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Toward Automated Segmentation of the
Pathological Lung in CT

Ingrid Sluimer*, Mathias Prokop, and Bram van Ginneken

Abstract—Conventional methods of lung segmentation rely on
a large gray value contrast between lung fields and surrounding
tissues. These methods fail on scans with lungs that contain dense
pathologies, and such scans occur frequently in clinical practice.
We propose a segmentation-by-registration scheme in which a
scan with normal lungs is elastically registered to a scan containing
pathology. When the resulting transformation is applied to a mask
of the normal lungs, a segmentation is found for the pathological
lungs. As a mask of the normal lungs, a probabilistic segmen-
tation built up out of the segmentations of 15 registered normal
scans is used. To refine the segmentation, voxel classification is
applied to a certain volume around the borders of the transformed
probabilistic mask. Performance of this scheme is compared to
that of three other algorithms: a conventional, a user-interactive
and a voxel classification method. The algorithms are tested on
10 three-dimensional thin-slice computed tomography volumes
containing high-density pathology. The resulting segmentations
are evaluated by comparing them to manual segmentations in
terms of volumetric overlap and border positioning measures.
The conventional and user-interactive methods that start off
with thresholding techniques fail to segment the pathologies and
are outperformed by both voxel classification and the refined
segmentation-by-registration. The refined registration scheme
enjoys the additional benefit that it does not require pathological
(hand-segmented) training data.

Index Terms—Atlas-based registration, classification, lung, mul-
tislice CT, segmentation.

I. INTRODUCTION

ACCURATE segmentation is a prerequisite for many image
processing algorithms. We consider segmentation of the

lung fields from high-resolution computed tomography (CT)
scans that contain pathology. Our interest in this application lies
in the broader context of the development of computer aided
diagnosis (CAD) systems to detect the presence of pulmonary
disease and/or quantify its progress. Conventional methods
that perform lung segmentation in CT rely on a large contrast
in Hounsfield units between the lung and surrounding tissues.
However, this condition is not met in many scans showing
pathology, which form a substantial part of the scans encoun-
tered in clinical practice.
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CAD applications for CT are receiving increased interest as
the data output of scanners steadily increases and large trials
of CT screening for lung cancer are under way. Applications in-
clude the detection and quantification of emphysema [1], [2], the
detection [3]–[5] and/or characterization [6], [7] of lung cancer
nodules, and the detection and quantification of interstitial dis-
ease [8]–[10].

If any of these CAD systems is to perform its duties unsuper-
vised, it should be able to handle or correctly recognize scans
that contain every type of pathology. Volumes of interest con-
taining abnormalities could be subjected to further analysis or
labeled as being problematic. Obviously, for either course of
action, it is vital that those abnormal regions are included in
the analysis to begin with. Surprisingly however, many CAD
systems utilize segmentation algorithms designed to accurately
segment normal, rather than pathological lungs. This can have
serious consequences for overall performance. For example, it is
possible that a CAD application detecting potential lung cancer
nodules fails to inspect areas in the lung affected by interstitial
disease because these areas are missed in the initial segmenta-
tion step.

Normal lungs show up as dark regions in CT scans. This
means that they can be segmented using thresholding. What we
will call “conventional methods” to segment the lung fields are
methods that rely on this contrast in attenuation between the
lung parenchyma and the surrounding tissues to identify the
borders between them (see [11]–[13] and references therein).
In the work of Kemerink et al. [12], 10 emphysematous and 10
normal pairs of lungs are segmented using a manually corrected
border-tracing algorithm that works on two-dimensional CT
slices. Brown et al. [11] make use of three-dimensional (3-D)
regiongrowing and morphological operations that are integrated
with expert anatomical knowledge in a higher-level set of
semantics. Their method is fully automatic and tested on several
CT scans containing lung nodules. We take the more recent work
of Hu et al. [13] as representative of the conventional region-
based methods that make use of thresholding, regiongrowing
and component labeling, and morphological processing. Their
automatic segmentation works on 3-D CT volumes and is
tested on data sets of 8 normal subjects that were scanned
three times at biweekly intervals.

When gray values alone are no longer sufficient to discrimi-
nate lung from nonlung areas, the use of a shape model could
be beneficial. However, the creation of a 3-D shape model
of the lung is not a trivial issue. Statistical shape models to
be used in segmentation, such as the active shape model by
Cootes and Taylor [14], typically require large amounts of
appropriate training data, as well as the identification of sets of
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TABLE I
DATA DESCRIPTION

corresponding points. In the absence of such a model, a valid
lung shape can be induced by matching one lung scan to the
other. Segmentation and label information from a so called atlas
can be carried over to any scan using registration. Atlas-based
segmentation has been used on the normal and the pathological
brain [15], [16] and the heart [17], and recently also on organs in
the abdomen [18] and lungs [19], [20]. We apply this technique
as part of our scheme to segment pathological lungs. After the
initial atlas-based segmentation, we apply a refinement step
in which voxel classification is performed on a certain border
volume to locate the exact lung borders more accurately.

We chose a challenging data set of 10 scans that are difficult to
segment by conventional methods to demonstrate the strengths
and weaknesses of the proposed segmentation approach. These
scans contain high density pathologies in varying degrees of
severity. They are used to test the performance of four seg-
mentation methods: 1) the refined segmentation-by-registration
scheme; 2) a conventional lung field segmentation based on
thresholding and morphological techniques; 3) a conventional
segmentation employing user interaction; and 4) a voxel clas-
sification method. We use manual segmentations as a reference
standard and performance of the algorithms is evaluated by cal-
culating measures of overlap and of border positioning with re-
spect to the manual reference standard.

Our refined segmentation-by-registration scheme employs an
elastic registration of complete scans using mutual information
as a similarity measure. For detailed descriptions the reader is
referred to Section III-A and [21] and [22]. Alternative methods
for the registration of CT scans of the lungs are described by Li
et al. [19], who present inter-subject warping based on corre-
sponding points in the bronchial trees and other landmarks, and
Zhang et al. [20] and Betke et al. [23], who perform intra-sub-
ject registration on follow-up scans based on a segmentation of
the lung surfaces. Since these methods require a segmentation
as input to start with, they can not be used in our framework to
create one. Finally, Dougherty et al. [24] also perform a tem-
poral registration of CT scans of the lung. Their approach is
based on an optical flow method and, therefore, assumes a cer-
tain measure of intensity correspondence that scans containing
pathology do not exhibit.

The remainder of the paper is organized as follows. In Sec-
tion II the data set and the manual segmentations used as
reference standard are described. Details about the segmen-
tation algorithms follow in Section III. Section IV describes
experiments and results and in Sections V and VI discussion
and conclusions can be found.

II. DATA AND REFERENCE STANDARD

A. Data

In total 26 thin-slice CT scans of the thorax were used. Ten
scans contained high-density pathology and made up the test
data. 16 Normal scans were used in creation of the atlas for the
refined segmentation-by-registration method described in Sec-
tion III-A: one scan was used as reference and the 15 others were
registered to this reference.

One scan (which was in the pathological group) was ac-
quired at the university medical center in Vienna, Austria
(Allgemeines KrankenHaus Wien, AKH Wien), all other scans
were acquired at the university medical center in Utrecht, the
Netherlands (University Medical Center Utrecht, UMCU). The
AKH Wien scan was acquired on a Siemens Volume Zoom
4-slice scanner. The UMCU scans were acquired on Philips
Mx8000 IDT 16-slice scanners. For all scans a tube voltage
of 120 kVp was used. Tube current lay in the range of 200 to
390 mAs. Data were reconstructed to 512 512 matrices and
all scans constituted contiguous 3-D volumes without interslice
gap. Information on resolution [in terms of slice thickness,
spacing between slices and field of view (FOV)] is summarized
in Table I.

The UMCU scans were acquired in the period February
through October 2003. They were selected randomly until
both normal and pathological data sets of reasonable size had
been collected. The resulting sets form heterogeneous groups
representative of routinely acquired clinical data. Information
on sex and age of the subjects, and on size details of the scans
can be found in Table I.

The 10 scans in the test set contain high density pathology in
varying degrees: the amount of lung voxels within the manual
reference segmentations that have a value larger than
ranges from 10% to 76% of the total lung volume, with a median
of 17%. For normal lungs this amount is approximately 4%. The
types of pathology encountered in these scans are: acute respi-
ratory distress syndrome (ARDS) (test scans 1 and 10), sarcoid
(test scan 2), interstitial lung disease (test scan 3), cancer metas-
tases (test scans 4 and 9), lung cancer tumor (staged T2) (test
scan 6), lung cancer tumor (staged T3) (test scans 5 and 7), and
fibrosis and bronchiectasis after pneumectomy (test scan 8).

B. Reference Standard

Manual delineations were performed for all scans by ob-
servers who indicated points on the boundaries of the lung
fields on transverse slices using a computer mouse. Careful
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delineation of one lung field in one slice takes approximately
1 min. A scan typically contains 400 slices in which the lung
fields can be seen, which means that manual delineation would
take 13 hours. To ensure more consistency across slices and cut
back on manual segmentation time, the observers were asked
to first manually delineate the lung fields in every 4th slice. The
remaining slices were automatically interpolated by a linear
interpolation scheme. In this scheme, each manually placed
point in contour 1 is averaged with the closest manually placed
point — or closest line element between manually placed
points — on contour 2, and vice versa. (An interpolated contour
between two manual contours consisting of and points
will, thus, contain points.) After this interpolation,
the observers corrected the interpolated contours where they
deemed this necessary.

The reference scan used in the registration scheme (Sec-
tion III-A) was segmented by hand completely (in every slice)
by two observers. From these segmentations it was determined
that it would suffice to segment every fourth slice. This was
done by calculating the mean absolute distance [25] between
the manual contours and the interpolated contours1. We found
that the mean absolute distance MASD between the contours
created using interpolation between manual contours in every

slice, and the contours in the slices of the completely
manually segmented volume, increased roughly linearly with

. We chose the value such that MASD between interpo-
lated and manual volumes for each observer was less than a
quarter of the inter-observer MASD between the completely
manually created segmentations. The inter-observer MASD
was 2.4 voxels. The MASD from the manual segmentations to
the contours created by interpolating between manual contours
in every fourth slice ( ) was 0.4 and 0.6 pixels for the two
observers.

A notoriously difficult part of the segmentation of the lungs is
the hilar region. Although anatomically it would be preferable to
let the segmentation of the lung volume intersect the bronchial
and pulmonary vessel tree at the pleural fold [26], this “ring”
cannot be reliably located in the 3-D CT volume as it is not di-
rectly visible. In an attempt to improve inter-observer agreement
for the hilum, we developed a protocol instructing the observers
at which bifurcation points in the bronchial tree they were to let
their segmentations cut through the major bronchi and vessels.
The main bronchi and the bronchus intermedius in the right lung
were to be excluded from the segmented volume completely, as
well as the following bronchi up to their first bifurcation point:
the right and left upper lobe bronchi, the right and left lower lobe
bronchi, and the right middle lobe and left lower lobe lingular
bronchi.

All observers were medical students. Their final segmenta-
tions were inspected and approved by a chest radiologist. Fig. 1
shows a coronal view of manual segmentations of test scan one,
performed by two different observers. As can be seen from this
figure, we still found considerable variation in segmentations in
the hilar region in spite of the use of the protocol, especially in
the severely diseased lungs.

1The mean absolute distance is given in (4) with respect to surfaces in 3-D
data. As the manual segmentations were performed on transverse slices it was
calculated here for each pair of 2D contours and then averaged.

Fig. 1. Coronal view through the hilar area of manual segmentations by two
observers of scan 1.

III. METHODS

The performance of four segmentation algorithms is com-
pared. In this section the details of the implementation of each
method are given. Described in Section III-A is the segmen-
tation-by-registration scheme, refined by the use of a proba-
bilistic atlas and a voxel classification step. What follows are
descriptions of a conventional segmentation algorithm based
on thresholding, regiongrowing and morphological processing
(Section III-B), a user-interactive scheme working on the same
principles (Section III-C), and a voxel classification algorithm
(Section III-A3).

A. Refined Segmentation-by-Registration

Fig. 2 gives a schematic of a “straightforward” segmenta-
tion-by-registration approach. Input to the scheme are a normal
reference scan ( ), its binary segmentations of left and right
lung ( and ), and the test scan to be segmented ( ).
The normal scan can be segmented by hand or by using a
conventional segmentation algorithm such as described in Sec-
tion III-B. For the test scan containing abnormal lungs (i.e.,
lungs containing high density pathology) automatic segmen-
tation using a conventional algorithm is not directly possible.
Therefore, an elastic registration is performed matching to

, resulting in an image transformation . This trans-
formation is applied to the segmentations and of
the left and right lung, which are then combined into a single
binary segmentation of the lungs in the abnormal scan.
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Fig. 2. Schematic of a straightforward segmentation-by-registration approach.
Inputs to the scheme are: a test scan (T), the normal reference scan (Ref ) and
its segmentations of left and right lung (S and S ). Intermediate results that
are mentioned explicitly are: the transformation warping T to Ref (F(T)) and
the deformed segmentation masks for left and right lung (DS and DS ). The
output of the scheme is a binary segmentation of the test scan (S(T)).

The refinements to this scheme that we propose consist of
1) the use of a probabilistic atlas instead of the single binary
mask of the normal reference lung, and 2) voxel classification
of a certain border volume. The registration, the creation of the
probabilistic atlas and the use of the voxel classification step
are described in the following subsections in more detail. An
overview of the complete system is given in the form of a flow-
chart in Fig. 3.

1) Elastic Registration: For the elastic registrations we
used the VTK CISG Registration Toolkit available from
http://www.image-registration.com, written by Hartkens based
on code by Rueckert and Schnabel [21], [22]. In their approach,
the elastic registration is performed in a multiresolution fashion.
After a global alignment of source and target scan by an affine
transformation, local elastic deformations are found by calcu-
lating displacements of control points. The control points are
placed in the scan in a regular grid and act as parameters of
a free-form deformation model based on B-splines. Deforma-
tions are calculated for several resolution levels of the control
point grid, ordered from coarse to fine. For each resolution,
optimization is performed in a sequence of gradient descent
iterations with respect to a similarity measure that quantifies
the quality of the match between the deformed source scan and
the target scan.

3-D elastic registration is a memory intensive task. Despite
2 GB of internal memory, the VTK CISG Registration Toolkit
was not able to handle the data sets in their original size. There-
fore, all scans were subsampled by a factor 4 in each direction
prior to registration.

With the task of inter-subject warping between normal and
pathological scans in mind, a compromise has to be made in
registration accuracy. Although the registration process should

Fig. 3. Flowchart demonstrating the complete refined segmentation-
by-registration scheme. Inputs to the scheme are: a test scan (T), the normal
reference scan (Ref) and its probabilistic atlas masks for left and right lung
(P and P ). Intermediate results that are mentioned explicitly are: the
transformation warping T to Ref (F(T)), the deformed probabilistic atlas
masks for left and right lung (DP and DP ) and their refined versions
(RDP and RDP ). The output of the scheme is a binary segmentation of
the test scan (S(T)).

cause the reference mask to shape itself to the test scan, this reg-
istration should not be too detailed: deformations of the mask
due to the dense pathologies should be avoided. Appropriate set-
tings were determined empirically during creation of the atlas
(the atlas is described below in the following subsection). Pa-
rameter values were as follows. The similarity measure was
normalized mutual information. Gray values in each scan were
binned to a 64 bin histogram. Registration was performed on
two resolution levels with grids of control points equally spaced
every 16 and every 8 voxels and per resolution level a maximum
amount of 20 iterations was allowed.

2) Use of a Probabilistic Atlas: The advantage of the afore-
mentioned compromise in registration accuracy is that a valid
lung shape is maintained even in the absence of sufficient gray
value information. The drawback on the other hand, is that
the registration cannot accommodate small scale differences
between normal lung shapes. In order to alleviate this problem,
we make use of a probabilistic atlas segmentation from several
normal subjects, rather than the single binary mask of the
reference scan. In this way, normal variation in lung shape that
is not captured by the registrations will be reflected in the (non-
binary) probabilistic atlas. Registering 15 normal scans to the
reference scan yields the probabilistic atlas. The probabilistic
segmentation masks are then created by averaging the deformed
(binary) masks of the registered normal scans, for left and right
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Fig. 4. Flowchart demonstrating the creation of the probabilistic atlas masks
for left and right lung. Inputs to the scheme are: the normal reference scan (Ref),
a set of normal “atlas” scans (A ) and their binary segmentations of left and
right lung (S and S ). An intermediate result that is mentioned explicitly is
the set of transformations warping each of the atlas scans to the reference scan
(F(A )). The outputs of the scheme are the probabilistic atlas masks for left and
right lung (P and P ).

lung separately to avoid regions of overlap. Fig. 4 gives an
overview. The segmentations of the atlas scans were obtained
by using the conventional method described in Section III-B.

Segmentation of a test scan still makes use of registration of
the reference scan to the test scan, but the found deformation
is applied to the atlas masks of left and right lung. This yields
a probabilistic (nonbinary) segmentation of the test scan into
background, left lung and right lung, in the form of the two
probability maps indicated in Fig. 3 by and .

3) Voxel Classification of the Border Volume: Reversion to
a binary segmentation of the test scan is performed by voxel
classification, rather than by mere thresholding of the deformed
probabilistic masks for left and right lung. A summarizing flow-
chart is given in Fig. 5.

The refinement procedure requires training data. We take this
data from the test scan itself so that the final segmentation will
be fine-tuned specifically to the test scan at hand. To this end,
we introduce the notion of a border volume that we define as
the collection of those voxels in the transformed probabilistic
masks that do not have a probability of 1 or 0 of being lung
tissue. When the registration performs adequately, the border
volume is a band of voxels containing the actual lung border. As
an illustration, Fig. 10(d) shows the border volume (combined
for both lungs) obtained for test scan 4, outlined in white on the
inside of the surface and in black on the outside.

To locate for each lung the actual lung border inside the
border volume, voxels in this volume are classified as being ei-
ther lung or background. This brings the segmentation problem
into the realm of pattern classification [27]. A common ap-
proach to pattern classification involves the calculation of
vectors of features for a set of training data. These feature
vectors are input to a classifier that is trained to reproduce the

Fig. 5. Flowchart demonstrating the border refinement step, which is applied
to the masks of left and right lung separately. Inputs to the scheme are the test
scan (T) and one of the deformed probabilistic masks (DP). Intermediate results
mentioned explicitly are the sets of feature vectors calculated for the voxels in
the border volume (ffg ) and for the voxels adjacent to the border volume
that are taken as training data (ffg ). Output of the scheme is a refined
(deformed) probabilistic atlas. This is a probability map containing for each
voxel in the test scan its probability of belonging to the (left or right) lung.

known labeling of the training data. In essence, the classifier
determines boundaries in the space spanned by the feature
vectors between the different classes present in the training
data. For a new data point of which the class label is unknown,
a vector of the same features is calculated. This vector is input
to the trained classifier, which is then able to infer a class label.
We perform so called “soft” classification for the voxels in
the border volume, which means that each voxel is assigned a
continuous probability of belonging to the class “lung.”

The training data required to train a classifier to determine the
final labeling of the voxels in the border volume is taken to be a
band of voxels adjacent to the border volume. It is assumed that
these training voxels have similar characteristics as the voxels
in the border volume due to their spatial/anatomical proximity.

The use of voxel classification leaves a choice of which
features to calculate and which classifier to use. We use nine
features to represent each voxel: three types of gray value
features calculated on three scales, namely: image intensity,

-derivative and -derivative in images found by convolution
with a Gaussian of scales , 1 and 2 voxels. The feature
vectors are input to a classifier. This classifier performs
soft classification of a test voxel by looking at its nearest
neighbors in feature space among the training data. The soft
label for a certain class is given by the percentage of the
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nearest neighbors that belong to that class. We use a fast
implementation of this classifier by Arya and Mount [28] that
guarantees to find the nearest neighbors with a certain precision
. The ratio of the distance to the true th neighbor and the

found neighbor is at most . The parameters were
set to and . Choices for features, classifier and
parameter values were made on the basis of pilot experiments,
previous work and experience.

A classifier is based on the implicit assumption that
data points that are closer to each other in feature space are
more similar (and have a higher probability of belonging to the
same class). As such, it is sensitive to scaling of the features.
Without prior knowledge on the relative importance of the fea-
tures, normalization is performed scaling each feature to unit
variance. This transformation is determined on the set of train
voxels and applied with the same parameters to the features of
the test voxels.

In this way, the values of the voxels in the border volume
of the original probabilistic segmentation ( and in
Fig. 3) are altered taking into account the characteristics of the
test scan at hand. For each test scan and for left and right lung
separately, the border volumes and bands of adjacent voxels are
determined anew, so that the training data and, therefore, also
the performance of the voxel classification step are adapted to
the segmentation of that particular lung in that particular test
scan.

In the resulting refined segmentation ( and in
Fig. 3) two refined probability maps have been created for left
and right lung. Each of these is blurred with a Gaussian of unit
standard deviation to emulate interactions between neighboring
voxels, as it is more likely that a voxel belongs to, e.g., the left
lung when all its neighbors belong to the left lung. Finally, the
blurred refined border maps for left and right lung are combined
into a single binary segmentation of the complete border volume
by taking the largest probability (left or right lung) and thresh-
olding at 0.5.

B. Segmentation by Rule-Based Regiongrowing (Fully
Automatic)

Our implementation of a conventional lung segmentation
technique is based on the method of Hu et al. [13]. This is a
fully automatic method. It consists of the following steps.

1) Determine a threshold, as described in [13]. The his-
togram of the scan is assumed to be bimodal and
iteratively the gray value threshold separating the two
distributions is found.

2) Determine a seed point in the trachea. The trachea is found
by searching for an air-filled region that matches certain
size criteria in the first slice of the scan. The seed point is
the point with the lowest gray value in the trachea.

3) Grow the bronchi and lungs from the seed point.
4) Grow the trachea and main-stem bronchi from the seed

point. The growing fronts are frozen when their size in-
creases by a factor two signalling that the bronchi have
merged with the lung parenchyma. Trachea and main-
stem bronchi are removed from grown lung region.

5) Label left/right lung (details below).

6) Apply 3-D hole filling and morphological closing to each
lung half separately.

When two connected components are found after trachea and
main-stem bronchi have been removed, left and right lung half
are identified by their center of gravity. Occasionally in certain
places, the two lung halves are only separated by a low contrast
junction line that is the pleura. In these cases a single connected
component might be found after applying the threshold and re-
moving trachea and main-stem bronchi. An attempt is then made
to retrieve the two lung halves by iteratively applying a lower
threshold that is the average of the old threshold and .
Each time a new lung region is grown from the seed and the in-
tersection of the new and old mask is taken. Iteration is ceased
when two or more components are found. If more than two com-
ponents are found, the largest two are retained. Subsequently,
the two newfound components are dilated without growing out-
side the original mask (containing the single connected compo-
nent), and without re-attaching the two components. Dilations
are iterated until no more voxels can be added to the two regions
within these restrictions.

C. Segmentation by Interactive Regiongrowing

To show that the limitation of the conventional method is due
to a lack of contrast between lung tissue and surroundings in the
test scans, rather than a failing set of rules, an interactive region-
growing method was implemented. This method is however not
suitable for our intended practical application as part of a CAD
scheme that is to automatically handle large amounts of scans,
due to the required human interaction.

The user indicates start positions for regiongrowing inside the
two lung fields. Furthermore, “plugs” inside the bronchial tree
are indicated (by setting center and radius) to prevent leakage
of the regiongrowing of the lung area into the bronchi, and sep-
arating discs can be indicated (also by center and radius) where
necessary, to sever regiongrowing-connections between left and
right lung that may exist outside the hilum. After the region-
growing, 3-D hole filling and morphological closing is applied
to each lung half separately, analogously to the fully automatic
regiongrowing algorithm.

D. Segmentation by Voxel Classification

Part of the segmentation-by-registration scheme was a fine-
tuning step using voxel classification. There it is applied to a
border volume in the test scan, trained on areas in that same test
scan. As an alternative segmentation method, we consider voxel
classification of the complete test scan. The classification is then
trained on the remaining set of test scans (in a “Round Robin” or
leave-one-scan-out procedure). For computational reasons the
scans had to be subsampled a factor 4 in each direction as with
the registration method. For the stand-alone voxel classification
the feature set of 9 features as described in Section III-A was
extended with 3 positional features: the voxel positions in all
three directions in the scan. For each scan a single data set is
created containing the three classes left lung, right lung, and
background. Normalization of features is performed on the data
set of each scan separately. To classify a scan, the voxels of all
other test scans served as training data. Limitations on computer
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TABLE II
AVERAGE SEGMENTATION RESULTS FOR 4 ALGORITHMS AND A HUMAN OBSERVER, EVALUATED USING THREE MEASURES. THE ALGORITHMS ARE AUTOMATED

REGIONGROWING (AUTO-RG, SECTION III-B), AIDED REGIONGROWING (AIDED-RG, SECTION III-C), VOXEL CLASSIFICATION (VC, SECTION III-D) AND REFINED

SEGMENTATION-BY-REGISTRATION (REF-SR, SECTION III-A). THE MEASURES ARE VOLUMETRIC OVERLAP FRACTION [SEE (1)], HAUSDORFF DISTANCE [SEE (3)]
AND MAS DISTANCE [SEE (4)]. THE DISTANCE MEASURES ARE EXPRESSED IN VOXELS. DIFFERENCES BETWEEN AUTO-RG AND THE OTHER THREE METHODS

ARE SIGNIFICANT (p VALUES 0.0001 AND SMALLER). IN HAUSDORFF DISTANCES ALONE, THE DIFFERENCE BETWEEN VOXEL CLASSIFICATION

AND REFINED SEGMENTATION-BY-REGISTRATION IS SIGNIFICANT (p = 0:0002)

memory meant that for the scans in the combined train sets,
only 1 voxel in 8 (every other voxel in each direction) could
be included. Although lung shape information is not directly
included in this method, positional features in the training data
provide statistics of the locations of lung voxels and the use
of features derived from blurred images provides neighborhood
information for each voxel. After calculating soft classifications
of all voxels in the test scan (i.e., the probability that they belong
to one of the three classes left lung, right lung or background),
fuzzy segmentations of left and right lung separately are blurred
using a Gaussian of unit standard deviation, and combined into
a single binary mask by taking the largest probability (left or
right lung) and thresholding at 0.5.

IV. RESULTS

In this section we show results for the four tested methods,
referred to in shorthand as: automated regiongrowing, aided re-
giongrowing, voxel classification and refined segmentation-by-

registration. Each of these methods was used to segment the
lungs in the set of 10 pathological scans. Evaluation was per-
formed against the manual reference segmentations using the
following three measures [25]:

• volumetric overlap fraction;
• Hausdorff distance (or maximum surface distance);
• mean absolute surface distance.

The overlap fraction is a volumetric measure. The overlap
of two volumes and is defined as the volume of their
intersection divided by the volume of their union

(1)

The Hausdorff distance is a border positioning measure that
gives the largest distance that occurs between the two surfaces.
Given two surfaces and , let be the minimal
distance of a point on surface to surface . The largest
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Fig. 6. Coronal slices showing segmentation results for test scans 1, 3, 5, 6 and 9. Each row shows segmentation results for a different test scan, for several
segmentation schemes. The segmented volumes are outlined in white on the inside and in black on the outside, and superimposed on the original scan data.
From left to right the manual segmentations are shown (column 1, see Section II-B), the segmentations by an interactive method employing regiongrowing and
morphological processing (column 2, see Section III-C), the segmentations by voxel classification (column 3, see Section III-D) and the segmentations made by
the refined registration scheme (column 4, see Section III-A).

occurring (minimal) distance from all points on surface to
surface is thus

(2)

The Hausdorff distance is a symmetric extension de-
fined as

(3)

The mean absolute surface distance (MASD) is a symmetric
border positioning measure integrated along the entire surfaces.
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Let be the average (minimal) distance from all
points on surface to surface . The mean absolute sur-
face distance between and is then

(4)

Whether results differed significantly between methods was
determined by performing paired Student’s t-Tests, where a dif-
ference with was considered significant.

A. Result 1

The automatic regiongrowing method was unable to ad-
equately segment the pathological test scans. Table II lists
the average segmentation results for the four methods using
the three different measures. Results are averaged over all 20
lungs (10 left, 10 right) and for each method the following
statistics are given: average, standard deviation, minimum,
first quartile (Q1), median, third quartile (Q3) and maximum.
For the overlap measure the results are also shown per lung in
Fig. 7. These results are ordered by the part of high density
tissue (defined as voxels with a value larger than )
present within the volume of the manual reference standard.
The high densities are due to either vessels, bronchial walls or
pathology. In normal lungs this adds up to approximately 4%
of the volume, as measured from the 16 normal scans used to
create the atlas. Amounts well over 4% are due to pathology,
and the part of high density voxels serves as an indicator of the
segmentation difficulty level. Fig. 7 shows that the fully auto-
matic threshold-based morphological method (Auto-RG) fails
in many instances: if an (arbitrary) definition of success is set
at 75% overlap with the reference volume, it fails in 15 out of
20 cases. The interactive morphological method (Aided-RG),
voxel classification and refined segmentation-by-registration
perform significantly better ( values 0.0001 and smaller).
Results for these three methods, together with the manual
reference segmentations, are shown for several test scans in
Fig. 6. Test scan 1 [Fig. 6(a)–(d)] is the scan with the largest
pathological volume, test scan 6 [Fig. 6(m)–(p)] the scan with
the smallest.

B. Result 2

In segmenting high density tissues, both voxel classification
and refined segmentation-by-registration outperformed the
manually aided regiongrowing method. Between those three
methods that were able to segment at least part of each lung
successfully in all cases, the average results mostly show
no significant differences (Table II). As one of those three
methods is the interactive morphological method, this means
that averaged over the entire lung fields, it can not be said that
regiongrowing per se fails. This is caused by the fact that the
abnormal areas we aim to focus on affect only a part of the lung
volume. The influence of completely or partially missing those
abnormalities is small on the average measures.

The overlap is, therefore, also given for smaller volumes of
interest (VOIs) that are blocks of a fixed size of 31 31 31
voxels, which constitutes approximately a quarter of a scan in
each direction. Distance measures could not be calculated in a

Fig. 7. Segmentation results for 4 methods and a human observer, measured
by overlap fraction [(1)] with the reference standard. The human observer
segmented 4 of the 20 lungs. The gray line gives the fraction of high density
tissue (voxels > �500 HU) present in the reference standard, serving as an
indicator of the segmentation difficulty level. The “lung number” on the X-axis
consists of an L or R (indicating left or right lung) together with the test scan
number. These results are also summarized in Table II.

Fig. 8. Segmentation results for 4 methods and a human observer, measured
by overlap fraction [(1)] with the reference standard, in volumes of interest
(VOIs). The human observer segmented 4 of the 20 lungs. The gray line
gives the fraction of high density tissue (voxels > �500 HU) present in the
reference standard (measured within the VOIs), serving as an indicator of the
segmentation difficulty level. The “lung number” on the X-axis consists of
an A or N (indicating abnormal or normal volume) together with the number
of the test scan from which the VOI was taken. For segmentation of the
abnormal volumes in (a), significant differences were measured between voxel
classification and interactive regiongrowing (p = 0:014), and the refined
registration method and interactive regiongrowing (p = 0:007).

reliable way as typically only a small part of the lung surface
was included in the VOIs. When the VOIs are placed in lung
regions containing normal (or the least abnormal) tissue, overlap
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Fig. 9. Examples of volumes of interest (VOIs) in abnormal areas. Shown is
the central slice of the VOIs in coronal view, on the scans containing the most
severe and least severe amount of pathology. (a) Abnormal area VOI for scan 1.
(b) Abnormal area VOI for scan 6.

measures are as given in Fig. 8(b). When they are centered on an
abnormality, results are as shown in Fig. 8(a). Examples of the
regions are shown in Fig. 9, showing the central slice of the VOI
in coronal view on the scans containing the least extended and
the most extended abnormalities. In the abnormal areas, both
voxel classification and the refined registration method perform
significantly better than interactive regiongrowing (
and respectively) while in normal areas, performance
is about the same. Although the results of the segmentation-by-
registration on the abnormal areas are better than those of the
voxel classification for 7 of the test scans, this difference was
not found to be statistically significant ( ).

C. Result 3

Refined segmentation-by-registration achieved a significant
improvement upon straightforward segmentation-by-regis-
tration results. Table III lists results for straightforward and
refined segmentation-by-registration. In the straightforward
implementation the segmentation was performed by applying
the registration deformation to the binary mask of the reference
scan. In the refined method (as described in Section III-A) the
deformation is applied to a fuzzy probability mask acquired

TABLE III
SEGMENTATION RESULTS FOR BOTH LUNGS FROM ALL TEST SCANS,

COMPARING STRAIGHTFORWARD SEGMENTATION-BY-REGISTRATION (SR) AND

REFINED SEGMENTATION-BY-REGISTRATION (REF-SR). THE MEASURES USED

ARE VOLUMETRIC OVERLAP FRACTION [SEE (1)], HAUSDORFF DISTANCE [SEE

(3)], AND MAS DISTANCE [SEE (4)]. THE DISTANCE MEASURES ARE

EXPRESSED IN VOXELS. BEST RESULTS (AS COMPARED BETWEEN THE TWO

METHODS) ARE PRINTED IN BOLD-FACE. DIFFERENCES ARE SIGNIFICANT IN

TERMS OF OVERLAP (p = 1:0� 10 ) AND MAS DISTANCES (p = 0:0004)

through atlas-based registration, after which the exact place-
ment of the segmentation surface inside the border volume is
accomplished by voxel classification. Segmentation using the
refined method leads to a significant 26% reduction in MAS
distances ( ), and a significant 6% improvement in
volumetric overlap ( ). The Hausdorff distances
are improved but the difference is not statistically significant.
The largest border positioning errors occur at sites of (large
scale) misregistrations and are not resolved by (smaller scale)
refinement of the border positions.

D. Result 4

None of the tested methods approached the performance of
the second observer in segmenting the most pathological scan.
The effect of inter-observer variability was not extensively
studied. For two scans two manual segmentations were made.
A second observer segmented test scans 1 and 6, which are
the scans with the most severe and least severe amounts of
pathology. Results are plotted in Fig. 7 and listed in Tables IV
and V. The tables give overlap fractions between on the one
hand the segmentations of the second observer and the auto-
matic methods, and on the other hand the reference standard,
which is the segmentation of the first observer. For the severely
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TABLE IV
SEGMENTATION RESULTS IN TERMS OF VOLUMETRIC OVERLAP FRACTION ((1))

FOR TEST SCAN 1, COMPARING A SECOND HUMAN OBSERVER TO THE

AUTOMATIC METHODS

TABLE V
SEGMENTATION RESULTS IN TERMS OF VOLUMETRIC OVERLAP FRACTION ((1))

FOR TEST SCAN 6, COMPARING A SECOND HUMAN OBSERVER TO THE

AUTOMATIC METHODS

pathological scan 1, none of the methods can match the perfor-
mance of the second observer.

V. DISCUSSION

A. Segmentation Accuracy

High-density pathologies attached to the pleura prohibit ac-
curate lung segmentation using conventional methods based on
thresholding and morphological processing. The automatic con-
ventional method we implemented fails on 8 out of 10 scans
containing such pathologies, whereas it accurately segmented
the 15 normal scans used to build the atlas for the registration
scheme. It is clear that the segmentation of pathological scans
requires a different approach than the segmentation of normal
scans.

Compared to the fully automatic regiongrowing method,
the interactive one achieves better overall segmentation results
(Table II and Fig. 7), but Fig. 6 illustrates that this method
systematically fails to capture the dense abnormalities (in spite
of morphological post-processing). This is due to a lack of
contrast between the pathological lung and its surrounding
tissues. Based on a sample consisting of 42 HRCT thorax
exams scanned at our institute in normal clinical practice, we
estimate that high density pathologies presenting problems for
conventional segmentation methods can be found in approxi-
mately a fifth of all scans. Although alternative interactive tools
may be devised that allow a human observer to quickly segment
a pathological scan, such methods can obviously not be used in
automatic systems that need to handle large amounts of scans.
Voxel classification and refined segmentation-by-registration
perform significantly better on abnormal areas in pathological
scans [Fig. 8(a)], without sacrificing accuracy in normal areas
[Fig. 8(b)], and both these methods work without any human
interaction.

The differences in performance of refined segmentation-by-
registration and of voxel classification were found to be statisti-
cally significantly only in terms of the Hausdorff measure. This
result can probably be ascribed to the registration scheme’s (de-
sirable) property of automatically creating segmentations with
a valid lung shape due to its implicit lung model. The registra-
tion does however offer another important advantage over voxel
classification. From Fig. 6 we see that voxel classification fails
as well on parts of the abnormalities. As with all methods that
learn by example, the argument could be made that the inclusion
of more pathological scans in the training data would improve
performance. This would call for large amounts of pathological
data which are both harder to come by and more difficult to seg-
ment than data from normal or mildly diseased subjects, as used
in the refined segmentation-by-registration scheme.

With these advantages in mind, we consider the registration
scheme our prime candidate for further development. Judging
from Fig. 7, it performs adequately on scans containing up to
30% of high density tissue within the lung fields, in which case
approximately a quarter of the lung volume is occupied by ab-
normal high density tissues due to pathology. In comparison,
the automatic conventional method failed on 9 out of 14 such
lungs. For scans with more severe amounts of pathology, as of
yet none of the tested methods performs to satisfaction. For re-
liable deployment on such severely pathological data, the regis-
tration scheme still requires substantial improvement.

Fig. 10 illustrates the improvements that the refined segmen-
tation-by-registration scheme achieved over the straightforward
one. Fig. 10(a) gives the manual reference standard. Fig. 10(b)
shows the segmentation result when the registration deforma-
tion is applied to the binary mask of the reference scan, as in the
straightforward scheme. Fig. 10(c) shows the improved result
achieved by using a probabilistic atlas and voxel classification,
as in the refined scheme. Image Fig. 10(d) is not a segmentation
result, but indicates the border volume of the refined scheme that
is classified in the voxel classification step. The arrows indicate
“correct corrections” and errors made by the voxel classifica-
tion. The black arrows indicate parts of the border volume that
are properly relabeled [as seen in Fig. 10(c)].

Areas indicated by the white arrows are not considered for
relabeling in the fine-tuning step as they are not included in the
border volume and, therefore, they remain as errors in the final
segmentation [Fig. 10(c)]. More examples of this weakness are
found upon careful inspection of Fig. 6(l) and (p). They reveal
that the segmentation after registration and fine-tuning does not
accurately follow the sharp angles in the base of the lungs. The
refining voxel classification step would be able to remedy this,
were it not that the outermost points of the lung base are not in-
cluded in the border volume. All these effects are consequences
of the resolution compromise made to avoid distortion of the
registration results due to pathology. Extension of the border
volume prior to application of the refinement step might remedy
this, but it should be investigated up to which size the border
volume can be enlarged without affecting refinement accuracy.

As can be seen from Fig. 8(a), none of the tested algorithms
was able to accurately segment the pathological lungs in scans
7 and 8. This is hardly surprising, as both these scans contain
lungs that deviate from normal regarding both intensity- and
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Fig. 10. Segmentation results for scan 4 using segmentation-by-registration, illustrating the refinements made to the straightforward scheme. (a) Manual
segmentation for scan 4. (b) Segmentation-by registration, using the binary mask of the reference scan. (c) Refined segmentation-by-registration, making use
of a probabilistic atlas and voxel classification. (d) The border volume that is input to the voxel classification step. The black arrows in subfigure (d) indicate
regions that have been successfully relabeled in the voxel classification step. The white arrows indicate regions that remain as segmentation errors after voxel
classification because they lie outside the border volume considered for refinement.

TABLE VI
INDICATION OF CALCULATION TIMES. ENTRIES MARKED WITH * INDICATE

TIME SPENT BY A HUMAN INTERACTOR. OFF LINE ENTRIES ARE NECESSARY

ONLY ONCE FOR TRAINING OF THE SYSTEM AND/OR ATLAS CONSTRUCTION,
THEY ARE NOT REPEATED FOR THE SEGMENTATION OF EVERY TEST SCAN

shape characteristics. In both these scans the left and right lung
are of unequal size. This is demonstrated in Fig. 11, showing the
results for scan 8. On these scans, the registration scheme fails
already in its early stages, when it tries to fit its implicit model
of two equally sized lungs unto the test scan. In cases such as
these, the application of the complete registration scheme to left
and right lung separately could be beneficial.

Contextual information, such as the presence of two lungs
of approximately equal size is in most cases, can be a valuable
tool to improve segmentation results and should be exploited
where possible. Therefore, another extension that could be con-
sidered is the combination of segmentations of different struc-
tures in the thorax. Detection of the rib case and the bronchial
tree would provide important clues for the localization of the
lung borders that could be used even in the presence of high
density pathologies.

Tables IV and V show that the manual tracings of scans 1 and
6 showed better agreement with the manmade reference stan-
dard, than did the segmentations of the automated methods, in
the case of scan 1 (the most severely pathological scan) even
considerably so. In medical images normal anatomy can already
exhibit such a wide variety in appearance as to present for-
midable obstacles for reliable segmentation. When pathology
is present, this task becomes even harder. We may conclude
that mild amounts of pathology were adequately handled by the
voxel classification and registration schemes, but the automated
segmentation in presence of severe pathology still remains a
major challenge.

Fig. 11. Segmentation results for scan 8. This is a post-operative scan of a
patient with lung cancer. The left lung, abnormal in both texture and shape,
can not be segmented accurately by any of the tested algorithms. (a) Manual
segmentation for scan 8. (b) Interactive regiongrowing. (c) Voxel classification.
(d) Segmentation-by-registration.

We have focussed our attention on segmentation of the lungs,
but both the voxel classification and registration techniques can
be applied to any complex segmentation task, as they acquire
their expert knowledge from manually traced examples.

In general, the segmentation of increasingly difficult (i.e.,
pathological) data should ideally be handled by increasingly
complex methods. It would make for a powerful system if the
strengths of the described approaches could be combined. As-
suming such a system ould have to run unsupervised, it would
have to start by applying a computationally cheap algorithm and
switch to increasingly time-consuming yet robust methods with
each attempt that fails. Considering this, adequate methods of
automated failure detection provide an important direction for
further research.

B. Segmentation Time

Table VI gives an indication of calculation times for the var-
ious algorithms as they are described in Section III. All the seg-
mentations were run under Windows XP on a PC with 2 GB
RAM and a 2.8 GHz CPU. A distinction is made between “off
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line” and “online” calculations. The off line calculations — con-
sisting of training of the systems and/or atlas construction — are
performed only once and are not repeated for the segmentation
of each test scan.

Off line time for the registration scheme is necessary for the
creation of the atlas by registering 15 scans. Online calculations
consist of the registration between test scan and reference scan,
deformation of the precalculated atlas and voxel classification
of the border volume which includes creation of training and
test data sets and classification.

Using the publicly available VTK CIGS Registration Toolkit,
the elastic registrations take a prohibitively long time of three
hours per scan. This is however a gross overestimation of the
time required when using a modern dedicated implementation.
The used software package contains first generation elastic reg-
istration software that is known to be slow. Over the past years,
the registration community has been actively at work to de-
crease calculation times. Methods to speed up the process dras-
tically are already available, e.g., by utilizing nonuniform grids
of (therefore, less) control points [22], or by developing an im-
plementation dedicated to the registration of lungs specifically.
Klein et al. [29] focus on improving the optimization proce-
dure, which commonly consists of gradient-descent iterations.
Computation of the derivative of the mutual information upon
every such iteration is computationally the most costly part of
a registration process. Their method employs an analytic gra-
dient computation using B-spline Parzen windows to estimate
the joint histogram, as suggested by Mattes et al. [30]. Addition-
ally, they use very few samples of the image (randomly chosen
upon every iteration) to compute the derivative. This leads to a
significantly lower computational cost per iteration while main-
taining the rate of convergence and final accuracy. Their imple-
mentation of the elastic registrations was tested on two of our
test scans. Online calculation times for the refined segmenta-
tion-by-registration scheme were reduced from 3 h to 15 min
without deteriorating the results (as evaluated with the measures
described in Section IV). Further evaluation of the use of this
method is still to be performed. Finally, it warrants mentioning
that elastic registrations lend themselves well to parallel imple-
mentation [31]. When for example the algorithms can be run
on a dual processor, calculation times are halved. It can, there-
fore, be concluded that with proper attention to hardware and
implementation, calculation times of a few minutes per scan are
achievable if the registration scheme is to be applied in clinical
practice.

The voxel classification method requires off line calculation
time for the creation of data sets from the training data and for
training of the classifiers. This takes only 10 min (rather than 9
times 7 min) as only 1/8th part of the voxels is taken as training
data from each training scan. Online calculations consist of the
creation of a data set for the test data and its classification.

The time required to run the voxel classifications is domi-
nated by our use of a computationally expensive classi-
fier. Speedup of this scheme could be achieved by using higher
settings for the parameter [28] and/or by pruning of the data
samples[32]. Alternatively one might opt to use a less complex
classifier. It is reasonable to expect that by exploring these op-
tions through careful and extensive testing, calculation times can

be brought down by at least a factor of two without significantly
affecting classification accuracy.

VI. CONCLUSION

Conventional methods of lung segmentation that rely on large
gray value contrasts between lung fields and surrounding tis-
sues fail on dense pathologies. However, dense pathologies are
present in approximately a fifth of clinical scans, and for com-
puter analysis such as detection and quantification of abnormal
areas it is vital that these pathologies are not missed in the initial
segmentation.

We propose a refined segmentation-by-registration scheme in
which an atlas based segmentation of the pathological lungs is
refined by applying voxel classification to the border volume of
the transformed probabilistic atlas. It is shown that this refine-
ment step introduces a significant improvement in segmentation
accuracy compared to a standard segmentation-by-registration
approach.

The performance of the registration scheme is compared with
that of two other fully automatic algorithms — a conventional
method and a voxel classification method — on 10 pathological
scans. Both voxel classification and refined segmentation-by-
registration outperform the conventional method in segmenting
the lungs including their abnormal areas.

No statistical difference in performance was found between
voxel classification and the registration method. The registration
however gives more visually pleasing results than the voxel clas-
sification due to its implicit lung model. Furthermore it makes
use of an atlas built of normal scans that are easily segmented by
conventional methods, whereas the voxel classification requires
training data covering all kinds of pathologies and, thus, makes
a demand for scans that are harder to come by and have to be
segmented by hand.

The refined segmentation-by-registration scheme performs
well on scans with up to a quarter of the lung volume affected
by high density pathology. However, a significant improvement
in speed is still to be achieved, and the method should be tested
on a larger amount of scans before it can be reliably deployed
in clinical practice. For more severely pathological scans, the
accuracy achieved is still unsatisfactory.

Segmentation in presence of pathology continues to be one of
the biggest challenges in medical image analysis. We conclude
that with our refined segmentation-by-registration scheme we
have taken a promising step in the right direction, but as of yet,
performance of a human observer remains unequaled by that of
any of the automated methods.
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