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a b s t r a c t

A scheme for the automatic detection of nodules in thoracic computed tomography scans is presented
and extensively evaluated. The algorithm uses the local image features of shape index and curvedness
in order to detect candidate structures in the lung volume and applies two successive k-nearest-neigh-
bour classifiers in the reduction of false-positives.

The nodule detection system is trained and tested on three databases extracted from a large-scale
experimental screening study. The databases are constructed in order to evaluate the algorithm on both
randomly chosen screening data as well as data containing higher proportions of nodules requiring fol-
low-up. The system results are extensively evaluated including performance measurements on specific
nodule types and sizes within the databases and on lesions which later proved to be malignant. In a ran-
dom selection of 813 scans from the screening study a sensitivity of 80% with an average 4.2 false-pos-
itives per scan is achieved. The detection results presented are a realistic measure of a CAD system
performance in a low-dose screening study which includes a diverse array of nodules of many varying
sizes, types and textures.

� 2009 Elsevier B.V. All rights reserved.
In 2008, the American Cancer Society estimates that 29% of all
cancer deaths in the United States will be due to lung cancer. This
makes lung cancer the leading cause of cancer deaths in the United
States, killing more people than the next three most deadly cancers
combined (colon cancer, breast cancer and pancreatic cancer)
(American Cancer Society, 2008). One of the key issues in address-
ing this statistic is the fact that lung cancer is rarely diagnosed in
the early, more treatable stage of the disease which can be rela-
tively asymptomatic (American Cancer Society, 2008). Routine
screening programmes using low-dose computed tomography
(CT) scanning are currently being considered as a possible means
to detect the first signs of lung cancer in apparently healthy but
high-risk subjects (Gohagan et al., 2005; New York Early Lung Can-
cer Action Project Investigators, 2007; Novello et al., 2005; Swen-
sen et al., 2005; Xu et al., 2006).

Early stage lung cancer manifests itself in the form of pulmon-
ary nodules which are visible on thoracic CT scans. Pulmonary nod-
ules are abnormal structures which are generally approximately
spherical in shape, with those which are attached to the pleural
surface (pleural nodules) being roughly hemispherical. These le-
sions can be detected on CT images even if they are only a few mil-
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limetres in diameter (Henschke et al., 2001). They appear as small
bright spots surrounded by the darker lung parenchyma, with
grey-values very similar to those of blood vessels in the lungs.
Although the vast majority of pulmonary nodules are not malig-
nant and do not require treatment, detection of such nodules is
the first crucial step in identifying early stage lung cancer. Once
the nodule has been detected, monitoring of its size, density,
edge-smoothness and growth rate provide information about what
treatment, if any, is appropriate.

Studies have shown that radiologists frequently fail to detect all
visible nodules in CT scans (Gurney, 1996; Kakinuma et al., 1999;
Swensen et al., 2002; White et al., 1996). The examination of a
chest CT scan is a time-consuming and error-prone task while
the radiologist is vulnerable to human-error and fatigue. These is-
sues have motivated the development of computer-aided detection
(CAD) solutions for lung nodule annotation on CT scans. Thus far it
is generally accepted that the CAD solution is intended as an assis-
tant to the radiologist which can quickly identify suspicious struc-
tures for his attention (Rubin et al., 2005).

The area of computer-aided nodule detection in CT is an active
field of research with a wide range of approaches having been pub-
lished in the literature of the last number of years (Arimura et al.,
2004; Bae et al., 2005; Bellotti et al., 2007; Brown et al., 2003;
Chang et al., 2004; Dehmeshki et al., 2007; Enquobahrie et al.,
2007; Ge et al., 2005; Li et al., 2008; Matsumoto et al., 2006;
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McCulloch et al., 2004; Mendonça et al., 2007; Paik et al., 2004;
Retico et al., 2008; Wiemker et al., 2005; Ye et al., 2007; Zhang
et al., 2005; Zhao et al., 2003, 2006). It is virtually impossible to
compare these systems in any meaningful way due to the enor-
mous variation in dataset size, scan properties, data selection crite-
ria and reference standard generation. In the selection of literature
referenced above the authors tested variously on simulated nod-
ules, on nodules above or below particular size limits only, or on
solid or non-solid nodules only. The number of scans used for test-
ing varied between 5 and 500 with a median number of 29.5 and
many of the studies included multiple scans from individual pa-
tients meaning a reduction in the diversity of available nodules.
Furthermore the quality of the data used is highly variant, particu-
larly with respect to slice thickness and radiation dose.

Although many studies have reported promising results based
on their own data and experiments, a fully comprehensive system
which is evaluated and proven on a large unfiltered dataset, truly
representative of modern CT screening data has not been reported.
In this work an algorithm for automatic nodule detection is pre-
sented and its performance is thoroughly evaluated on three large
databases of trial screening data, the first with 1588 scans (2894
nodules), and the second and third with 1158 scans each (3451
and 1528 nodules respectively). The main components of the algo-
rithm have been presented previously (Murphy et al., 2007) and
showed promising results on a test set of 142 scans. Due to the in-
creased size of the datasets used in this work the system perfor-
mance can be reliably determined on particular nodule types and
sizes allowing us to pinpoint its strong and weak points. In the long
term the system can thus be refined or assisted by additional mod-
ular components to improve performance on specific nodule types.
The system performance we measure is based on tests over thou-
sands of individual nodules of differing shapes, textures, sizes and
locations and found in both healthy subjects and subjects exhibit-
ing pathology. The type of in-depth analysis and large-scale evalu-
ation that is employed in this study is a crucial step for any
algorithm under consideration for use in a clinical situation.
Table 1
Statistics on the number of scans in the three databases.

A B C

#Scans before checks 1588 1158 1158
#Scans with lung segmentation failures 53 37 37
#Scans after removing failures 1535 1121 1121
#Scans in training set 722 580 580
#Scans in test set 813 541 541
#Nodules in final training set 1369 1763 760
#Nodules in final test set 1525 1688 768
1. Materials

1.1. The Nelson trial data

The Nelson Trial is an experimental lung cancer screening pro-
gramme currently taking place in the Netherlands and Belgium.
The programme involves ongoing CT screening of members of
the general population who are considered high-risk for the devel-
opment of lung cancer due to being (former) heavy smokers. As a
participant in this programme the University Medical Center Utr-
echt has access to a large database of low-dose chest CT scans. In
all cases considered in this study, CT scanning was performed on
a 16 detector-row scanner (Mx8000 IDT or Brilliance 16P, Philips
Medical Systems, Cleveland, OH, USA). The scans were realized
within 12 s, in spiral mode with 16 � 0.75 mm collimation, with-
out contrast-injection and in inspiration. Exposure settings were
low-dose: 30 mAs at 120 kVp for subjects weighing below 80 kg
or 30 mAs at 140 kVp for those weighing over 80 kg. A soft recon-
struction filter (Philips ‘B’) was used. All scans have a per-slice size
resolution of 512 � 512, with the number of slices varying be-
tween 306 and 860 (on average 459 slices) for the data used in this
work. Slice thickness is 1 mm with slice-spacing of 0.7 mm. Pixel
spacing in the X and Y directions varies from 0.6 mm to 0.9 mm,
as the field of view was set for every scan to include the outer
rib margins at the widest dimension of the thorax.

For the purposes of the Nelson Trial observed pulmonary nod-
ules are identified in the University Medical Center Utrecht (on-
site) by an experienced observer and checked by a second observer
in an independent medical facility (core lab). Observers scored any
nodular structure not explained by atelectases, scars or infection.
During the first phase of the trial (more than 1000 scans) extensive
consultation between on-site readers and core lab ensured that
this definition induced as little ambiguity as possible. Observers
in the Nelson Trial are not required to mark findings whose auto-
matically calculated volume (via Siemens LungCARE workstation
software) is below 15 mm3, (diameter d of corresponding volume
sphere �3 mm) although they may do so if they choose. Nodules
with volumes larger than 15 mm3 must be documented and appro-
priate follow-up procedures are scheduled for patients with nod-
ules larger than 50 mm3 (d � 4.5 mm). Since there is no lower
bound on the volume of structures to be reported the database in-
cludes extremely small or trivial detections as well as larger and
more significant structures. Further details relating to the Nelson
Trial protocols can be found in (Xu et al., 2006).

The nodule-markings (hereafter referred to as ‘annotations’)
used as ground-truth in this work come primarily from a single
on-site observer (Observer1). For 813 scans the findings of the sec-
ond unblinded observer (Observer2) are available in addition.
These scans are therefore used as test data in Database A (see Sec-
tion 1.1.1), since the use of data with multiple available readings is
always preferable. Observer1 is a CT technician with special train-
ing in evaluating and reporting cancer screening CTs (>3000 scans
in 2 years) while Observer2 is a radiologist with 6 years of
experience.

For the purpose of evaluating our nodule detection algorithm
we have created three databases from the Nelson Trial data as de-
scribed in the remainder of this section. Where a patient had more
than one scan eligible for inclusion in a database the earliest scan
was chosen and the remainder excluded. The system reported a
detection as a true-positive if it was within seven voxels
(�1.4 mm) of an annotation. A summary of the number of scans
and annotations in each database is provided in Table 1.

In each database we exclude a number of scans where our auto-
matic lung segmentation procedure failed, since this paper focuses
solely on the nodule detection aspect of a computer-aided diagno-
sis (CAD) system. Due to the amount of data involved it was not
possible to check the lung segmentation and nodule detection re-
sults manually for every scan. Therefore only those scans where
the segmented regions had an unusual volume or left/right ratio
were checked for lung segmentation errors. A number of scans
with minor lung segmentation errors are erroneously retained
and may affect the nodule detection process. In particular several
examples were observed where a large pleural nodule was ex-
cluded from the lung volume resulting in a false-negative
detection.

1.1.1. Database A: all nodules from random scans
This database consists of an initial selection of 1588 non-con-

secutive scans made in 2005 as part of the Nelson Trial that year.
Automatic lung segmentation was unsuccessful for 53 of these
scans thus these were excluded leaving 1535 scans suitable for
nodule detection. Included are 813 scans for which annotations



Fig. 1. Overview of nodule detection scheme.
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from both Observer1 and Observer2 are available, thus these were
chosen as the test data. The remaining 722 scans which are used as
training data are selected randomly from the Nelson database for
2005. The training data contains a total of 1369 nodules annotated
by Observer1 only. The test data contains 1525 nodules including
all observations from either Observer1 or Observer2.

The results of Observer1 and Observer2 were similar enough to
make it acceptable that the training data has ground-truth from
Observer1 only. In fact Observer2 annotated 1518 nodules in the
test set, while Observer1 annotated 1525. Counting only nodules
annotated by both radiologists in the same location, we find that
1518 nodules were common to both.

1.1.2. Database B: all nodules from suspect scans
For this database we selected all scans which contained at least

one nodule with volume above 50 mm3 or with edge-smoothness
described as ‘‘Lobulated” or ‘‘Spiculated” or with category given
as ‘‘Non-solid” or ‘‘Partially-solid”. These are nodule types which
it is crucial to detect successfully, since they require follow-up or
have an appearance more suggestive of malignancy than the more
common smooth solid nodule (Jeong et al., 2007). The database
contained a total of 1158 scans selected from the Nelson data avail-
able from the period 2004–2007. (Of these, 343 scans were also
contained in database A). After removal of scans where the lungs
could not be automatically segmented 1121 scans remained.

Within database B there are 34 patients who have now had the
malignancy of a lesion proved conclusively by means of a biopsy.
To ensure the system received some training on any special aspects
of these lesions 14 of these (chosen at random) were included in
the training data while the remaining 20 patients were included
in the test set. The remaining data was divided at random between
the training and test sets such that the final training set contained
580 scans while the test set contained 541.

All annotations in this database are provided by Observer1 since
the data for Observer2 was not always available. There were a total
of 1763 annotations in the training data and 1688 in the test set.

1.1.3. Database C: large suspect nodules
This database is a subset of Database B described above where-

by all scans are examined but nodules with volume below 50 mm3

are excluded for the purposes of training and testing our algorithm.
In this way we measure the performance of our algorithm specifi-
cally in the detection of those nodules which require follow up and
examine whether performance is improved by training only with
such nodules. The training set in this case contained 760 nodules
while the test set contained 768. As with Database B all annota-
tions used for ground truth are made by Observer1.

2. Methods

In this section details of the nodule detection scheme will be
provided. Fig. 1 provides an overview of the procedures which
are described in detail in Sections 2.1–2.3.3. Note that the candi-
date detection procedure involves the use of a number of threshold
values which were empirically determined during the system
development on a small fully independent set of test data.

2.1. Pre-processing

Before beginning with nodule detection some initial processing
is carried out on the original image data as described below.

2.1.1. Sub-sampling of image data
The first step is to down-sample the data to improve the speed

of the algorithm. Use of the full-size images was extremely compu-
tationally expensive and gave little or no improvement to the re-
sults. The down-sampling is by means of block-averaging such
that the matrix size of 512 � 512 in the original Nelson Trial
images is reduced to 256 � 256, with the number of slices reduced
to form isotropically sampled data. Linear interpolation is used to
determine grey-values between voxel locations. The number of
slices in the down-sampled scans varied between 149 and 428
with an average of 223 slices per scan.

2.1.2. Segmentation of lung volume
The second pre-processing step involves the segmentation of

the lung volume from the surrounding tissues in the sub-sampled
image. The mask obtained from this segmentation is used to en-
sure that nodule detection is performed within the lung volume
only. This process has the two-fold advantage of reducing compu-
tation time and preventing the possible detection of false positive
structures in regions of the image outside the lungs. Lung segmen-
tation was carried out using an algorithm by Sluimer et al. (2005)
based on that of Hu et al. (2001).

2.2. Initial candidate detection

The process of initial candidate detection is described in de-
tail in the remainder of this section and depicted graphically
in Fig. 2.

2.2.1. Shape index and curvedness
Our scheme for nodule detection utilises the shape index (SI)

and curvedness (CV) features (Koenderink, 1990) to detect initial
nodule candidates. These are 3D local image features which are
calculated per voxel based on local attenuation values and give in-
sight into the surface topology at every point in the image volume.
The SI and CV are derived from the principal curvatures k1 and k2

(Koenderink, 1990) but have the advantage of decoupling topolog-
ical shape and magnitude of curvature. In the context of nodule
detection we are generally interested in voxels which show a
roughly spherical shape and where the size of the supposed sphere
is within a range of reasonable values. The shape index and



Table 2
Initial seed thresholds.

Value Upper threshold Lower threshold

SI 1 0.8 (near pleural surface)
0.9 (elsewhere)

CV 1 0.3

Table 3
Hysteresis thresholds.

Value Upper threshold Lower threshold

Fig. 2. The scheme for initial nodule candidate detection.
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curvedness values at a voxel are calculated using the principal cur-
vatures k1 and k2 at that point as follows1

SI ¼ 2
p

arctan
k1 þ k2

k1 � k2

� �
ð1Þ

CV ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
k2

1 þ k2
2

q
ð2Þ

The principal curvatures k1 and k2 are calculated for all voxels
within the lung volume using first and second order derivatives
of the image blurred with a Gaussian filter with scale r = 1 voxel.
This value for r was empirically determined to reduce noise with-
out removing important structural detail.

2.2.2. Seed point detection
Once the SI and CV values for the image are known, a set of seed

points is established by the thresholding of these values according
to empirically decided limits shown in Table 2. Voxels which have
both SI and CV within the thresholds are selected as seeds. These
seed points represent voxels which may lie on a nodule surface
and whose locality deserves further exploration. For locations
within five voxels of the pleural surface a slightly lower threshold
for SI is used in order to increase the number of seed detections
near the lung boundaries. This is necessary since pleural nodules
do not present as much surface area for examination, and in addi-
tion the SI and CV values in their region may be affected by the
topology of the adjacent pleural surface.

2.2.3. Cluster formation
The seedpoints are now expanded to form clusters of voxels of

interest. The expansion is based on hysteresis thresholding (Can-
ny, 1986) using broader thresholds as shown in Table 3. The final
cluster therefore contains only voxels whose SI and CV values fall
within the broader threshold range and which can be connected
(using six-connectivity) to a seedpoint by a chain of other such
voxels.

It should be noted that for a perfectly spherical structure, the
voxels in the final cluster lie in the region of the blurred surface
of the sphere. The centre of mass of the cluster is taken to be the
point of interest at this stage.

A cluster whose original seedpoint lies within five voxels of the
pleural surface is considered to be a pleural candidate. At this stage
clusters whose volume is below a pre-determined threshold tvol are
discarded as their inclusion in the remaining processing steps was
found to be extremely costly and more likely to introduce false-
positives. During the development phase tvol was empirically set
at four voxels for candidates in the pleural region and at 15 voxels
for the remaining candidates.
1 The definition of CV used here excludes the scaling constant of
ffiffiffi
2
p

used by
Koenderink (1990) which serves only to enforce unit curvedness on the unit sphere.
2.2.4. Cluster merging
At this stage a large number of clusters have been detected.

Each one represents a region of surface in the image and it is rea-
sonable to suppose that a true structure such as a nodule may have
more than one cluster representing it. Except in the case where the
nodule is extremely large and unusually shaped these clusters will
lie in close proximity to each other. Clusters with locations within
three voxels of each other are therefore recursively merged until
no more merges can be performed, and the procedure is then re-
peated for clusters within seven voxels of each other. Fig. 3 shows
examples of candidate structures being merged. It will be seen that
this merging procedure is repeated at several later points in the
processing pipeline (see Fig. 1). Although in later stages only a very
small number of structures (if any) will require merging, the pro-
cedure serves two main purposes. Firstly, it ensures that a single
nodule is represented by a single detection rather than by two
detections alongside each other. Secondly, where the candidates
being merged are false-positives, it frequently results in an oddly
shaped structure which can be more easily eliminated in later clas-
sification steps.

2.2.5. Candidate location adjustments
At this point the candidate locations are checked and adjusted

to ensure that they sit at the brightest spot locally. This is
important since the nodule location defined by the centre of
mass of the voxel cluster is not always accurate in locating the
nodule centre, particularly for pleural nodules or where the vox-
el cluster found is concentrated on one side of the nodule sur-
face. The location adjustment procedure examines all local
points with a maximum distance of three voxels from the origi-
nal candidate location. At each local point the average grey-value
over the point and its six connected neighbours is calculated.
The location with the highest average local grey-value is chosen
as the new candidate location. Local averaging is necessary to
exclude the possibility that a bright voxel representing data
noise is selected.
SI 1 0.7 (near pleural surface)
CV 1.3 0.2



Fig. 3. Two examples of merging structures. Top rows show consecutive axial slices. Bottom rows show the same slices with structures to be merged in contrasting colours.
(a) A true-positive structure is initially detected as two individual objects which will be merged. (b) Two false-positive detections to be merged into a single object. This object
was subsequently rejected as a false-positive.
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2.3. False positive reduction

The false-positive reduction consists of two consecutive classi-
fication steps using k-Nearest-Neighbour (kNN) classifiers (Cover
and Hart, 1967). During pilot experiments other supervised classi-
fication methods (Duda et al., 2001) were tested however kNN was
found to achieve the best results. The nature of the data does not
lend itself well to linear classification and testing with a Support
Vector Machine classifier obtained slightly worse results than
those from the kNN classifier. In all cases k was set at the (odd)
square-root of the number of samples in the training set. Experi-
mentation with the value of k did not yield any improvement in
experiments during the development phase.

Prior to classification, it is necessary to generate training data to
train the kNN classifiers as well as possible. This procedure is de-
scribed in Section 2.3.1 below and illustrated in Fig. 4.

For the initial classification a small number of features which
are efficient to calculate are used in order to substantially reduce
the number of candidates without too much overhead. The number
of candidates remaining after the initial classification is then small
enough to allow efficient calculation of a larger set of more com-
plex features for the final classification step. In both classification
steps feature selection was carried out by ‘Sequential Forward
Floating Selection’ (SFFS) (Pudil et al., 1994) to establish the most
discriminative subset of all calculated features. The SFFS procedure
Fig. 4. Generation o
used leave-one-out training and testing on the training dataset
only, with the area under the Receiver Operating Curve (ROC curve
Metz, 1986) as the criterion to be optimized. The maximum num-
ber of features to be selected is set at 15 for the first classifier and
50 for the second.

Leave-one-out training and testing on the training dataset is
also used to determine a threshold value for the posterior probabil-
ity given by the soft classification from the first kNN classifier. This
threshold is used to establish which items from the first classifica-
tion will be sent as candidates to the second classification step. The
threshold is chosen such that 90% of true nodules are correctly
identified by the classifier in the training set.

Similarly a posterior probability threshold is determined via
training and testing on the training dataset such that 90% of true
nodules are retained after the final kNN-classification step. After
nodule detection is completed these results are stored, and by
reducing this threshold the system performance at lower sensitiv-
ity rates can be examined. In the remainder of this work this will
be referred to as varying the ‘‘operating point” of the system.

The individual classification steps are described in Sections
2.3.2 and 2.3.3 below.

2.3.1. Training data generation
The key requirement in generating training data is that the cir-

cumstances under which the data is gathered should resemble as
f training sets.
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closely as possible those which will occur during the testing phase.
For example, the training data for the second classification step
should consist of candidates marked positive by a well-trained
classifier in the initial kNN-classification. For this reason we use
a three-step training set generation procedure, which is illustrated
in Fig. 4, resulting in final training sets, Steps123_c1 for the first
classifier and Steps23_c2 for the second. The description given here
is generic–specific details for individual databases are provided in
Section 3.

The scans available for training are divided randomly into three
similarly sized groups, Scans_Step1, Scans_Step2 and Scans_Step3.
In the first step we do initial candidate detection on the images in
Scans_Step1 and use the generated candidates along with the
ground-truth information to create a training set with all the fea-
tures necessary for use in a first-classification step. Since we have
no prior training data available no kNN classification is carried out
on the Scans_Step1 data.

In step 2 we use the images in Scans_Step2, and as in step 1 we
detect initial candidates and build a training set suitable for use in
the first-classification. Next we make use of the training data that
was created in step 1 to train a kNN-classifier and perform an ini-
tial classification to reduce the number of false-positives. The
remaining candidates emerging from this first classification are
now used to build a training dataset containing all the features
used in the second-classification step.

The third step in the procedure uses the images from Scans_-
Step3 and repeats the procedure outlined in step2, except that in
the first classification training data is a combination of that ob-
tained in step 1 and in step 2. The reason for the inclusion of step
3 as a separate process (rather than simply combining step2 and
step3 into a single step) is that the classifier trained with this
combined data in step 3 gives even more accurate output than
the first-step classifier in step 2. Its output is therefore closer to
what we expect to occur in the testing situation and more valuable
as training data.

Training sets produced in this manner will contain an extremely
high number of false examples compared to true examples. For this
reason we reduce the size of the false classes at the end of each
step in the training procedure, such that the ratio of false objects
to true objects in each dataset is roughly 3:1. This ratio was found
to give optimal results during the development phase. The removal
of false items is done by the data condensation method of Mitra et
al. (2002) in order not to alter the distribution of the samples. This
method produces a small representative subset from a larger data-
set by the selection of points in a multi-scale fashion. The accuracy
of representation by the subset is measured in terms of the error in
density estimates of the original and reduced sets. The value of the
parameter k determines the scales at which the data is viewed. In
this work k is set initially at 15 and the set of false items is repeat-
Table 4
The features calculated for the first kNN classifier. See text in Section 2.3.2.

ID Description

Features of the voxel cluster
a1 Cluster size (number of voxels)
a2 Compactness1, ClusterSize

ðdimxÞðdimyÞðdimzÞ

a3 Compactness2, ClusterSize
max dim3

a4 Ratio max_dim:min_dim
a5 Ratio max_dim:med_dim
a6 Ratio Amed:Amax where Amax, Amed and Amin are the eigenvalues fo
a7 Ratio Amin:Amax

a8 Sphericity, num cluster voxels in sphere S
vol sphere S where sphere_S is a sphere at t

a9 Ratio Sphericity:r

Features of voxels in spherical kernels at the candidate location
a10-a18 On grey-values over spherical kernels K: Average, Median, Stand
edly condensed until further condensation would reduce it below
the desired size (3 � number of true examples). The parameter k
is then decremented and condensation is attempted again. This
loop is repeated until k 6 2 or the dataset reaches precisely the de-
sired size.

2.3.2. Initial kNN classification
For the first kNN classifier a total of 18 features were calculated

prior to feature selection. The entire list of calculated features is
presented in Table 4 along with reference IDs which are used in
this text. Details of which features were selected by SFFS in various
experiments are presented in Table 6.

The features calculated at this stage relate to the geometric
properties of the clusters of voxels found by the initial candidate
detection step (a1–a9) as well as the grey-values in the region
around the candidate locations (a10–a18). The shape of the voxel
cluster gives an idea whether the structure in question is elongated
(i.e. vessel-like) or roughly spherical, while its size can be a valu-
able feature in differentiating between true and false candidates.
The grey-value features are examined over spherical kernels of
voxels around the candidate location to try to eliminate structures
which do not lie in a sufficiently bright region. Note that the
descriptions in the table make reference to the ‘radius’, r, of the
voxel cluster. This value is calculated by summing the maximum
diameter of the cluster in each of the directions X, Y and Z, dividing
by 3 to get an average diameter, and by 2 to get an average radius.
The ‘kernel halfsizes’ mentioned refer to the radii (in voxels) of the
spherical kernels in question.

When the first classification step is complete, the candidates are
merged again where necessary, as described in Section 2.2.4.
Although the original merging step was exhaustive, the subsequent
location adjustment step (see Section 2.2.5) means that further
merges may now be possible. It is particularly necessary to check
for merge possibilities in case the location adjustments have
placed two candidates in the same location. Merging is not carried
out until after the first classification has been completed because at
this stage the number of false-positives has been reduced and the
possibility of invalid merges between true and false items is
greatly reduced. After the exhaustive merging the nodule locations
are once again adjusted to the brightest local points as described in
Section 2.2.5.

2.3.3. Final kNN classification
The full set of 135 features calculated for the final kNN classifi-

cation are detailed in Table 5 with assigned IDs to which we refer
in this text. Table 6 lists which features were selected in various
experiments. Note that the descriptions in Table 5 make reference
to the ‘radius’, r, of the voxel cluster (explained in Section 2.3.2)
and to the radius rseg, which is calculated in the same way but
Notes

dimi = width in dim. i

max_dim = maxi(dimi)

min_dim = mini(dimi)
med_dim = mediani(dimi)

r the eigenvectors of the cluster data by principal component analysis
as for a6 above

he candidate location with radius r

ard-Deviation Halfsizes of K: 1 (a10-a12), 3 (a13-a15), r (a16-a18)



Table 5
The features calculated for the final kNN classifier. See text in Section 2.3.3

ID Description Notes

Features of the voxel cluster
b1-b9 Features a1-a9 as described in Table 4
b19 min_dim = mini(dimi) dimi = width in dim. i
b20 max_dim = maxi(dimi) dimi = width in dim. i

Features of voxels in spherical kernels at the candidate location
b10-b18 Features a10-a18 as described in Table 4
b21-b26 On grey-values over spherical kernels K: Min, Max Halfsizes of K: 1 (b21-b22), 3 (b23-b24), r (b25-b26)
b27-b36 On SI over spherical kernels K: Average, Median, Std-Dev, Min,

Max
Halfsizes of K: 3 (b27-b31), r (b32-b36)

b37-b46 On CV over spherical kernels K: Average, Median, Std-Dev, Min,
Max

Halfsizes of K: 3 (b37-b41), r (b42-b46)

Features calculated on randomly chosen points on a spherical surface around the candidate location.
b47-b76 Features of Gradient orientation values: Average(Avg), Median,

Max, Min, Std-Dev, Coefficient of
Variation, Ratio Max:Min, Ratio Std-Dev:Median, Ratio
Median:Avg, Ratio Median:Max

30 points on sphere rad = 3 (b47-b56), 50 points on sphere rad = r (b57-
b66), 50 points on sphere rad = rseg (b67-b76)

b77-b106 Features of Gradient magnitude values: Average(Avg), Median,
Max, Min, Std-Dev, Coefficient of Variation, Ratio Max:Min, Ratio
Std-Dev:Median, Ratio Median:Avg, Ratio Median:Max

30 points on sphere rad = 3 (b77-b86), 50 points on sphere rad=r (b87-
b96), 50
points on sphere rad = rseg (b97-b106)

Features of voxels in the candidate segmentation
b107-b115 Features a1-a9 as described in Table 4 but calculated this time over the segmented voxels NOT the cluster voxels
b116 min_dim = mini(dimi)
b117 max_dim = maxi(dimi)
b118-b122 On grey-values over segmented voxels: Average, Median, Std-Dev, Min, Max
b123-b127 On SI of segmented voxels: Average, Median, Std-Dev, Min, Max
b128-b132 On CV of segmented voxels: Average, Median, Std-Dev, Min, Max
b133 Ratio Num segmented voxels: Num ROI voxels
b134 Ratio {Distance from candidate location to the farthest point in the segmentation}:

{Number of voxels in the segmentation}

Other features
b135 Posterior probability of being a true nodule from the first classication step

Table 6
Features selected during experiments on the 3 databases A, B and C

Classifier 1 Classifier 2

A B C A B C A B C A B C

a1 1 1 1 b1 1 1 1 b46 0 0 1 b92 0 0 1
a2 0 1 0 b5 0 0 1 b49 0 0 1 b93 0 0 1
a3 1 0 1 b7 0 0 1 b52 1 0 0 b94 0 0 1
a4 0 0 1 b8 0 0 1 b54 0 0 1 b103 1 0 1
a7 0 0 1 b12 0 1 0 b55 1 0 0 b107 0 0 1
a8 1 1 0 b13 0 0 1 b56 1 0 0 b113 0 1 0
a9 0 1 0 b21 0 0 1 b57 0 0 1 b115 0 0 1
a10 1 1 1 b22 0 1 0 b58 0 1 1 b116 0 0 1
a11 1 1 1 b24 0 0 1 b62 0 1 1 b120 1 1 0
a12 1 0 1 b25 1 0 0 b64 1 0 1 b122 0 1 0
a13 1 0 0 b26 0 0 1 b65 1 1 1 b123 1 1 1
a14 1 0 1 b27 0 0 1 b66 0 1 1 b124 1 0 1
a15 1 0 1 b28 0 1 1 b67 0 1 0 b125 1 0 1
a16 1 0 1 b29 1 1 0 b68 1 0 0 b126 1 0 1
a17 0 1 0 b36 0 0 1 b70 1 0 0 b129 0 0 1
a18 0 1 0 b39 0 0 1 b72 0 0 1 b130 0 0 1

b40 0 0 1 b75 1 0 1 b131 0 1 0
b41 1 0 1 b79 0 1 0 b134 1 1 1
b44 0 0 1 b83 0 1 1 b135 1 1 1
b45 0 0 1 b90 0 0 1

Total 10 8 10 Total 20 19 44
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using the voxels contained in the nodule segmentation. The ‘kernel
halfsizes’ mentioned refer to the radii (in voxels) of the spherical
kernels in question.

All of the features calculated in the first classification step are
re-used (b1–b18), and the posterior probability of a structure being
a true nodule, which was calculated by the first classifier, is used as
a feature at this stage also (b135).

Features of the SI and CV values in spherical kernels placed at
the candidate location are added at this time (b27–b46), in addi-
tion to features of gradient orientation and magnitude on hypo-
thetical spherical surfaces around the centre of the structure
(b47–b106). Most true nodules have a shape that is roughly spher-
ical and a gradient field that is roughly radially symmetric. For
true-positives we therefore expect the gradient magnitude to be
similar at all points on a generated spherical surface, while gradi-
ent orientation should always be roughly normal to the surface
of the sphere. These features are calculated on randomly chosen
points from spherical surfaces of various sizes. The number of
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points to be sampled on a sphere of a particular size was empiri-
cally determined. The gradient orientation is the component of
gradient in the radial direction, and is defined at a point p as
(r � g)/jrjjgj where g is the gradient vector at p and r is the radial
vector from the sphere centre to p.

We segment the candidate structures using an algorithm de-
scribed by Kostis et al. (2003) in order to calculate features of
the segmented objects. In order to improve the accuracy of
the segmentations the process was carried out on a region of
interest centred at the candidate location but extracted from
the full resolution image rather than the sub-sampled version.
This was done since the segmentation on the sub-sampled im-
age was more prone to failure, however for convenience the
coordinates of the segmented voxels were converted back to
their equivalent values in the sub-sampled image for further
processing. The features of the segmented voxels (b107–b134)
which are calculated are broadly similar to those which were
calculated relating to the initially detected voxel clusters. With
these features we aim to determine whether the size and shape
of the segmented object are commensurate with those of a true
nodule and we expect that a good segmentation will give more
accurate feature information than that obtained from the initial
voxel cluster.

Finally the candidate merging procedure is performed one more
time (as previously, new merges may be possible following the
location adjustment step after the first kNN classification), and
the locations are adjusted to the brightest local point for a final
time. This step aims primarily to ensure that we find only one
detection per annotation (and thus do not count surplus correct
detections as false-positives).
Database A Databases B & C
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All Scans
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Fig. 6. (a) Number of scans per database. (b) Number of samples in training data sets
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Fig. 5. The proportions of nodules of various sizes in the three databases. Diameter
measurements refer to diameters of spheres with volumes equivalent to those of
the nodules.
3. Results

In this section we present the experiments performed and the
results for nodule detection on each of the databases created and
analyse the algorithm performance. Statistics relating to the num-
bers of scans, and the numbers and sizes of nodules in each of the
databases are illustrated in Figs. 5 and 6.

3.1. Database A

The training sets for Database A were formulated as described
in Section 2.3.1. The initial 750 training scans were divided ran-
domly into three groups of 250 scans each, to be used in the three
steps of the training set generation procedure. After the removal of
scans where lung segmentation failed, the three groups contained
242, 243 and 237 scans respectively.

The training set for the initial classifier contained 5776 samples,
1351 of which were true nodules, while the training set for the fi-
nal classifier contained 3436 samples with 819 true-positives (see
Fig. 6b).

The testing phase began with the SFFS feature selection proce-
dure in which features were chosen for each classification step as
shown in Table 6. The first classification proceeded with 10 se-
lected features while the final classifier used a total of 20 features.
The number of scans processed in the test data is 813 after removal
of scans where the lung segmentation failed.

The results of the nodule detection for Database A are shown in
Table 7, while the FROC curve achieved by varying the operating
point in the final classification is shown in Fig. 8a.

3.2. Database B

This database consisted of scans which contained at least one
nodule of clinical interest due to its size or physical properties.
Most of these scans also contain other smaller or less significant
nodules, meaning that the database contains a wide range of nod-
ule sizes (see Fig. 5).

The training sets were created as described in Section 2.3.1. The
600 training scans were divided into three groups of 200 scans each,
to be used in the three steps of the training set generation proce-
dure. This division was random with the exception of the 14 pa-
tients known to have a malignancy which were placed in the third
set, Scans_Step3. After removal of the scans where lung segmenta-
tion failed the three groups had 191, 196 and 193 scans respectively.

The training set for the initial classifier contained 7868 samples,
1715 of which were true nodules, while the training set for the fi-
nal classifier contained 4490 samples with 1090 true-positives (see
Fig. 6b).
C1 C2

Database A

C1 C2

Database B

C1 C2

Database C

2000

4000
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8000
Samples
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(b)
. Classifier 1 training data is indicated by C1 and classifier 2 training data by C2.



Table 7
Results for experiments on database A.

Number of Scans 813
Number of annotations 1525

Sensitivity FP per scan

After initial candidate detection 97.2% 649.0
After first classification 92.3% 77.3
After final classification
— At around 4 FP per scan 80.0% 4.2
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The testing phase began with the SFFS feature selection proce-
dure in which features were chosen for each classification step as
shown in Table 6. A total of eight features were selected for the ini-
tial classification, with 19 features being chosen for the final clas-
sifier. The number of scans processed in the test data is 541 after
removal of scans where the lung segmentation failed.

The results of the nodule detection for Database B are shown in
Table 8 and illustrated in an FROC curve in Fig. 8a. A selection of
nodules from Database B are shown in Fig. 7. These nodules were
detected by the system with varying degrees of certainty (posterior
probabilities). It is difficult to make generalisations based on a
small number of samples such as is shown in Fig. 7, in particular
since the 3D characteristics of these structures cannot be gauged
from these images. However it can be seen that the nodules in
the top row, which were detected with posterior probabilities
(pp) higher than 0.9, generally have a reasonably spherical appear-
ance and are frequently clear of any other structures in the locality.
Nodules in the second row (0.45 < pp < 0.9) have similar character-
istics and are also successfully detected at an overall rate of four FP
per scan. In the third row the nodules shown have 0.35 < pp < 0.45
which is around the borderline point for detection at a rate of four
FP per scan. These nodules tend to have less spherical surfaces and/
or are close to other structures or surfaces which make their detec-
tion more difficult. Finally the nodules presented in the bottom
row are among those which are not detected at a rate of four FP
Fig. 7. Randomly selected sample nodules from database B with varying posterior probab
pp for detection at 4 FP per scan was 0.41. Top Row: Nodules detected with high pp (p
Nodules with borderline pp values (0.35 < pp < 0.45). Bottom Row: Nodules not detected

Table 8
Results for experiments on database B.

Number of scans 541
Number of annotations 1688

Sensitivity FP per scan

After initial candidate detection 97.7% 750.5
After first classification 91.9% 69.0
After final classification
— At around 4 FP per scan 72.4% 4.0
per scan (pp < 0.35). As with the row above, these nodules have
awkward shapes, or are located alongside other confounding sur-
faces and structures, or in regions of pathology.

3.3. Database C

This database contained precisely the same images as Database
B, but only those nodules with volumes above 50 mm3 are consid-
ered in both the training and testing steps. The procedure to divide
the data into groups and build the training sets was exactly as de-
scribed in Section 3.2 except that only nodules with volumes above
50 mm3 were included. The training set for the initial classifier
contained 3127 samples, 748 of which were true nodules, while
the training set for the final classifier contained 1900 samples with
465 true-positives (see Fig. 6b).

The testing phase began with the SFFS feature selection proce-
dure in which features were chosen for each classification step as
shown in Table 6. The initial classifier chose 10 features for use
in classification while the final classifier chose a total of 44 fea-
tures. The number of scans processed in the test data is 541 after
removal of scans where the lung segmentation failed.

The results of the nodule detection for Database C are shown in
Table 9 and illustrated in an FROC curve in Fig. 8a.
4. Analysis

It is clear from the FROC curves shown in Fig. 8a that the best
performance was achieved on Database A, with the algorithm per-
forming slightly better on Database C than on Database B. In this
section we analyse the algorithm performance in detail in order
to determine what factors contribute to a successful or poor perfor-
mance. In Sections 4.1, 4.2, and 4.3 we examine the algorithm per-
formance on Database B in relation to nodule size, nodule location
and nodule type. The performance trends which we see for Data-
base B in relation to these sub-groups of nodules are found to be
similar for Databases A and C, therefore we do not repeat the same
ilities (pp) assigned by the detection system. All images are in axial view. The cutoff
p > 0.9). Second Row: Nodules detected with lower pp (0.45 < pp < 0.9). Third Row:

at 4FP per scan (pp < 0.35).

Table 9
Results for experiments on database C.

Number of scans 541
Number of annotations 768

Sensitivity FP per scan

After initial candidate detection 98.2% 752.1
After first classification 92.2% 51.2
After final classification
— At around 4 FP per scan 77.7% 4.2
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analysis on those databases. In the remainder of this section per-
formance on larger nodule sizes and proven malignancies is exam-
ined, false-positive detections are categorised and possible reasons
for sporadic high false-positive rates are investigated.

4.1. Analysis by nodule size

The distribution of nodule volumes in the testing data of Data-
base B is shown in Fig. 9a while Fig. 9b shows the performance of
the algorithm on each of these volume groups. It is clear that the
performance is substantially worse on the groups containing the
largest nodules, particularly those above 350 mm3 (d � 8.7 mm)
in volume.

4.1.1. Performance on larger nodules
Database C was constructed to test the performance of the algo-

rithm when training and testing was performed only on nodules
above 50 mm3 in volume. It is clear from Fig. 8a that its overall per-
formance is slightly better than that of Database B which contains
the same nodules but also a large quantity of smaller nodules (see
Fig. 5). In Fig. 8b we compare the performance of the algorithm on
database B and C on the three groups of nodules with largest vol-
umes, and see that in each case the performance on Database C is
slightly better than that on Database B.

4.2. Analysis by nodule location

In the Nelson Trial the radiologist annotating nodule locations
was required to give an indication where in the lung the nodule
was located. The locations were categorized using the distance d
Volumes in mm

Diameters in m

Annotations

(a)

200

400

600

800

1000 920

586

74 34 14 60

50

4.5

50 150

4.5 6.6

150 250

6.6 7.8

250 350

7.8 8.7

350 450

8.7 9.5

450

9.5

Fig. 9. (a) Distribution of nodule sizes in database B. (b) FROC analysis of system perfor
show performance at lower FP rates more clearly. Diameter measurements refer to diam
between the costal pleural surface and the hilum as a guideline
as follows: Pleural (Nodule is attached to the costal pleural sur-
face), Peripheral (Distance to the costal pleural surface is less than
one third of d), Central (Distance to the costal pleural surface is
more than two-thirds of d), Other (Distance to the costal pleural
surface is between one and two-thirds of d).

In Fig. 10 we examine the distribution of nodule locations in
the test data of Database B and the performance of our algo-
rithm in terms of these nodule locations. The system performs
best on peripheral nodules which are near the pleural surface
but not attached to it. Nodules in the category ‘other’, which
do not lie in the region of the mediastinum and are not attached
to the pleural surface are also relatively easy to detect, while
central nodules and pleural nodules appear to present a much
greater challenge.

4.3. Analysis by nodule type

The radiologist annotating nodules for the Nelson Trial was also
required to note the type of nodule which had been found, accord-
ing to the following list of categories: (A) Solid nodule, (B) Partially
solid nodule, (C) Non-solid nodule, (D) Benign fat, (E) Benign calci-
fication, (F) Complete calcification, (G) Central calcification, (H)
Plate-like atelectasis. For the purposes of this analysis categories
B and C are considered together as ‘non/part solid nodules’, and
categories D, E, G, H are grouped under the title ‘Other’ due to
the very low occurrence rate of these nodule types. Fig. 11a shows
the distribution of nodule types in the test data of database B and
Fig. 11b shows the performance of the algorithm in detecting the
various types.
3
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4.4. Detection rate of proven malignancies

Within the test set for database C there are 20 patients who
have now had a lesion proved malignant by means of a biopsy.
To determine the ability of our system to detect proven cancer at
an early stage, and in line with our normal protocol (see Section
1.1) we took the earliest available scan from each of these patients
for inclusion in our database.

Of the 20 malignant lesions in the test set, one was excluded
since the nodule was not yet visible in the earliest scan of the pa-
tient which was processed by our algorithm.

Fourteen of the remaining 19 malignancies (73.7%) were suc-
cessfully detected. Two of the five malignant nodules undetected
by the system were erroneously excluded from the lung segmenta-
tion and thus could not be identified. These results are based on the
same operating point as that which gave an average of four false-
positives per scan over the entire test set in Database C. Over these
19 images there was an overall sensitivity of 89.2% with an average
of 5.7 false-positives per scan.

The five missed malignant nodules are depicted in Fig. 12.

4.5. Analysis of false-positive items

In order to analyse the types of FP arising from the system 1013
FP items in 340 scans were examined by a radiologist in training 2.
In the selection of FP items to be examined, scans with more than 15
FP items were excluded since these potentially contained pathology
responsible for many of the FP items (see Section 4.6). The scan
2 A physician with two years of experience in radiology, particularly in CT lung
cancer evaluation.
selection was otherwise random. The FP items in question were de-
tected at an operating point giving an average 4FP per scan over the
full database B.

The observer was asked to categorise each FP item into one of
13 categories as follows: Nodule, pathology, vessel, vessel junction,
fissure, scar tissue, hilum, mediastinum, protruding rib, pleural
wall, fluid/phlegm, spinal column, other. The results of the obser-
ver analysis are illustrated in Fig. 13 which also shows the chang-
ing trend in FP sources at different operating points of the CAD
system. It should be noted that these results, as with all cases of
single-reading, represent the opinion of a single observer and
may be open to interpretation in some cases. They are nonetheless
indicative of the general trend in the processed data.

The observer judged that 159 of the 1013 FP detections were in
fact nodules (15.7%). Many of these were too small to have been
annotated for the Nelson Trial but nonetheless it is acceptable for
a system such as this to identify them.

Vessels, vessel junctions and parts of fissures made up 464
(45.8%) of the FP items examined. Also with relatively high propor-
tions were parts of the pleural surface (7.9%), parts of the spinal
column (7.9%) and protruding ribs (7.3%). A further 4.8% of FP items
were caused by fluid/phlegm in the bronchi. Additional lesser dif-
ficulties are presented by the central regions of the hilum (2.4%)
and the mediastinum (0.5%).

The remaining 15.8% of FP items are classified in the category
‘other’ which included regions of the bronchi (4), artefacts (4),
pacemaker leads (3), atelectasis (4) and calcium in the coronary ar-
tery (1).

Fig. 14 shows examples of false positive structures which were
assigned to various categories. Samples of the false-positives which
were later identified as nodules are presented on the top left of this



Fig. 12. (a) Two large malignant nodules which could not be detected by the system as they were erroneously excluded from the lung segmentations. (b) Three malignant
nodules which were not detected by the CAD system at an average 4FP per scan. Note that the first example was also not detected by the radiologist until a follow-up scan. At
an increased false-positive rate of 5FP per scan all three nodules are successfully identified by the system.
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image. Many of these were very small structures which were over-
looked during the original annotation procedure. The leftmost
structure is attached to a vessel junction making it more difficult
for an observer to notice. On the top right of the image, vessels
and vessel junctions which were erroneously detected as nodules
are shown. Again, these are mainly very small structures at turn-
ing- or branch-points of vessels. Examples of mediastinal and pleu-
ral structures which were detected as nodules are shown on the
bottom left of Fig. 14. It is clear that surfaces with properties sim-
ilar to those of nodules occur frequently in these regions. Patholog-
ical structures and an example of atelectasis (rightmost image) are
shown on the bottom right. Such structures are very similar in
appearance to true nodules.

4.6. Scans with a high proportion of false-positive items

It was noted that a number of scans had an unusually high rate
of false-positives compared to the overall system average. In data-
base B, at an overall average rate of four FPs per scan, 19 scans con-
tained 15 or more FPs. The number of FPs per item was maximum
in a scan with 103 FP items and the average over the 19 scans was
32.4 FPs per scan These 19 scans were examined by a trainee radi-
ologist to determine whether a clinical reason for the high number
of FPs could be identified.

Of the 19 scans checked, nine were deemed to have moderate or
severe pathology (mainly interstitial lung disease and fibrosis)
which caused the high occurrence of false positive detections. A
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Fig. 13. An illustration of the distribution of false-positive types at various
operating points in the CAD system. (This analysis is based on 1013 FP items from
database B.)

Fig. 14. False-positive items examined and categorised by an expert. All images in axial v
vessel or vessel junctions. Bottom Left: 5 items categorised as mediastinum/rib/pleural
further three scans contained an extremely high number of nod-
ules, many of which were not annotated due to the sheer volume
of nodules already marked and the fact that most of them were
clearly benign calcifications. The nodules marked by the CAD sys-
tem were therefore valid detections and should have been consid-
ered true-positives. The remaining seven scans displayed no clear
reason for the high false-positive rate apart from poor inhalation
in one case and density patterns typical in the lungs of heavy
smokers in the others.

The exclusion of the 12 scans with pathology or widespread un-
marked calcifications increased the system sensitivity from 72.4%
to 75.2% at four FP per scan, demonstrating that the presence of
a small number of such scans has a noticeable effect on the overall
system performance.
5. Discussion

In this work a CAD system for the automatic detection of pul-
monary nodules has been presented and extensively evaluated,
particularly in the context of lung cancer screening data. Although
many such systems have been presented in previous literature, to
our knowledge no study of this scale has been carried out before.
This type of analysis is vital in the development and improvement
of a CAD system in preparation for clinical use. The results we have
presented illustrate both the strong and weak points of the system
as well as highlighting the general difficulty of detecting all nodule
types simultaneously without the introduction of large numbers of
false-positive detections.

Our analysis of the system performance categorized by nodule
size showed that larger nodules, which generally pose a greater
threat to the patient, remain the most difficult to detect (Fig. 9).
Although the performance was slightly improved by eliminating
the high number of smaller nodules from the training data (see
Fig. 8b) the results were not substantially better. In a supervised
learning system such as this, the poor performance can be partially
attributed to the smaller numbers of training samples available for
larger nodules. However it also seems likely that the more irregular
shapes and density patterns exhibited by larger nodules make
them difficult to identify conclusively by means of local image fea-
tures. This theory is backed up by the outcome of feature selection
in database C compared to databases A and B (Table 6). For
iew. Top Left: 5 items categorised as true nodules. Top Right: 5 items categorised as
surface. Bottom Right: 5 items categorised as pathology/atelectasis.
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databases A and B, which contain predominantly nodules with vol-
umes below 50 mm3, 20 and 19 features respectively are selected
for the second stage classifiers. Database C contains exactly the
same set of nodules as Database B excluding those below
50 mm3, and the feature selection procedure identifies a total of
44 features to be retained for the best results. This increase in
the number of features required may be indicative of the much
greater diversity in the appearance of larger nodules.

In considering the proficiency of the CAD system in the context
of nodule locations (Fig. 10), it can be seen that peripheral nodules
present the fewest difficulties. This is to be expected since they lie
in an area where their surfaces are unlikely to be compounded by
any other structures such as vessels or the mediastinal wall. In
addition the training data contains more peripheral nodules than
any other type. The system performance is also extremely good
on nodules remote from both the mediastinum and the costal-
pleural surface (Category ‘Other’), again since they are likely to
be isolated or have only minor vessel connections.

In contrast however, the performance on pleural nodules and
central nodules is relatively poor. Central nodules are located
around the area of the mediastinum which has a complex topology
with many partially spherical surfaces and high intensity values.
Nodules in this region are therefore much more difficult to detect
and isolate correctly and have a surrounding area dissimilar to that
of other nodule types. After the first classification step we retain
90.9% of the central nodules. This figure is comparable with that
for nodules in other locations, implying that it is the second classi-
fication step which is mainly at fault in the incorrect elimination of
these candidates. The lower performance rate in the detection of
pleural nodules is likely to be caused by similar factors. Since they
are attached to the pleural surface they are usually roughly hemi-
spherical in shape and therefore significantly different in appear-
ance to all other nodule types. The initial candidate detection step
correctly identifies 96.4% of the pleural nodules annotated, how-
ever after the first classification only 81.8% are correctly retained
which is considerably lower than the general system sensitivity
at this point. It is clear that nodules in contact with the pleural sur-
face require special treatment and that a separate procedure
should be developed for the detection of these lesions in our CAD
system.

The system performance categorised by nodule-type (Fig. 11)
shows that the results are clearly substantially better for com-
pletely calcified nodules, particularly as the rate of FPs increases.
This can be explained by their dense bright appearance and clearly
defined boundaries. There is little difference in the system perfor-
mance among the remaining types at false-positive rates above
two FP per scan. Below two FP per scan the performance for the
detection of non or part-solid nodules is substantially worse than
for other types. This is to be expected due to the limited number
of training examples and the atypical appearance of these nodules.
However the initial candidate detection step identifies 100% of the
non/part solid lesions, and after the first classification 95% of these
are retained, indicating that it is the second classification step
which fails to assign a high probability of being a nodule to these
structures. The development of features which distinguish effi-
ciently between non-solid lesions and false positive items will sub-
stantially improve the CAD system performance in this respect.

In the detection of malignant nodules our system performed
reasonably well with 73.7% of malignancies being detected at four
FP per scan. Two of the five malignant lesions which were not de-
tected were incorrectly excluded from the lung segmentation
(Fig. 12a). This highlights the importance of an accurate lung seg-
mentation in a complete CAD system. A further three malignant le-
sions were not detected (Fig. 12b) at this system operating point,
but at an increased false-positive rate of five FP per scan these
three nodules are successfully identified. Notably, the first of these
three nodules, which was located close to the apex of the lung, was
missed by the radiologist in the scan which was processed by the
system, and was not detected until a follow-up scan 3 months la-
ter. This demonstrates the potential of a CAD system in pinpointing
lesions which might otherwise be overlooked by a radiologist.

The analysis of false-positive items (Fig. 13) illustrates that the
majority of false detections relate to vessel structure or fissures.
This is to be expected since these are the most predominant bright
structures in the lung volume. At four FP per scan 23.1% of false po-
sitive detections are caused by rib, spine or pleural surface, sup-
porting the aforementioned suggestion that extra measures are
required for accurate pleural nodule detection. At an operating
point with one FP per scan however, all of these false-positives
(with a single exception) are eradicated and vessels or vessel junc-
tions dominate the false-positive group making up 86% of those
items which were not categorised as true nodules. Interestingly
the true nodule category makes up 35% of the total at this operat-
ing point compared to 16% at four FP per scan. This implies that the
false-positive items which are actually true nodules tend to have a
higher posterior probability of being a nodule than other genuinely
false-positive structures. The system therefore shows promise that
with some refinement these structures could be efficiently
distinguished.

It is expected that the algorithm utilised would be equally suc-
cessful on other types of chest CT data assuming that appropriate
training data is available and nodule visibility is equivalent. Where
nodule visibility is reduced (in data with thicker slices for example)
the system results may deteriorate, however radiologist readings
are also likely to be less accurate on such datasets. Some parameter
tuning is likely to be required when using different data, particu-
larly for the threshold values for SI and CV and the limit on cluster
size tvol. If the data used to train the system has different properties
than the data to be analysed then system performance is likely to
be compromised and will depend largely on the magnitude of
these data discrepancies.

The focus of this work has been on the detection of pulmonary
nodules which is clearly an isolated step in a computer-aided diag-
nosis processing pipeline. An important addition to this pipeline
would be a nodule classification algorithm to determine whether
a nodule is likely to be malignant or not. This characterization task
has been undertaken by other authors, for example Kawata et al.
(2004) and Reeves et al. (2006). Among the most important indica-
tors for nodule malignancy are size, shape, opacity and growth rate
(Aoki et al., 2000), all of which require an accurate nodule segmen-
tation in order to be evaluated. Nodule correspondence between
temporal scans can be determined (Betke et al., 2003), enabling
the growth rate to be calculated fully automatically.

This work has demonstrated the challenges of creating a nodule
detection system which works effectively on low-dose data with a
diverse range of nodule types and in a variety of circumstances
such as the presence of pathology. The presented system is largely
successful on the majority of encountered nodules and achieves an
accuracy comparable to that of other systems which are evaluated
in much more limited conditions. Future work will focus on the
improvement of demonstrated weak points of the system in order
to develop an effective broad-spectrum nodule detection
algorithm.
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