentation time. Similar to Fig. 3(b),
supervised interactive segmentation required less time than
interactive segmentation. For scans which took long in the

TABLE V. Percentages of VOIs that were incorrectly labeled as nonlung by
the initial threshold-based labeling step per dataset. Results were averaged
over all scans per dataset, both observers and both segmentation protocols.

Dataset name Percentage (% )

Mice 12
Pigs 11
TB 4
LOLA11 5
Total 7
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TABLE VI. Segmentation times per dataset (in seconds), averaged over all cases in a dataset and over both observers. Total segmentation time can be split into
user time and waiting time. User time is defined as the time that the user interacted with the segmentation software. Waiting time is the time during which the
user had to wait for processing steps of the system to be finished. In the interactive segmentation protocol, waiting time was negligible and was therefore left out
of the table. The column titled “User time gain abs” displays the difference in user time for the interactive and the supervised interactive segmentation protocol.
The column titled “Total time gain abs” displays the difference in user time for the interactive and total time for the supervised interactive segmentation protocol.
The percentage time gain is the absolute time gain divided by the interactive segmentation time. SD = standard deviation; abs = absolute; * indicates that this
gain is significant (p < 0.05; paired t-test) for both observers.

Dataset Interactive
Supervised interactive User time gain Total time gain

name User time (SD) User time (SD) Total time (SD) abs % abs %

Mice 770 (272) 469 (104) 568 (115) 300 * 39 202 26
Pigs 794 (275) 617 (160) 775 (184) 177 22 21 2
TB 889 (581) 593 (173) 724 (214) 295 33 166 19
LOLA11 693 (473) 426 (83) 588 (94) 267 39 105 15
Total 786 (417) 526 (155) 664 (179) 260 * 33 124 16

interactive segmentation protocol, supervised interactive seg-
mentation offered a larger reduction in segmentation time.

4.B. Segmentation accuracy

Table VII shows the DSC calculated for the segmentations
made by the two observers and the manual delineations of
eight difficult axial slices in each scan. Results were aver-
aged over all reference slices in all scans in each dataset. The
bottom row displays the average DSC over all datasets. Over-
all, the DSC ranged between 0.902 and 0.952, which indicates
a good correspondence between the manual delineations and
the segmentations that were made using our interactive soft-
ware. DSCs were comparable for both protocols. The differ-
ence in DSC between both segmentation protocols for the TB
dataset as segmented by observer A was statistically signifi-
cant (p < 0.05; paired t-test). All other differences were not
statistically significant.

In Table VIII, interobserver and intraobserver agreements
are given. Interobserver agreement was assessed by calculat-
ing the DSC of the results of observer A and observer B when
using the interactive protocol (in the column named “A versus
B interactive”) and using the supervised interactive protocol
(in the column labeled “A versus B supervised interactive”).
The DSCs were calculated over the same eight slices per scan
that were also used to evaluate the accuracy of segmentation.
The DSC averaged over all datasets was comparable for both
protocols, with values of 0.978 for the interactive and 0.983

for the supervised interactive approach. The range in DSCs
for the individual datasets is small.

Intraobserver agreement was evaluated by calculating the
DSC of the segmentations made using the interactive and
of those made using the supervised interactive segmentation
method, both for observer A (in the column labeled “inter-
active versus supervised interactive A”) and for observer B
(in the column labeled “interactive versus supervised inter-
active B”). The average DSC over all datasets was 0.983 for
observer A and 0.986 for observer B. The spread in DSCs for
the different datasets is small.

5. DISCUSSION

We have presented two interactive segmentation frame-
works, one supervised and the other nonsupervised, which
can be used for a variety of complex segmentation tasks. We
have demonstrated the usefulness of both frameworks to seg-
ment lungs in four datasets for which an established auto-
matic solution was not available. This is the case for scans
containing large abnormalities or for those of animal models.
Building an automatic system is labor-intensive and as long
as the number of scans to be processed is relatively low, us-
ing a versatile interactive segmentation system is an attractive
alternative.

With the supervised interactive segmentation protocol we
presented, lungs could be segmented in 11 min on aver-
age, by relabeling 2.0% of all VOIs. Of these 11 min, users

TABLE VII. Dice similarity coefficients indicating the agreement between the segmentations made by the ob-
servers and the reference standard per dataset, per observer, and per segmentation protocol. Results are averaged
over all eight slices per scan for which manual delineations were made and over all scans in the dataset.

Dataset
Observer A Observer B

Name Interactive Supervised interactive Interactive Supervised interactive

Mice 0.937 0.933 0.939 0.938
Pigs 0.904 0.902 0.909 0.908
TB 0.932 0.937 0.952 0.950
LOLA11 0.948 0.947 0.948 0.947
Total 0.930 0.929 0.937 0.936
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TABLE VIII. Dice similarity coefficients indicating interobserver and intraobserver agreement, calculated over
the eight reference slices. DSC was averaged over all scans in a dataset. The row labeled “total” displays the DSC
averaged over all datasets. Interobserver agreement was estimated by calculating the DSC of the segmentations of
observer A and observer B, both for the interactive protocol (column labeled “A versus B interactive”) and for the
supervised interactive protocol (column labeled “A versus B supervised interactive”). Intraobserver agreement
was assessed by calculating the DSC of the resulting segmentations of the interactive and those of the supervised
interactive segmentation method, for observer A (“interactive versus supervised interactive A”) and for observer
B (“interactive versus supervised interactive B”).

Interactive versus

Dataset
A versus B supervised interactive

Name Interactive Supervised interactive A B

Mice 0.979 0.982 0.979 0.985
Pigs 0.970 0.978 0.974 0.978
TB 0.972 0.978 0.985 0.984
LOLA11 0.992 0.993 0.993 0.995
Total 0.978 0.983 0.983 0.986

needed to wait 2 min for the computer to finish calcula-
tions. When using a multithreaded implementation, this wait-
ing time can be reduced by a factor equal to the number of
processing cores. In the interactive protocol, correcting all
errors in the automatic segmentation manually took 13 min
on average, for relabeling 3.0% of all VOIs. For compari-
son: manual delineation of the lungs in one axial slice takes
approximately 1 min. This means that for a typical scan, in
which around 400 slices contain lung tissue, 13 h of manual
segmentation would be needed.25 This process can be sped up
by using interpolation methods to reduce the number of slices
that are delineated. However, we could not estimate from lit-
erature how much time can be saved in this way. In addition,
the use of interpolation methods is usually at the expense of
accuracy.

We compared the segmentation results to manual delin-
eations of eight slices in each scan. Example segmentations
for each dataset, as made by both observers using both proto-
cols, are displayed in Fig. 4. The lung segmentations obtained
by both methods showed a good correspondence to these
manual delineations with a DSC varying between 0.902 and
0.952. Intraobserver and interobserver correspondence as esti-
mated by the DSC were higher, on average 0.982. The higher
DSCs in Table VIII (interobserver and intraobserver agree-
ment) as compared to Table VII (segmentation accuracy) may
have two causes: lung borders are not followed accurately by
the VOI borders or both observers did agree with themselves
and with each other, but not with the reference standard. Ab-
normal dense areas around the lung borders may be caused
by a variety of processes, both inside and outside the lungs,
which makes interpretation of these areas nontrivial. These
subjective judgments can cause large interobserver variabil-
ity, but are unrelated to the choice for a particular segmenta-
tion tool. Figure 4 shows an axial slice of one scan per dataset.
Row (b) displays the manual delineations of the lungs, which
were checked by a radiologist. As can be seen in rows (c), (d),
(e), and (f) for the LOLA11 slice, which are the segmentation
results of the observers, both did not agree with the radiolo-
gist on the exact location of the lung boundaries. We therefore

conclude that at least part of the difference between the DSCs
for agreement with the manual delineations and the DSCs in-
dicating inter- and intraobserver agreement are due to the fact
that the observers in our experiments did not agree with the
radiologist on the exact location of the lung borders. Simi-
larly, the example segmentations of the axial pig slice show
that accurate segmentation of abnormalities is possible with
the proposed segmentation method [in row (e)], but that the
final segmentation result is guided by the subjective criteria
of the observer. Therefore, we conclude that the subdivision
of a scan in VOIs is accurate, in the sense that the resulting
VOIs follow the lung borders.

These results indicate that our system offers a fast and ac-
curate way to perform lung segmentations in the absence of
a satisfying automatic solution. Especially for difficult cases,
the supervised interactive system offers large benefits. In eas-
ier cases, manually correcting the errors in the automatic seg-
mentation is faster and requires less user interaction. In the
supervised interactive protocol, the initial automatic segmen-
tation is only used for labeling of the first axial slice that is
shown to the user. In the following slices, classification re-
sults of a kNN classifier are shown. This classifier needs to be
trained and becomes more accurate when more training sam-
ples are added, i.e., when the user has inspected more axial
slices. As a result, in the first slices, the classifier is less accu-
rate than the automatic segmentation method. We think that
in more difficult scans, this initial disadvantage of the kNN
classification method is compensated by better results in later
slices. In easier cases, this disadvantage of having to train the
kNN classifier has a negative effect on the final number of
labels that have to be changed. When using the interactive
approach, the observer is not limited to the slice-by-slice pro-
cessing that is used in the supervised interactive setup, but
he/she can freely scroll through the scan in all directions. The
advantages of both systems could be combined in a system in
which users could first view the automatically obtained seg-
mentation results and then decide on a per case basis whether
they want to use the supervised interactive or the interac-
tive approach. This choice was not offered in the experiments
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FIG. 4. Examples of the different segmentation results in an axial slice from one CT scan per dataset. Segmentations are displayed as semitransparent overlays.
Row (a) axial slice without any overlays. Row (b) manual delineations of both lungs as verified by a radiologist. Row (c) segmentation by observer A using
the supervised interactive segmentation approach. Row (d) segmentation by observer A using the interactive segmentation approach. Row (e) segmentation by
observer B using the supervised interactive segmentation approach. Row (f) segmentation by observer B using the interactive segmentation approach.
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described in this paper, but it may further reduce the user ef-
fort needed to segment a set of scans.

The described methods yield adequate segmentations for
all four datasets, but the degree to which the supervised inter-
active method required less user effort as compared with the
interactive method differed. The difference in label changes
between both modes was largest for the mouse scans. For the
other three datasets, the decrease in label changes between
the interactive and the supervised interactive protocol was
smaller. This can be explained by the fact that the mouse scans
were made using a micro-CT scanner. They contain more
noise and therefore, the initial automatic labeling was less ac-
curate. Here, using the supervised interactive mode caused a
large decrease in both time and label changes the user had to
invest to segment the lungs.

The described framework is highly versatile, offering pos-
sibilities for segmentation of other structures as well as possi-
bilities for incorporating techniques that further improve seg-
mentation ease and accuracy. Any structure which can be sub-
divided into roughly spherical VOIs would be amenable to
segmentation by our approach. If a structure is thin and elon-
gated, adaptations to the algorithm for VOI creation might be
made by changing the value of C in Eq. (1). Other tasks for
which this interactive system can be used are segmentation
of the liver or brain structures in humans. The fact that the
system can already be used for mouse and pig scans indicates
that segmentation of structures in other animals is also feasi-
ble. The approach we describe can also be used for other tasks
than segmentation, such as interactive texture analysis in dis-
eased lungs.16 Future work will focus on this application.

The framework as presented in the current manuscript suf-
fers from a number of limitations. We propose three possi-
ble adaptations to further improve segmentation accuracy and
user-friendliness.

First, segmentation ease and accuracy can be improved by
adapting the procedure by which the VOIs are constructed.
In previous experiments, we have used the algorithm for VOI
construction to distinguish different types of abnormal tex-
tures in the lungs of patients with interstitial lung disease.
Two radiologists independently used the software to anno-
tate all VOIs within the lungs. To assess the homogeneity of
the VOIs, both were also asked to label VOIs that contained
more than one type of texture. One observer labeled 1.2% of
all VOIs as heterogeneous, the other none. Nevertheless, the
method we used for calculating the VOIs is not always able
to exactly follow the borders of the structures that need to be
segmented.

The first possible problem is the creation of the initial VOIs
by adding all voxels in a sphere with a certain diameter from
the VOI seed. If the seed is close to or even on an edge of a
structure, the initial VOI will automatically contain two types
of tissue and the resulting segmentation will not be precise at
this region. This can be counteracted by constructing smaller
VOIs or by allowing users to split VOIs if necessary, but both
solutions would lead to more user interaction. A second prob-
lem arises when growing the VOIs by adding neighboring
voxels. One term in Eq. (1) is the distance from a neighbor-
ing voxel to the seed of the VOI. The constant C in front of

this term can be optimized to force VOIs to be more or less
spherical. This makes the shape of the VOIs more predictable
for the user, but it is also more likely that tissue borders are
not exactly followed. The other element that is currently in-
cluded in Eq. (1) is density. In certain applications, texture
might be an additional criterion for calculating the dissimilar-
ity between a voxel and its neighboring VOI. However, tex-
ture cannot be calculated for one voxel, so a workaround is
needed; for example calculating how texture features of the
growing VOI would change if that specific voxel was added.
The downside of this approach is that it would involve more
complicated calculations, leading to increased computation
time.

Second, the proposed interactive segmentation frameworks
can be improved by training them on the results of previ-
ous segmentation sessions. In contrast with most interactive
segmentation methods, one of our segmentation methods is
supervised. During a segmentation session, it progressively
learns how to segment the structure of interest from the user.
In practice, the user often needs to segment a number of scans
for a particular experiment. Results from previous interactive
segmentation sessions can be used as training data for the ini-
tial automatic VOI-based segmentation, replacing the rather
crude procedure based on thresholding that was used in this
study. Increasing amounts of training data will lead to a better
initial segmentation and therefore reduce the amount of user
interaction necessary.

Third, improvement of the classification results could be
achieved by changing the classifier and feature set used in the
supervised interactive segmentation method. In this paper, a
simple classifier was used.26 More advanced classifiers, fea-
ture sets and feature selection methods can easily be plugged
into this framework and lead to an improved system that needs
less training data to perform well.

6. CONCLUSIONS

We have presented two versatile interactive systems for
segmenting lungs in human and animal scans, for which a
proven automatic segmentation method does not exist. The
presented systems offer a fast way to accurately segment
lungs. These segmentation methods can easily be adapted for
other medical segmentation tasks.
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