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An automatic method for textural analysis of complete HRCT lung slices is presented. The system
performs classification of regions of interest �ROIs� into one of six classes: normal, hyperlucency,
fibrosis, ground glass, solid, and focal. We propose a novel method of automatically generating
ROIs that contain homogeneous texture. The use of such regions rather than square regions is
shown to improve performance of the automated system. Furthermore, the use of two different,
previously published, feature sets is investigated. Both feature sets are shown to yield similar
results. Classification performance of the complete system is characterized by ROC curves for each
of the classes of abnormality and compared to a total of three expert readings by two experienced
radiologists. The different types of abnormality can be automatically distinguished with areas under
the ROC curve that range from 0.74 �focal� to 0.95 �solid�. The kappa statistics for intraobserver
agreement, interobserver agreement, and computer versus observer agreement were 0.70,
0.53±0.02, and 0.40±0.03, respectively. The question whether or not a class of abnormality was
present in a slice could be answered by the computer system with an accuracy comparable to that
of radiologists. © 2006 American Association of Physicists in Medicine.
�DOI: 10.1118/1.2207131�
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I. INTRODUCTION

High-resolution CT �HRCT� is the method of choice to im-
age diffuse parenchymal lung disease �DPLD�.1–3 There is
low interobserver agreement in interpreting these examina-
tions though,4 and diagnostic confidence can be increased by
combining clinical, radiological, and histopathological clues.
Unfortunately, even then a reliable gold standard remains
elusive.5 Diagnosis of DPLD clearly forms a challenging
field even for experts.

We aim for computer assistance in the radiological corner
of the diagnostic triangle. An important aspect of the inter-
pretation of HRCT exams is the classification of textures.2

Application of pattern recognition techniques from computer
vision to the identification of such textures may result in
improved diagnostic confidence and consistency.

In an earlier study, we investigated the use of an auto-
mated system for the discrimination between normal and ab-
normal tissue in HRCT scans of the lungs.6 The work pre-
sented here is an extension to the discrimination of multiple
classes of abnormality. Additionally, the analysis here is per-
formed on regions covering the entire lung field, rather than
on a specific subset of large regions chosen manually.

Earlier work on computer analysis of signs of DLPD in-
7
cludes the recognition of usual interstitial pneumonia, the
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detection of ground glass opacities,8 and the work of Shyu
and co-workers on similar image retrieval from a database of
proven cases of lung disease.9,10

The work presented here is focused on the automated
identification of multiple classes of textural abnormalities in
HRCT of the lungs, without restriction to a certain disease.
Previous studies of this type were performed by Uppaluri et
al.11 and Uchiyama et al.12 The work of Uppaluri et al.11

involved classification of regions of interest �ROIs� into six
textural classes. Regions representative of each of the tissue
patterns were outlined in CT scans from 72 subjects to serve
as training data. In an experiment on six slices, performance
of the automated system was compared to that of three ex-
pert observers, yielding an average kappa statistic of ob-
server agreement of 0.42±0.08. The average kappa statistic
for the agreement between the computer and the observers
was 0.39±0.03. Uchiyama et al.12 presented a system em-
ploying neural networks that also performed classification
into six textural classes. Abnormal areas were delineated in
315 HRCT images from 105 patients, yielding training and
test data. They reported good results for multiclass classifi-
cation and also reported that it was possible to determine
automatically if a slice contained abnormalities.

In both works, the lungs were subdivided by a grid of

square regions prior to analysis. In this paper we investigate
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the influence on classification performance of the choice of
ROIs. We propose a method of creating locally adaptive
ROIs that change size and shape as determined by textural
information in the image to be analyzed.

Segmentation into regions of interest based on gray value
and textural properties can be achieved in many ways. Ex-
amples are watersheds, first introduced by Vincent and
Soille,13 which can incorporate textural properties,14 and the
framework of normalized cuts.15,16 The method presented
here is novel and less elaborate in implementation. It is a
region-merging approach, based on clustering, that does not
require user interaction and is easily tuned to the specific
subsequent classification task.

Further, in previous works �Refs. 11 and 12�, different
approaches to feature-based pattern recognition were taken.
In this paper the use of feature sets representative of both
approaches is compared. Uppaluri et al.11 take the approach
of calculating many general purpose features and automati-
cally choosing a most discriminatory subset. We have used
the same approach in previous work on the detection of ab-
normalities in HRCT of the lungs.6 In this study we therefore
use the feature set from Ref. 6 as representative of that ap-
proach. The other set is taken from the work of Uchiyama et
al.12 representing the alternate approach of using a small set
of features specifically designed to solve the task at hand.

Finally, performance of the best system of automated clas-
sification is compared to that of two expert radiologists. This
comparison is made for classification of regions as well as
classification of complete slices. The results are given in
terms of accuracy and kappa as well as by confusion matri-
ces, and are compared to results for interobserver and in-
traobserver agreement.

In Sec. II the data set, the automated method of subdivid-
ing the lung fields into ROIs, and the automated classifica-
tion system are described. Section III details experiments and
results on the use of the new ROIs, the use of the two sets of
features, as well as the performance of the classification sys-
tem as compared to the expert observers. In Secs. IV and V
a discussion of the results and the conclusions are given.

II. METHODS AND MATERIALS

A. Data set

From daily clinical practice 90 scans were collected of 90
different subjects who underwent an HRCT scan of the chest.
Collection proceeded consecutively without selection on
subject or diagnosis. Only scans showing severe artifacts due
to movement or the presence of metal or contrast agents were
excluded. In addition, only a limited number of scans re-
ported as completely normal were entered into the database.

All scans were acquired at the University Medical Center
Utrecht, the Netherlands, on Philips Tomoscan AV scanners
�Philips, Best, the Netherlands�. Patients were in supine po-
sition. A tube voltage of 140 kVp and current of 175 mAs
were used. Data were reconstructed to 512�512 matrices.
Slice thickness was either 1.0 or 1.5 mm with 10 mm incre-
ment. The in-plane resolution was 0.59 mm on average,

varying from 0.33 to 0.82 mm, depending on patient size.
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From each scan a single slice in the lung region affected
by pathology was chosen by the first author �I.S.�, with a
preference for slices in the midsection of the lungs to maxi-
mize the lung volume visible in a slice. A segmentation of
the lung fields was obtained with an automatic algorithm
making use of thresholding and component-labeling similar
to the one described in Ref. 17. Segmentation errors due to
high-density tissue connected to the pleura were corrected
manually. Slight corrections were necessary in 18 scans; 9
scans required major corrections.

Two experienced chest radiologists �M.P. and I.H.� with
specific expertise in CT of the lungs were involved in this
study to provide a reference standard for classification. They
were responsible for establishing a classification protocol
and subsequently performed the complete classification of all
slices.

Out of the 90 slices used, 10 were chosen to serve as
examples in drawing up the protocol. These slices were also
used for development of the unsupervised lung field subdi-
vision algorithm �Sec. II B�. They were not used in any other
part of study. We refer to this set of ten slices as the “orien-
tation set” throughout this work.

For the 80 remaining slices, a reference standard for clas-
sification was provided by the two experts. For each region
of interest, one of six classification labels could be chosen:
normal, hyperlucency, fibrosis, ground glass, solid, or focal.
The experts did not have the ability to review adjacent sec-
tions. When they felt a region of interest contained textures
of more than one category �including “normal”� in an ap-
proximately equal amount, they labeled it as a “map error.”
Details on the classification protocol can be found in the
Appendix. Subdivision of the lung fields in ROIs resulted in
10 596 regions. Both experts classified all regions and after a
2 month interval one of the experts �M.P.� did a second clas-
sification of all regions.

Analysis of pulmonary parenchymal disorders is a highly
specialized task that can be performed reliably only by ex-
perts in the field. Exact delineation of texture types in a scan
requires additional decisions on localization and placement
of boundaries and is therefore a time-consuming process.
The total time required for a complete reading of all regions
ranged from 10 to 20 h.

B. Unsupervised subdivision of lung fields

Automated analysis of the entire lung field requires a defi-
nition of regions of interest �ROIs� as input to the system. In
previous work rectangular grids were used. We propose a
new unsupervised clustering approach as an alternative
means of subdividing the lung fields. The objective of the
method is to create regions of homogeneous texture within a
certain size range and of roughly circular shape.

The basis of the subdivision algorithm is clustering. Each
pixel in the lung fields starts out as a cluster, and clusters are
merged into progressively larger clusters, if the merger in-

creases a fitness measure. More precisely, clusters p and q
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are merged if the fitness of the combined cluster x exceeds
the average �weighed by size, indicated by s� fitness of p
and q:

F�x� �
s�p�

s�p + q�
F�p� +

s�q�
s�p + q�

F�q� . �1�

The fitness measure is comprised of multiple terms that
represent the multiple objectives of the clustering process.
Cluster mergers are considered only between spatial neigh-
bors. Two clusters are spatial neighbors if at least one pixel
of one cluster is a four-connected neighbor of one pixel of
the other cluster. This way, the clustering is performed in a
combined spatial and feature space. This algorithm is general
in the sense that it can be applied to any spatial subdivision
task, where the task at hand will define the exact clustering
criteria.

For subdivision of the lung fields, we identified the fol-
lowing three objectives:

• The regions should be homogeneous in texture.
• The sizes of the regions should fall within a certain

range.
• The shape of the regions should be constrained to a

more or less compact form.

Subject to these criteria, we measured the fitness of a
newly formed cluster in terms of compactness, size and tex-
tural �dis�similarity between its “parent clusters.” The fitness
F of cluster x is defined as

F�x� = wsF . . . �x� + wcF . . . �x� + wtF . . . �x� , �2�

F . . . �x� = exp �−
�s�x� − s̄�2

2�s
2 � , �3�

F . . . �x� = exp �−
�c�x� − c̄�2

2�c
2 � , �4�

F . . . �x� = exp �−
T�x�2

2�t
2 � . �5�

The total fitness is a weighted sum of the fitnesses asso-
ciated with each of the three criteria. Equations �3�–�5� show
that for each criterion, the fitness is given by the deviation
from a target value. For the size criterion, s�x� is the size of
the region and s̄ is the target �or mean� size of all regions.
Similarly, c�x� is the compactness of the region and c̄ is the
target or mean value of the compactness of all regions. Com-
pactness is defined as the ratio of circumference and area.
The meaning of T in the texture criterium is detailed below.
The textural fitness is measured using the difference between
textures of parent clusters, so intrinsically the target value is
0. For each criterion, fitness decreases with increasing devia-
tion from the target value, taking into account a certain fall-
off or capture range defined by �. The target values s̄ and c̄
and �s ,�c, and �t are parameters in the scheme.

To characterize the textural properties of a cluster or re-

gion we make use of filtered versions of the original image.
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We represent the textural properties of a region x by the
mean within that region in each of n filtered images:

Texture�x� = ��i
x:i = 1, . . . ,n� . �6�

In our implementation these images are the image itself and
the gradient magnitude image at a small scale. In pilot ex-
periments several combinations of filters were tried but this
simple choice provided good results.

Whether or not two parent clusters p and q should merge
into a single cluster x is determined in part by their differ-
ence in texture �Eqs. �2� and �5��. This difference is calcu-
lated from the texture features of p and q, and serves as a
textural homogeneity measure for the cluster x that is to be
created:

T�x� = �t�p,q� = 	
i=1

n
1

si

�i

p − �i
q
 . �7�

Here si is the standard deviation of the filtered image i, mea-
sured over the entire lung field �i.e., the entire region that is
to be divided into ROIs�. Scaling the differences in means by
a factor 1 /si is done to ensure all filtered images i have equal
influence on the textural difference.

The algorithm maintains an ordered queue of viable can-
didate mergers. A viable merger is one that increases fitness
�according to the criterion in Eq. �1��. The queue is kept
sorted on the fitness of the cluster created in the candidate
merger. Initially, each pixel starts out as a cluster. The merg-
ers of each cluster with each of its neighbors is considered as
a candidate and inserted in the queue if viable. After this
initialization, merger iterations start. In each such iteration,
the most fit candidate merger in the queue is executed. This
leads to creation of a new cluster x and invalidation of parent
clusters p and q. Mergers of x with each of its neighbors are
considered and inserted in the queue if viable. Then the next
most fit candidate merger is considered and executed �pro-
vided the involved parent clusters still exist�. This is repeated
until the queue is empty.

Parameters of the clustering scheme as used in Eq. �2� are
given in Table I. These values were determined heuristically
during experiments on the ten slices in the orientation set. As
the texture fitness is measured in terms of a difference be-
tween textures of the parent clusters, its target is intrinsically
zero and not a true parameter that can be varied. Similarly,
perfect compactness leads to an intrinsic target value of 1.

This procedure leads to regions with approximately the
desired size distribution, but it does not ensure hard limits on
the sizes. Hard limits are desirable for both the manual
delineations—where the observers do not see the underlying

TABLE I. Parameters of the clustering scheme.

Weight Target value �

Size 2 400 200
Compactness 6 1 0.3
Texture 1 �0� 4
clusters and expect regions not to be very small or very large
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when they move along the slice—and for automated classi-
fication. To ensure this, two additional runs of the entire
scheme were executed. We chose lower and upper limits on
size of 100 and 2000 pixels. In a second run, mergers with a
region smaller than 100 pixels were always considered vi-
able, effectively forcing each region smaller than 100 pixels
to merge with the neighbor yielding best �i.e., least decrease
in� average fitness. A third run was performed to recluster
regions larger than 2000 pixels. Each of these regions were
considered again �stand alone� for clustering into smaller ar-
eas. After these three runs, all regions fell within the strict
size limitations of 100 and 2000 pixels.

Figure 1 shows examples of the automatically generated
ROI maps for slices containing a substantial amount of pa-
thology.

C. Automated classification system

The classification approach we take falls within the realm
of statistical pattern recognition.18 To represent each ROI,
the computer system makes use of a vector of features. In the
space of feature vectors, a classifier statistically determines
the boundaries between classes based on a set of training
ROIs. The trained classifier is then able to provide a new
unseen test ROI with probabilities of belonging to each of
the classes encountered in the training data.

1. Classifier

In all experiments the system employed a kNN classifier.
This is a nonparametric classifier that allows for decision
boundaries of arbitrary complexity in feature space. To as-

FIG. 1. Examples of the automatic lung field subdivision on three slices.
Left column: input slices. Middle column: ROI maps overlaid on the slices.
Right column: ROI maps.
sign a category label to an unseen test sample S, a kNN
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classifier uses the k samples in the training data closest to
S—its k nearest neighbors. The probability that S belongs to
class C is taken as the fraction of the k nearest neighbors that
belong to class C. We used a fast implementation of this
classifier by Arya et al.19 that guarantees to find the nearest
neighbors with a certain precision �. The ratio of the distance
to the true kth neighbor and the found neighbor is at most
1 / �1+��. The parameters were set to k=11 and �=2 on the
basis of pilot experiments.

In the pilot experiments we tested other classifiers, as we
did in a previous study on normal/abnormal classification of
regions in HRCT chest scans.6 These other classifiers yielded
worse or comparable performance.

2. Feature sets

In this study, we compared the use of two previously pub-
lished sets of features.

Feature set 1 was based on the work of Sluimer et al.6 and
consisted of 96 features. These features were four statistical
moments in eight filtered versions of the image, calculated
on three scales. The four moments were the mean, standard
deviation, skew, and kurtosis in each of the filtered images.
The eight filters applied to the original image were the
Gaussian, the Laplacian, the first-order derivative of the
Gaussian �in three orientations between 0 and ��, and the
second-order derivative of the Gaussian �in three orientations
between 0 and ��. The scales were �=0.5, 1, and 2. This is
a reduced set of features compared to the exact feature set
described in Ref. 6. It makes use of one less scale value and
half the amount of orientations of the first- and second-order
derivatives of the Gaussian. Preliminary experiments showed
that this reduced set achieved equal classification perfor-
mance.

A feature selection step was incorporated into the system
whenever feature set 1 was used, reducing the number of
features to a maximum of 10 statistically determined during
training to be the most discriminatory for the task at hand.
Different methods are available to perform feature
selection.20 We used the method of sequential forward search
�SFS�.21 In SFS, the most discriminatory subset is expanded
one feature at a time, by adding the feature that most im-
proves classification performance.

Feature set 2 was based on the work of Uchiyama et al.12

and consists of six features. Three features were directly re-
lated to the gray value distribution in the unfiltered image
and consisted of the mean, standard deviation, and fraction
of pixels below −910 HU. Three features were geometric
measures designed to detect the presence of nodular compo-
nents, line components, and “multilocular” components �e.g.,
honeycombing patterns�. To this end, thresholding and cer-
tain rules of object recognition were applied to nonlinearly
filtered images resulting from various morphological opera-
tions such as the white and black top-hat transforms. The
means in the resulting regions were used as the geometrical
measures. A detailed description of these procedures is given

in Ref. 12.
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The two feature sets represent different approaches to
feature-based pattern recognition. Feature set 1 consists of
many general purpose features and relies on a feature selec-
tion process to statistically determine which are of most
value for the classification task at hand. Feature set 2 consists
of a small amount of features specifically designed to incor-
porate expert knowledge about the intended task.

3. Analysis of slices

Imperfect classification on a regional level does not have
to preclude adequate performance of the system on a more
global level. We developed a system to answer the question
whether or not a certain class of abnormality is present in a
slice.

For this purpose, a single two-class classifier is trained for
each of the five classes of abnormality separately. This clas-
sifier determines for each region the probability that it con-
tains the abnormality. A threshold is chosen and if any region
in a slice has a probability above the threshold, the slice is
judged to contain that abnormality.

III. RESULTS

In this section the results of various experiments are de-
scribed on the use of the automatically generated ROI maps
�Sec. III A�, on the use of different feature sets �Sec. III B�,
on the performance of the automated classification system in
comparison to the expert human observers in classification of
regions �Sec. III C�, and on classification of slices �Sec.
III D�.

In Secs. III A and III B consensus data were used. The
consensus data consisted of all regions that were given the
same classification label in all three expert readings. This
was the case for 7900 out of 10 596 regions �74%�. Table II
lists the percentages of regions from the 10 596 total regions
that were assigned to each category across the three refer-
ence standard classifications. In addition, the classification
percentages for the 7900 concensus readings are listed.

In Secs. III C and III D performance of the computer sys-
tem is compared to readings of the expert observers. This is
done on all data, not just the consensus. Each expert reading
of the three readings available is taken in turn as the truth on

TABLE II. Percentages of regions assigned to each cla
tions. The final column lists the distribution of region
three readings agreed, which was the case for 72% o

Expert I
first reading se

Normal 71.9
Hyperlucency 9.5
Fibrosis 4.4
Ground glass 5.8
Solid 1.1
Focal 7.3
which the system is trained and tested. Performance with
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respect to each expert reading is averaged to yield a single
measure of performance of the computer versus the expert
observers.

As a measure of classification performance we have cal-
culated ROC curves for classification of each class sepa-
rately. This is possible as the automated system assigns con-
tinuous probabilities to each region of it belonging to each of
the six classes. This way performance per class can be char-
acterized by the area under the ROC curve Az rather than a
sensitivity/specificity pair, which represents only a single op-
erating point. Ideally, multiclass classification performance
would be characterized by a single value, such as a volume
under the multiclass ROC surface. Unfortunately, extension
of the concept of the ROC curve to multiple classes is not
straightforward and as of yet no accepted method of calcu-
lating a multi-class ROC surface is available.22

As the expert observers did not accompany their classifi-
cation labels with a level of confidence, ROC curves cannot
be computed to indicate agreement between expert readings.
Inter- and intraobserver agreement are therefore measured in
terms of accuracy and kappa.23 As there are two readings
from one expert and one reading from the other expert, two
measurements are available to compute interobserver agree-
ment and only one for intraobserver agreement. The perfor-
mance of the automated system is compared to agreement
between observers with the same measures �in this case three
measurements are averaged over�.

All experiments �whether on consensus data or on all data
of a single expert reading� were performed as cross valida-
tions. We used fourfold cross validations, dividing the data
into four parts of 20 scans and performing the experiments
four times. Each time a different fold was used as test data
and training was performed on the remaining three folds.
Significance was measured by paired Student’s t tests over
folds, with a probability value of p�0.05 taken as a signifi-
cant difference. Note that this assumes that the results ob-
tained for different folds �one-fourth of our total data set, 20
scans each� are independent.

The subdivision of the data into four folds of 20 scans
was performed in a stratified way. This ensured that all sub-
sets of slices contained an approximately equal amount of
regions for each of the classes. This is a complex subdivision
problem as the subdivision is on the basis of scans, but strati-

ross the three different reference standard classifica-
es in the consensus data �those regions for which the
regions�.

ert I
reading Expert II Consensus

.0 60.8 76.4

.0 17.5 10.3

.4 4.1 2.6

.4 6.3 3.8

.1 1.3 1.1

.1 10.0 5.8
ss ac
class
f the

Exp
cond

74
8
3
5
1
8

fication is on the basis of regions in the scans, and a single
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subdivision is to yield acceptable stratification with respect
to several differing expert readings. We performed 500 ran-
dom subdivisions and for each subdivision a stratification
penalty was calculated w.r.t. each expert reading. This pen-
alty was defined as the sum of squared differences between
the target amount of samples per class per fold �as would
result from perfect stratification� and the actual amount. The
subdivision with the lowest average penalty was chosen.

A. Lung field subdivision

1. Comparison to freehand drawing

The quality of the automatically generated lung field ROI
maps was compared to the quality of a square grid with equal
average region size �23�23 pixels�. This was done by com-
paring both ROI maps to manually traced outlines. To this
end, one of the expert radiologists �M.P.� performed classifi-
cation of the lung field into one of the six categories by hand
in the ten slices in the orientation set, by manually tracing
outlines of an object of each class. Only the borders between
classes were drawn; the expert did not have to regenerate the
cluster maps. Figure 2 shows such a manual outline for an
object of the class “solid” and the two types of ROI maps
overlaid on the original slice.

For each slice, the compared ROI maps were placed on
top of the manual reference standard. To each region in the
maps, a label was assigned according to the dominant class
in the reference standard contained within that region. The
middle column of Fig. 3 shows the representation by square
and clustered regions obtained in this way for the object
outlined in Fig. 2.

The quality of the classified ROI maps created thus was
compared to the original freehand drawing in terms of over-
lap and the amount of mislabeled pixels. Ideally, all pixels
contained within each region would have the same class la-
bel in the reference standard, giving rise to 100% overlap
with the manual reference standard and zero mislabeled pix-
els. For the example object of class “solid,” the right column
in Fig. 3 shows the mislabeled pixels for each of the two
different classified ROI maps. The fact that representation by
the clustered map gives an undersegmentation in this case is

FIG. 2. Segmentation of an object of class “solid” by an expert radiologist
�a�, and two subdivisions of the lung field into regions: a square grid sub-
division �b� and the automated subdivision �c�.
a coincidence.
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The overlap between a manually drawn object Sm and its
counterpart in the classified ROI maps Sr is given by the
intersection divided by the union:

O�Sm,Sr� =

Sm � Sr


Sm � Sr


� 100 % . �8�

This measure is 100% for perfect agreement and 0% for
complete disagreement.

The amount of misclassified pixels is given by

M�Sm,Sr� =

Sm � Sr
 − 
Sm � Sr



Sm

� 100 % . �9�

This amount is calculated relative to the total amount of
abnormal pixels and can assume any positive value.

The average values of O and M are given in Table III for
representation by a square grid and representation by the
clustered grid. Use of the automatically generated maps
rather than a square grid of regions yielded a consistent in-
crease in overlap �p=0.006� and decrease in M�p=0.003�.
The increase in overlap ranged from 0 to 32 percentage
points. The average increase in overlap was 13 percentage
points, representing a relative increase of 26%. The decrease
in M ranged from 3 to 51 percentage points. The average
decrease was 20 percentage points, representing an average
reduction of 38%. Using squares regions of slightly different
size �from 19 to 25 pixels� did not lead to significantly dif-
ferent results. For smaller and larger sizes results deterio-
rated.

FIG. 3. Left column: The manual segmentation of the object of class “solid”
from Fig. 2. Middle column: The representations of that object by regions in
the square grid �top� and by regions in the automatically generated clustered
ROI map �bottom�. Right column: The mislabeled pixels in each represen-
tation as compared to the manual segmentation.

TABLE III. Comparison of square and clustered lung field subdivisions to
free-hand drawing for ten objects from ten slices. The right column shows
the average relative increase in O and M for the proposed clustering lung
field subdivision compared to square regions.

Square Clustered Increase

Overlap O 60±16% 73±13% +26%
mislabeled fraction M 52±20% 32±15% −38%



2616 Sluimer et al.: Automated classification of hyperlucency, fibrosis, ground glass, solid, and focal lesions 2616
The quality of the clustered regions was assessed by the
experts in practice as they labeled regions in all the slices in
the data set. In reading 10 596 regions, the experts marked
49 �0.5%� of them as a map error. With on average 130 ROIs
in a slice, this represents approximately one map error in
every 1.7 slices.

2. Performance in automated classification

The consensus data were used to measure performance of
the automated classification system on regions from the clus-
tered maps and on regions from the square maps. To obtain
labels for the square regions, the dominant label from the
reference standard within that region was taken. Note that
this may bias the result of this experiment.

When the automated system was trained and tested on the
clustered map regions rather than the square regions, perfor-
mance in terms of Az increased significantly by 7% �p
=0.039� when using feature set 1, and by 10% �p=0.004�
when using feature set 2. Table IV shows the average Az per
class and for each feature set.

The proposed method of automatically generating adap-
tive regions of interest thus represented an improvement over
subdivision by a square grid of regions. The automatically
generated regions allowed for a significantly better represen-
tation of the objects drawn by hand by the expert. Further-
more, the use of the automatically generated regions resulted
in a significant increase in performance of the tested com-

TABLE IV. Performance of the automatic system on consensus data given by
Az for every class, averaged over the four folds. To compute Az, the given
class is distinguished from all other samples. Results are shown for both
feature sets and the square and clustered lung field division. The right col-
umn shows the relative increase averaged over four folds for the proposed
clustering lung field subdivision compared to square regions.

Feature set 1
Class Square Clustered Increase

Normal 0.82±0.05 0.86±0.04 4%
Hyperlucency 0.72±0.20 0.84±0.06 22%
Fibrosis 0.86±0.08 0.89±0.05 3%
Ground glass 0.74±0.08 0.81±0.09 9%
Solid 0.95±0.08 0.98±0.04 4%
Focal 0.77±0.15 0.76±0.09 1%

All 0.81±0.13 0.86±0.09 7%

Feature set 2

Normal 0.74±0.09 0.80±0.10 9%
Hyperlucency 0.75±0.19 0.79±0.19 4%
Fibrosis 0.92±0.05 0.88±0.06 −4%
Ground glass 0.66±0.17 0.79±0.05 25%
Solid 1.00±0.00 1.00±0.00 0%
Focal 0.67±0.10 0.81±0.10 23%

All 0.79±0.17 0.85±0.12 10%
puter systems for classification.
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B. Feature sets

As described in Sec. II C, we compared performance of
the system with different feature sets. No significant differ-
ence was found between the use of feature set 1 �from Ref.
6� or feature set 2 �from Ref. 12�. Performance of each sys-
tem is shown in the column “Clustered” in Table IV.

C. Classification of regions

As a final system, we chose the system using feature set 1,
operating on regions from the automatically generated clus-
tered maps. In this section, that system is tested on the com-
plete set of data. To this end, the system is trained and tested
taking each of the experts’ reading in turn as truth. All ex-
periments were carried out as cross validations as described
at the start of Sec. III, ensuring separation of test and training
data. For each region in the test set, the trained classifier
calculates posterior probabilities of belonging to each of the
six classes. To determine a single class label for a region, like
the expert observers did, the classifier chooses the class with
the maximum posterior probability. Results for each of the
expert readings are averaged to indicate overall computer
versus observer performance.

The average performance per class is characterized by the
ROC curves in Fig. 4. These curves were calculated from the
posterior probabilities for each class. Each curve represents
the two-class classification problem of distinguishing regions
from that particular class from all other data. Most difficult
to distinguish was the class “focal,” with an area under the
ROC curve of 0.74. Most easily recognized was the class

FIG. 4. Average performance of the computer system measured by ROC for
each class �versus all other objects� separately. Curves are averaged over
four folds.
“solid,” with Az=0.95.
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Agreement between experts was measured by accuracy
and kappa �	�.23 Table V lists the values for intraobserver
agreement, interobserver agreement and agreement between
the computer system and the expert observers. Intraobserver
agreement was highest with 	=0.70. Average interobserver
agreement and average agreement between computer and ex-
perts were lower with values of 	=0.53 and 	=0.40, respec-
tively.

In order to gain insight into which pairs of classes ac-
counted for most classification errors, confusion matrices are
given for interobserver agreement and for computer versus
observer agreement in Tables VI and VII. In absence of a
reliable gold standard, no single reading represents the truth.
Therefore the confusion matrices are calculated symmetri-
cally, summing entries on either side of the diagonal and
leaving only one-half of the matrix. These half-matrices of
agreement were averaged over all the pairs of readings. All
entries are expressed as fractions of the total amount of re-
gions.

It can be seen that by and large the computer and expert
observers confuse the same categories. A notable difference
exists in distinguishing the classes “focal” and “fibrosis”
from other classes, for which computer and experts disagree
more frequently than the experts do amongst each other.

Figure 5 provides a graphic illustration of the multiclass
classifications. Four slices are shown. They were chosen be-
cause they all contain a large amount of pathology and be-
cause they are examples of either good �row 1 and 2� or poor
�row 3 and 4� agreement between classifications by the ex-
pert observers.

TABLE V. Classification performance of the computer system compared to
the expert observers for all 10 596 regions in 80 slices: intraobserver agree-
ment, interobserver agreement �two measurements� and the agreement be-
tween the computer and the observers �three measurements�, measured by
accuracy and by kappa 	.

Accuracy 	

Intraobserver 0.89 0.70
Interobserver 0.77±0.01 0.53±0.02
Computer versus expert 0.75±0.07 0.40±0.03

TABLE VI. Interobserver agreement. Confusion matrix indicating agreement
between expert observers for two readings of all 10 596 regions in 80 slices.
To highlight categories that are relatively frequently confused, entries that
are more than half the size of one of the associated values on the diagonal
are marked in boldface.

Normal
�%�

Hyperlucency
�%�

Fibrosis
�%�

Ground
glass
�%�

Solid
�%�

Focal
�%�

Normal 61.17
Hyperlucency 9.54 6.49
Fibrosis 0.59 0.15 1.99
Ground glass 2.74 0.20 0.78 1.97
Solid 0.10 0.00 0.16 0.13 0.81
Focal 5.08 0.36 1.20 2.00 0.25 4.30
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Here, again, it can be seen that there is a difference be-
tween the computer and the experts in the use of the classes
“focal” and “fibrosis.” For the slices on which there was poor
agreement between expert observers �the third and fourth
row�, the computer classification seems to present a mix of
both expert classifications.

D. Classification of slices

The automated system was used to answer the question
whether or not a certain class of abnormality was present in
a slice. For this experiment a threshold had to be chosen for

TABLE VII. Computer versus expert agreement. Confusion matrix indicating
agreement between computer and expert observers averaged over 10 596
regions in 80 slices and three expert readings. To highlight categories that
are relatively frequently confused, entries that are more than half the size of
one of the associated values on the diagonal are marked in boldface.

Normal
�%�

Hyperlucency
�%�

Fibrosis
�%�

Ground
glass
�%�

Solid
�%�

Focal
�%�

Normal 64.89
Hyperlucency 8.58 4.84
Fibrosis 1.64 0.08 0.98
Ground glass 2.73 0.06 1.25 1.25
Solid 0.18 0.00 0.20 0.16 0.84
Focal 7.03 0.27 1.17 1.75 0.14 1.97

FIG. 5. Four examples of slices containing a large amount of pathology, and
the classification of all their regions by expert observer 1 �second column�,
the automated system �third column�, and expert observer 2 �last column�.
The slices in the first and second rows were chosen for good agreement
between expert observers; the slices in rows 3 and 4 were chosen for poor
agreement between expert observers. Different colors denote the different
classification categories: hyperlucency �green�, fibrosis �red�, ground glass

�yellow�, solid �blue�, and focal �pink�.
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each of the five classifiers for the five types of abnormalities.
To make the comparison between computer versus observer
agreement and interobserver agreement as fair as possible,
we chose to set threshold so that the specificity of the auto-
mated system was equal to the average specificity of the
expert observers.

Table VIII shows that intraobserver agreement is highest
for all classes except the class “solid,” for which interob-
server agreement is �marginally� higher. For the other classes
interobserver agreement is lower by 3 to 11 percentage
points. The agreement between computer and observers lies
in the same range as the agreement between observers for the
classes “normal,” “ground glass,” and “solid.” Agreement
between computer and observers is substantially lower than
the interobserver agreement for the class “fibrosis.” Agree-
ment between computer and observers is higher than the in-
terobserver agreement for the class “focal.”

IV. DISCUSSION

A. Lung field subdivision

A CAD system designed to analyze the lung fields will
invariably do so on the basis of regions of interest. These
regions can be created as a single complete subdivision or
alternatively the entire lung field could be traversed by a
moving window or kernel. In either approach, the use of
regions of a fixed size and shape does not seem to be a
sensible choice. Ideally, regions should be made adaptable to
the underlying image information.

We have proposed a new method based on clustering to
create such locally adaptive ROIs and compared perfor-
mance of two automated classification systems in analysis of
the clustered regions and analysis of equivalent square re-
gions. The results in Table IV clearly show that both systems
benefit from the use of the adaptive regions.

ROIs can also be of use in the establishment of a refer-
ence standard for classification, as it is less time consuming
to label regions than it is to perform complete freehand
drawing of all abnormalities. With this task in mind, it is
even more crucial that the regions are adaptable in size and
shape. Using the ROIs resulting from the proposed clustering
method it is possible to more closely resemble freehand

TABLE VIII. Agreement on whether or not a certain class of abnormality is
present in a complete slice for all 80 slices: between readings of the same
expert, between readings of different experts �two measurements�, and be-
tween computer and expert �three measurements�.

Class
Intraobserver
�%�

Interobserver
�%�

Computer
�%�

Hyperlucency 93 77±1 76±13
Fibrosis 81 78±3 71±7
Ground glass 83 74±8 72±5
Solid 89 91±3 87±4
Focal 73 62±7 74±11
drawing than it is using a square grid of regions �Table III�.
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We have proposed a new method of adaptable subdivi-
sion. In practical use it is essential for such an algorithm that
the objective functions used to measure the quality of the
subdivision are easily changed for application in different
areas. The proposed algorithm readily meets this criterion.
Furthermore, it combines these objective functions in a
straightforward and intuitive way. As a next step, it could be
investigated how the subdivision can be improved through
statistical training.

A human observer is expertly able to perform the tasks of
segmentation and classification simultaneously. From the
computer vision point of view there is a trade-off between
the two, in the sense that perfect segmentation would make
the classification problem almost trivial, and perfect classifi-
cation would automatically imply perfect segmentation. The
use of locally adaptive regions of interest is an important
step towards integration of these two tasks.

B. Feature sets

We have tested our automated classification system using
two different feature sets, representative of two approaches
to feature-based pattern recognition. The first approach
makes use of a large amount of general purpose features and
depends on an automatic feature selection step to choose a
smaller subset with maximum discriminatory power with re-
spect to the classification task at hand. A second approach is
to design a small set of features to specifically handle the
intended classification task, incorporating expert knowledge
in the choice of features.

We found no significant difference in classification perfor-
mance of the system employing the feature set from the work
of Sluimer et al.6 and the feature set from the work of
Uchiyama et al.,12 representing the two approaches. We
therefore conclude that both approaches to selection of an
appropriate feature set are equally viable.

C. Computer versus observers

The outcome of the experiment comparing the classifica-
tion of regions by the automated system to the classification
of regions by the observers is given in Table V. The kappa
statistics of agreement are comparable to those found in
Ref. 11.

We found a higher kappa value for interobserver agree-
ment than reported in Ref. 11 �0.53 vs. 0.42�. As the studies
were performed by different observers and made use of dif-
ferent data, it is difficult to judge whether this is a significant
difference. If so, it might be attributed to the use of the
clustered rather than square regions.

The experts did not have the ability to review adjacent
sections. It is hard to speculate if this design choice may
have affected the interobserver agreement. We felt that al-
lowing the observers to review the complete scan would
have made the comparison with the computer unfair, and the
experts indicated that they felt it was unnecessary. The only
exception was that, in rare cases, an image obtained during
expiration instead of inspiration could contain areas with

higher density mimicking ground glass. Therefore, it was
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stated in the protocol given in the Appendix that the observ-
ers should consider each slice as if it had been acquired at
full inspiration.

As the agreement between computer and experts �	
=0.40� is lower than the interobserver agreement �	=0.53�,
it must be concluded that the automated system still requires
improvement for classification of regions.

Comparing the confusion matrices in Tables VI and VII, it
can be concluded that for the most part the computer and
expert observers confuse the same categories. Notable differ-
ences are found in distinguishing the classes “focal” and “fi-
brosis” from other classes. The computer has more difficulty
distinguishing between “normal” and “focal” as compared to
the expert observers. This holds for the class “fibrosis” as
well. Also, but to a lesser degree, “fibrosis” is confused more
with “ground glass” by the computer than by the experts.

The difficulty the computer has with distinguishing “fo-
cal” and “fibrosis” from “normal” could be due to the fact
that the class “normal” holds dense structures such as bron-
chi and vessels, which are easily recognized by the expert
observers but difficult to recognize by the computer on a
regional level. In contiguous thin slice scans, segmentation
of the vessels �e.g., Ref. 24�, and bronchi �e.g., Ref. 25�
before classification could alleviate this problem. As the
scans used in this study do not represent contiguous 3D vol-
umes, no such preprocessing was possible.

The outcome of the experiment comparing the classifica-
tion by the automated system to that of the observers on the
level of complete slices is given in Table VIII. Agreement
was measured in answering the question whether or not a
certain category of abnormality was present in a slice. Re-
sults for this experiment indicate that for classification of
slices, the computer reaches levels of agreement with the
experts comparable to the level of interobserver agreement.

On a slice level, the automated classification of the class
“fibrosis” remained problematic—just as it was in the re-
gional classification. For the class “focal,” agreement be-
tween computer and observers was higher than the interob-
server agreement. This could be due to a systematic
difference in use of this category label between expert read-
ings. In such a case it is possible that the computer is able to
reproduce the labeling for that category better than the other
observer can, as long as the labeling of each observer by
itself is consistent.

A next step would be to focus on performing classification
into disease categories. To this end, the classifications of all
regions should be combined into a single diagnosis for the
complete slice or scan. In contrast to the regional classifica-
tion, for which no gold standard can be determined, a more
reliable reference standard can be achieved for the diagnosis
of a complete scan through follow-up and the incorporation
of other than radiological data.26,27 On a set of proven cases,
the computer can then be trained to establish a likelihood of
disease, taking as input the class labels of all regions in the

slice as determined by the system described.
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V. CONCLUSION

We have presented an automated system for classification
of the lung parenchyma in HRCT scans into six categories:
normal, hyperlucency, fibrosis, ground glass, solid, and focal.

The system makes use of a novel method of automatically
subdividing the lung fields into region of interest �ROIs� that
are locally adapted to the image data in size and shape. The
automatically generated regions presented an improvement
over square regions. The automatically generated regions
were shown to achieve a significantly better resemblance to
objects drawn by hand by the expert. Furthermore, using the
automatically generated regions, performance of the auto-
mated system for classification was shown to improve by 7%
to 10%.

We have investigated the use of different types of feature
sets previously published in literature, representative of dif-
ferent approaches to feature extraction. We found no signifi-
cant difference in performance and conclude that both ap-
proaches are equally viable.

The automated system is found to be less adept at classi-
fication on a regional level than the expert radiologists, due
mostly to difficulties in recognizing the classes “fibrosis” and
“focal.” However, the system is able to perform classification
at the levels of complete slices with accuracies comparable
to that of the expert radiologists. A system such as the one
described could be used to bring abnormal scans, slices, or
regions to the attention of the radiologist, or possibly serve
as input to a higher level of classification in which a likeli-
hood of disease is calculated.

The results also show, however, that interobserver agree-
ment is fairly low �	=0.53� and that agreement between
computers and human experts is even lower �	=0.40�.
Therefore we conclude that we are still in the early stages of
understanding the difficulty of the problem of classifying
lung texture in HRCT data, and still far away from develop-
ing a method that is demonstrably better than current visual
methods.
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APPENDIX

This appendix details the multiclass classification protocol
as used by the expert observers. The observers were in-
structed to diagnose the entire lung area in each slice, by
choosing for each region one of the diagnostic categories
listed below. Diagnosis was to be performed in the order
given below. When an area had been labeled, it was not
considered anymore for the subsequent categories. Alterna-
tively, a region should be marked as an error of the automatic
subdividing system when the observer considered it to con-
tain textures of more than one category �including “normal”�
in an approximately equal amounts. If a region was not as-

signed to any of the categories below, it was labeled as “nor-
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mal.” The observers had to judge the CT slices “as is,” that
is, as if they were acquired at full inspiration.

�1� Hyperlucency

• decreased density compared to normal lung

�2� Fibrosis

• honeycombing
• �reticular or linear� fibrosis or ground glass with trac-

tion bronchiectases
• �reticular or linear� fibrosis within areas of normal

lung density

To be excluded: ground glass 
 linear or reticular
changes not due to fibrosis, e.g., crazy paving.

�3� Ground glass

• regional �nonfocal� distribution of ground glass
• crazy paving

To be excluded: ground glass with linear or reticular
changes due to fibrosis.

�4� Solid

• most of ROI filled by abnormality with soft tissue
density

�5� Focal

• ROI contains one or multiple focal lesions of in-
creased density, e.g., nodule�s�, micro-nodule�s�,
ground glass nodule�s�, tree-in-bud, mucous plug-
ging, focal scars

1British Thoracic Society, “BTS guidelines on the diagnosis, assessment
and treatment of diffuse parenchymal lung disease in adults,” Thorax 54,
Suppl. 1, S24–S30 �1999�.

2W. Webb, N. Müller, and D. Naidich, High Resolution CT of the Lung,
3rd ed. �Lippincott Williams & Wilkins, Philadelphia, PA, 2001�.

3C. Schaefer-Prokop, M. Prokop, D. Fleischmann, and C. Herold, “High-
resolution CT of diffuse interstitial lung disease: Key findings in common
disorders,” Eur. Radiol. 11, 373–392 �2001�.

4Z. A. Aziz, A. U. Wells, D. M. Hansell, G. A. Bain, S. J. Copley, S. R.
Desai, S. M. Ellis, F. V. Gleeson, S. Grubnic, A. G. Nicholson, S. P. G.
Padley, K. S. Pointon, J. H. Reynolds, R. J. H. Robertson, and M. B.
Rubens, “HRCT diagnosis of diffuse parenchymal lung disease: Inter-
observer variation,” Thorax 59, 506–511 �2004�.

5A. U. Wells, “Histopathologic diagnosis in diffuse lung disease. An ailing
gold standard,” Am. J. Respir. Crit. Care Med. 170, 828–829 �2004�.

6I. Sluimer, P. F. van Waes, M. A. Viergever, and B. van Ginneken,
“Computer-aided diagnosis in high resolution CT of the lungs,” Med.
Phys. 30, 3081–3090 �2003�.
Medical Physics, Vol. 33, No. 7, July 2006
7S. Delorme, M.-A. Keller-Reichenbecher, I. Zuna, W. Schlegel, and G.
van Kaick, “Usual interstitial pneumonia: Quantitative assessment of
high-resolution computed tomography findings by computer-assisted
texture-based image analysis,” Invest. Radiol. 32, 566–574 �1997�.

8H.-U. Kauczor, K. Heitmann, C. P. Heussel, D. Marwede, T. Uthmann,
and M. Thelen, “Automatic detection and quantification of ground-glass
opacities on high-resolution CT using multiple neural networks: Compari-
son with a density mask,” AJR, Am. J. Roentgenol. 175, 1329–1334
�2000�.

9C.-R. Shyu, C. Brodley, A. Kak, and A. Kosaka, “ASSERT: A physician-
in-the-loop content-based retrieval system for HRCT image databases,”
Comput. Vis. Image Underst. 75, 111–132 �1999�.

10J. G. Dy, C. E. Brodley, A. Kak, L. S. Broderick, and A. M. Aisen,
“Unsupervised feature selection applied to content-based retrieval of lung
images,” IEEE Trans. Pattern Anal. Mach. Intell. 25, 373–378 �2003�.

11R. Uppaluri, E. A. Hoffman, M. Sonka, P. G. Hartley, G. W. Hunning-
hake, and G. McLennan, “Computer recognition of regional lung disease
patterns,” Am. J. Respir. Crit. Care Med. 160, 648–654 �1999�.

12Y. Uchiyama, S. Katsuragawa, H. Abe, J. Shiraishi, F. Li, Q. Li, C.-T.
Zhang, K. Suzuki, and K. Doi, “Quantitative computerized analysis of
diffuse lung disease in high-resolution computed tomography,” Med.
Phys. 30, 2440–2454 �2003�.

13L. Vincent and P. Soille, “Watersheds in digital spaces: An efficient algo-
rithm based on immersion simulations,” IEEE Trans. Pattern Anal. Mach.
Intell. 13, 583–598 �1991�.

14N. Malpica, J. E. Orturño, and A. Santos, “A multichannel watershed-
based algorithm for supervised texture segmentation,” Pattern Recogn.
Lett. 24, 1545–1554 �2003�.

15J. Shi and J. Malik, “Normalized cuts and image segmentation,” IEEE
Trans. Pattern Anal. Mach. Intell. 22, 888–905 �2000�.

16J. Malik, S. Belongie, T. K. Leung, and J. Shi, “Contour and texture
analysis for image segmentation,” Int. J. Comput. Vis. 43, 7–27 �2001�.

17S. G. Armato, M. L. Giger, and H. MacMahon, “Automated detection of
lung nodules in CT scans: Preliminary results,” Med. Phys. 28, 1552–
1561 �2001�.

18R. O. Duda, P. E. Hart, and D. G. Stork, Pattern Classification, 2nd ed.
�Wiley, New York, 2001�.

19S. Arya, D. Mount, N. Netanyahu, R. Silverman, and A. Wu, “An optimal
algorithm for approximate nearest neighbor searching in fixed dimen-
sions,” J. ACM 45, 891–923 �1998�.

20A. Jain and D. Zongker, “Feature selection: Evaluation, application and
small sample performance,” IEEE Trans. Pattern Anal. Mach. Intell. 19,
153–158 �1997�.

21J. Kittler, Pattern Recognition and Signal Processing �Sijthoff and
Noordhoff, Alphen aan den Rijn, The Netherlands, 1978�, Chap. Feature
set search algorithms, pp. 41–60.

22D. C. Edwards, C. E. Metz, and M. A. Kupinski, “Ideal observers and
optimal ROC hypersurfaces in N-class classification,” IEEE Trans. Med.
Imaging 23, 891–895 �2004�.

23D. G. Altman, Practical Statistics for Medical Research �Chapman &
Hall/CRC, 1990�.

24G. Agam, S. G. Armato, and C. Wu, “Vessel tree reconstruction in tho-
racic ct scans with application to nodule detection,” IEEE Trans. Med.
Imaging 24, 486–499 �2005�.

25T. Schlathölter, C. Lorenz, I. C. Carlsen, S. Renisch, and T. Deschamps,
“Simultaneous segmentation and tree reconstruction of the airways for
virtual bronchoscopy,” in Proc. SPIE 4684, 103–113 �2002�.

26K. R. Flaherty, T. E. King, G. Raghu, J. P. Lynch, T. V. Colby, W. D.
Travis, B. H. Gross, E. A. Kazerooni, G. B. Toews, Q. Long, S. Murray,
V. N. Lama, S. E. Gay, and F. J. Martinez, “Idiopathic interstitial pneu-
monia: What is the effect of a multidisciplinary approach to diagnosis?”
Am. J. Respir. Crit. Care Med. 170, 904–910 �2004�.

27American Thoracic Society/European Respiratory Society, “International
multidisciplinary consensus classification of the idiopathic interstitial
pneumonias,” Am. J. Respir. Crit. Care Med. 165, 277–304 �2002�.


