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Abstract
A computer algorithm for nodule detection in chest radiographs is presented. The algorithm consists of four main steps: (i) image
preprocessing; (ii) nodule candidate detection; (iii) feature extraction; (iv) candidate classiﬁcation. Two optional extensions to this
scheme are tested: candidate selection and candidate segmentation. The output of step (ii) is a list of circles, which can be transformed
into more detailed contours by the extra candidate segmentation step. In addition, the candidate selection step (which is a classiﬁcation
step using a small number of features) can be used to reduce the list of nodule candidates before step (iii).
The algorithm uses multi-scale techniques in several stages of the scheme: Candidates are found by looking for local intensity maxima
in Gaussian scale space; nodule boundaries are detected by tracing edge points found at large scales down to pixel scale; some of the
features used for classiﬁcation are taken from a multi-scale Gaussian ﬁlterbank. Experiments with this scheme (with and without the
segmentation and selection steps) are carried out on a previously characterized, publicly available database, that contains a large number
of very subtle nodules. For this database, counting as detections only those nodules that were indicated with a conﬁdence level of 50% or
more, radiologists previously detected 70% of the nodules.
For our algorithm, it turns out that the selection step does have an added value for the system, while segmentation does not lead to a
clear improvement. With the scheme with the best performance, accepting on average two false positives per image results in the identiﬁcation of 51% of all nodules. For four false positives, this increases to 67%. This is close to the previously reported 70% detection rate
of the radiologists.
 2005 Elsevier B.V. All rights reserved.
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1. Introduction
Lung cancer is the second most common cancer among
both men and women. In the Cancer Facts and Figures
2003 report (American Cancer Society, 2003), the American Cancer Society estimated that in 2003, lung cancer
would account for about 13% of all cancer diagnoses and
28% of all cancer deaths. The combined ﬁve-year survival
rate of lung cancer for all stages is only 15%. If the disease
is detected while it is still localized, this rate increases to
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49%. However, only 15% of diagnosed lung cancers are
at this early stage.
Although not yet proven, it seems that early detection is
the most promising strategy to enhance a patientÕs chance
of survival. Early detection can be achieved in a population
screening; the most common screenings for lung cancer
make use of chest projection radiography, or low-radiation
dose Computer Tomography (CT) scans. It has been
shown in the Early Lung Cancer Action Project that lowdose CT is more eﬀective than conventional chest X-ray
for the detection of pulmonary nodules (Henschke et al.,
1999). However, there remains a large incentive to improve
upon the detection of nodules in projection X-ray images
of the thorax, because the traditional, low-cost chest study
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is still by far the most common type of radiological procedure. Moreover, it was found in a lung cancer screening for
heavy smokers, that when radiographs were checked in retrospect, 90% of peripheral lung cancers nodules were visible (Muhm et al., 1983). This means that these cancers
could have been diagnosed, giving plausible grounds for litigation. In fact lung cancer missed on chest radiographs is
the second most common reason for litigation against radiologists in the United States (White and Meyer, 1998). For
these reasons there is a particular interest for the development of computer algorithms that can serve as a second
reader, highlighting suspicious regions in the radiographs
that then have to be judged by a radiologist.
At present there is one commercial computer-aided
diagnosis (CAD) system for the detection of pulmonary
nodules in X-ray images, that has been approved by the
Federal Drugs and Food Administration (FDA): RS2000 (Deus Technologies, Rockville, MD). The fact that
FDA approval was obtained suggests that the system has
proven its worth in extensive clinical trials. It also suggests
that CAD for this speciﬁc task is feasible and beneﬁcial.
The diﬃculties for detecting lung nodules in radiographs
are threefold: (i) There is a wide range in nodule sizes:
Commonly a nodule diameter can take any value between
a few millimeters up to several centimeters. (ii) Nodules
exhibit a large variation in density – and hence visibility
on a radiograph – (some nodules are only slightly denser
than the surrounding lung tissue, while the densest ones
are calciﬁed). (iii) Since nodules can appear anywhere in
the lung ﬁeld, they can be obscured by ribs, the mediastinum and structures below the diaphragm, resulting in a
large variation of contrast to the background.
In this paper, we present a novel approach for a computer-aided diagnosis (CAD) scheme for detecting pulmonary nodules in chest X-rays. The key ingredient for our
scheme is the recognition of the fact that nodule detection
is intrinsically a multi-scale problem. We exploit that
observation by using Gaussian scale-space techniques (for
candidate detection, for candidate segmentation, and for
generation of features for classiﬁcation) to overcome some
of the problems stated above. Presently, the aim of this
algorithm is to identify the most likely nodule candidates
in thorax images to assist the radiologist who diagnoses
those images.
2. Related work
Automatic detection of lung cancer has been an active
ﬁeld of research for the last two decades, and has lead to
the publication of a wide variety of approaches for nodule
detection in radiographs of the chest (see (van Ginneken
et al., 2001) for an overview of computer-aided diagnosis
in chest radiography). Typically, proposed methods pass
through three stages: (i) candidate detection; (ii) feature
extraction; (iii) classiﬁcation. In what follows we give an
indication of the mainstream of procedures that have been
used for these steps in related articles.

For the ﬁrst step, most often the diﬀerence-image technique originally proposed by Giger et al. (1988, 1990), or
a variant thereof (e.g., Carreira et al. (1998), Keserci and
Yoshida (2002)), is used. In the diﬀerence-image technique
the original image is ﬁltered twice: Once with a spherical
kernel to obtain a nodule-enhanced image, and once a
median ﬁlter is applied to obtain a nodule suppressed
image. Nodule candidates are then obtained by thresholding the subtraction of the two ﬁltered images.
Commonly, for the classiﬁcation step, either a rulebased classiﬁer (e.g., Giger et al. (1990), Xu et al. (1997),
Carreira et al. (1998), Li et al. (2001)), or an artiﬁcial neural
network is used (e.g., Keserci and Yoshida (2002)).
However, the largest part of the variability between published models resides in the feature extraction step. Here,
the methods use diﬀerent sets of meaningful characteristics
that ought to enable the classiﬁer to distinguish between
actual nodules and false positives. Used feature sets are
mostly derived from histogram information (Sklansky
and Petković, 1984; Giger et al., 1990), ﬁlter outputs
(e.g., Keserci and Yoshida (2002)), or descriptions of candidate shape (Sankar and Sklansky, 1982; Carreira et al.,
1998; Li et al., 2001). Wei et al. (2002) investigated the feasibility of ﬁnding an optimal set of features, derived as a
subset from sets of these three classes of features.
A comparison of performances of diﬀerent CAD
schemes is only meaningful if they have been tested on similar databases, and if both the sensitivity of the system and
the generated number of false positives are provided. We
could identify only a few studies that make use of the same
image database that we use (or a database that might be
comparable), and that do report a CAD performance by
sensitivity at an average number of false positives per
image. Freedman et al. (2002) describe a study with RS2000 using an image database for which observers obtained
an area Az under the ROC curve (Swets, 1997) which is
similar to what is obtained by the observers of the JSRT
database: respectively, Az = 0.835 and Az = 0.833. This
suggests that from an observerÕs point of view the databases are comparable. In that study it is reported that
RS-2000 detects 66% of the nodules with on average 5 false
positives per image (Freedman et al., 2002). Wei et al.
(2002) reported a sensitivity of 80% at 5.4 false positives
per image for the JSRT database. Coppini et al. (2003) also
used the JSRT database and found a sensitivity of 60% at
4.3 false positives per image. In Section 7 these two systems
are compared to our system.
The novelty of our system is that we regard the problem
of nodule detection as an intrinsically multi-scale problem.
We exploit that viewpoint by choosing techniques for the
various stages of the system that make use of this multiscale character. For candidate detection we use a multiscale detector of bright spots (see Section 4.2), and most
of the features we use are taken from a multi-scale Gaussian ﬁlterbank (see Section 4.4). Furthermore, in an additional stage of the system, where we try to improve
details of the outline of the nodule candidates, we make
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use of a multi-scale edge-focussing technique (see Section
4.3). As such, the approach of our CAD system is novel
and the choice of its building blocks is consistent.
3. Materials
To facilitate future comparison of the performance of
our method to that of others, we used the images from
the publicly available JSRT database (Shiraishi et al.,
2000). These images are digitized to 12 bits posterior–anterior chest radiographs, scanned at a resolution of 2048 ·
2048 pixels; the size of one pixel is 0.175 · 0.175 mm2. The
database contains 93 normal cases and 154 X-ray images
with a proven lung nodule (100 malignant ones). Diameters
and positions of the nodules are provided for. The nodules
in this database are representative of the problems
described in the introduction: The nodule diameters range
from 5 to 60 mm (median = 15 mm), they are located
throughout the lungs (also behind the heart and under the
diaphragm), and their intensities (densities) vary from
nearly invisible to very bright. As can be seen in Table 1,
the nodules are subdivided in ﬁve categories, based on the
degree of subtlety for detection, which is inﬂuenced by the

Table 1
The nodules of the JSRT database are subdivided in ﬁve categories
Category

Az

Obvious
Relatively obvious
Subtle
Very subtle
Extremely subtle

0.990
0.960
0.876
0.753
0.568

12
38
50
29
25

Practicable
Hard

0.922
0.667

100
54

Number

For each category the average area under the ROC curves (Az) for the
radiologists who characterized the images and the number of cases is given
[data taken from Shiraishi et al. (2000)]. For the experiments the nodules
are recategorized as either hard or practicable.
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nodule size, occlusion by other structures and nodule density. The assigned subtlety was based on the consensus of
three chest radiologists. The subtlety classes were characterized by the average areas Az under the ROC curves (Swets,
1997) for 20 radiologists in an observer study. For the
experiments described in this paper, we used all the images
in the JSRT database, both the normal and the diseased
cases. For simplicity, we redivided the nodules into two
classes for the experiments: ÔpracticableÕ for obvious, relatively obvious, and subtle cases and ÔhardÕ for very subtle
and extremely subtle cases.
4. Methods
Typically, a nodule is a roughly spherical object and
has a density comparable to water, which is higher than
the surrounding lung parenchyma. Consequently, nodules
appear as bright, more or less circular spots in chest radiographs. The nodule detection task can thus be achieved by
separating all light blobs (i.e., groups of adjacent pixels
with similar attenuation) in the images, followed by a categorization of blobs into nodules and non-nodules. The
separation process in turn can be split up into a detection
part and a segmentation part; in the segmentation step the
circles found by the detector are replaced by more detailed
outlines. In general, both detection and segmentation will
be preceded by an image preprocessing procedure. The last
stages of the categorization step will consist of feature
extraction and classiﬁcation of objects in feature space.
In Fig. 1 the complete scheme is shown in a ﬂowchart.
In the remainder of this section, detailed information
regarding the various elements of this scheme will be
given.
4.1. Image preprocessing
The eﬃcacy of the detection and segmentation stages in
the CAD scheme is boosted by preprocessing of the input
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Fig. 1. The multi-scale nodule detection scheme.
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images. For both steps, images are down-sampled to
reduce the computational eﬀort needed and ﬁltered to
obtain comparable contrast throughout each image (see
Section 4.1.2). Also, the detector output is conﬁned to a
region of interest.
For detection, the images are down-sampled from
2048 · 2048 to 256 · 256. The main point of blob segmentation is to ﬁnd more accurate delineations of the nodule
candidates than those produced by the detector. Therefore,
the images used for segmentation are taken at a higher resolution: 1024 · 1024 pixels.
To avoid the turn up of nodule candidates outside the
lungs, the output of the blob detector is restricted to the
lung ﬁelds. Actually the latter procedure was implemented
as a postprocessing step for the blob detector, but since the
lungﬁelds are determined (see Section 4.1.1) before detection takes place, it is covered in this article as a preprocessing operation.
4.1.1. Lung ﬁeld segmentation
Lung ﬁelds are segmented with an active shape model
(ASM) (Cootes et al., 1995). The ASM segmentation
scheme requires manually segmented training images, for
which we used a set of 230 chest radiographs obtained from
a tuberculosis study. The settings of the ASM scheme are
those used in (van Ginneken et al., 2002). As usual, the
lung ﬁelds in chest radiographs are deﬁned as those parts
of the lung unobscured by the heart, the mediastinum
and the structures below the diaphragm (see Fig. 2 for a
segmented lung ﬁeld for a case of the JSRT database).
However, a signiﬁcant part of the lungs is actually
obscured by these structures. If a nodule is located in those
parts of the lungs, it will be missed by our detection system.
It is possible to extend the region of interest to include
those areas, but as there is only a small number of these
cases in the JSRT database, we accepted the exclusion of

those from the detectable nodules. These images are not
excluded from the database, and hence they will end up
as nodule specimens missed by the system. This way, we
expect that the quoted performance of our method will
be closer to what would be found in a real clinical trial,
in which such cases will show up.
4.1.2. Local normalization
Ofttimes on a chest X-ray, a nodule has a poor contrast
to the background. Not only can a nodule be intrinsically
hard to distinguish, being very small, or having a very
low density, but frequently the nodule is partly obscured
by structures, such as ribs and vessels. By local normalization (LN) ﬁltering, a global equalization of contrast
throughout an image is achieved. This ﬁltering also normalizes edge strengths, which enhance the performance of
the blob detector (see Section 4.2) and improves the process
of segmentation (see Section 4.3).
Locally normalizing an image L constitutes to the
following:

 2 1=2
f
2
e
LLN ¼ ðL  LÞ= L  e
L
;
ð1Þ
where a tilde indicates Gaussian blurring. Put into words,
the local deviation of the image intensity from the local
average is normalized on the local standard deviation.
The only parameter in this process is the scale of the localization, i.e., the scale parameter rLN of the Gaussian blur.
Fig. 3 shows the result of the local normalization ﬁlter applied to an image of the JSRT database.
In the proposed CAD scheme, LN images are used
twice: for blob detection and for segmentation. For these
steps we used rLN = 8 and 25 pixels, respectively; we took
the width of a rib as the rLN scale, which is typically 8 pixels in the 256 · 256 images used for detection and amounts
to 25 pixels for the 1024 · 1024 images.
4.2. Multi-scale blob detection

Fig. 2. The lung ﬁeld of JSRT case JPCLN006 as segmented by an active
shape model. The heart, the mediastinum and the diaphragm deﬁne the
inner boundaries of the lung ﬁeld.

Nodule detection is inherently a multi-scale problem,
because the nodules come in many diﬀerent sizes. For
example, the nodules in the JSRT database range in diameter from 6 to 60 mm. In the CAD algorithm LindebergÕs
multi-scale detection scheme (Lindeberg, 1998) is employed
to deal with this range of sizes. The objective of LindebergÕs
detector is to ﬁnd blobs in scale space, i.e., to ﬁnd extrema
of LLN both spatially and in scale.
LindebergÕs scheme looks for extrema of the Laplacian
nLLN. The Laplacian is deﬁned here as nLLN”
r2(Lxx + Lyy), with Lxx and Lyy denoting the second-order
Gaussian derivatives of LLN at scale r, with respect to x
and y. The factor r2 allows for comparison of the Laplacian output at diﬀerent values of r.
The scale range for the detector covers r = 1–16 pixels
in ten exponentially spaced levels (i.e., ri = exp[ic], for
i = 0, . . ., 9 and c = ln(16)/9). For each detected blob, the
position in the image and its corresponding scale of detec-
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Fig. 3. JSRT case JPCLN006; (a) before and (b) after local normalization. The local normalization scale used was an average width of a rib. The
intensities in the lungﬁelds are from 0 to 3824 in (a) and from 2.81 to 2.95 in (b). The bottom part of (b) is set to 0 to illustrate the gray value of 0.

tion rD are stored. When blobs overlap only the blob with
the highest value of DLLN is kept.
For nodule detection we are only interested in bright
spots, so the output of this detection step is a list of locations of local maxima with corresponding approximate
radii (i.e., detection scales) of the blobs.
A typical example of a nodule as detected by the blob
detector is given in Fig. 4. Comparing the detected blob
size to the reference standard set by radiologists (e.g.,
Fig. 4) it appears that the detected blobs are generally
too small. Enlarging the detected blob sizes with a constant
factor is one way to improve the match between detected
sizes and reference sizes; alternatively a blob segmentation
step can be added, to ﬁnd a more detailed outline of the
blobs. The latter is discussed in the following section.
4.3. Blob segmentation
A segmentation scheme is deployed that uses the
detected blob as a starting point to attempt to better sepa-

rate the nodule candidate from the surrounding background. As we have no access to the original delineations
drawn by the radiologists that formed the basis of the reference standard for the JSRT database, the ÔimprovementÕ
of nodule segmentation will be evaluated at the end of this
section by calculating the overlap between the segmented
nodules and the circles formed by their given reference
sizes.
The key ingredient of the segmentation scheme is scalespace edge focusing of rays cast through the detected blob
centres, akin to the technique used by ter Haar Romeny
et al. (1999) for the segmentation of follicles in 3-dimensional ultrasound.
The ﬁrst step is the construction of Gaussian scale
spaces of the data sampled along the cast rays. The extent
of the lines is limited to three times the diameter found by
the blob detector. A factor three was chosen because we
found that detected nodule sizes could be up to three times
smaller than the provided reference sizes. Since blobs are
brighter than their surroundings, potential blob edges

Fig. 4. After histogram equalization, this as Ôrelatively obviousÕ categorized nodule (JSRT case JPCLN014) is clear to see (a). In (b), the black circle is
representative of the nodule delineation given by the radiologists of the JSRT database, whilst the blob detector ﬁnds the grey circle.
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Fig. 5. The scale-space edge focusing technique. The stars indicate the strongest left (black) and right (grey) edges at the maximum scale for edge
detection. These two edges are followed down to the smallest scale to ﬁnd the corresponding locations in the image. Positions (horizontal axis) are relative
to the blob centre as detected by the blob detector.

correspond to positive gradients on the left-hand side of the
lines (ÔleftÕ edges) and to negative gradients on the righthand side of the lines (ÔrightÕ edges).
Generally, several left and right edges are encountered
along a ray at a given scale (see Fig. 5). We choose to pick
the strongest edges1 as identiﬁers of the boundaries of the
blob. These edge points are traced down in scale space to
the smallest scale level to ﬁnd the corresponding edge location in the image. In our application, the scale space spans
a scale range from 1 pixel to 1.5 · rD pixels with increments
of 1 pixel. We cast 30 rays in a homogeneous orientation
distribution, and trace down a left and a right edge for each
orientation, resulting in 60 boundary points per nodule
candidate. Notice that this technique can only ﬁnd convex
outlines, so details of nodules that do not have a convex
shape will be missed. Since nodules are typically roughly
spherical objects, we expect that the error introduced by
assuming convex-shaped objects is small.
The rays are cast in images preprocessed with two ﬁlters.
The ﬁrst ﬁlter is a local normalization with rLN = 25 pixels.
After LN, it can occur for partly obscured nodules that
locally the strongest edges correspond to the boundaries
of other structures. This is most likely to happen if the
ray travelling outwards from the nodule centre encounters
the end of the rib, before it reaches the boundary of the
nodule. Because nodules are relatively small, additional
structure, they should show up (in LN images) as white,
positive blobs, embedded in dark (negative) values. However, the false contour points mentioned above will be
found going from a bright region to a bright region with
lower intensity values. Thus by applying a ﬁlter that
increases the edge strength of the zero-crossings in the
LN image, the occurrence of these false contour points
might be avoided. A simple ﬁlter to enhance the edge
strength of zero-crossings in the LN images is the following: L 0 = a1LLN for LLN < 0 and L 0 = a2LLN for
LLN P 0, with LLN denoting the pixel intensities in the

LN image, and a1 and a2 positive constants. We ﬁnd satisfactory results for a2/a1 P 10 (typically a1 is set to 1 and a2
to 50).
It is unavoidable that some of the found edge points
(still) belong to nearby structures rather than the object
that is to be segmented. Mostly, these can be identiﬁed as
distinct outliers when the boundary points of an object
are given as a list of distances to the detected blob centre.
These outliers can be removed in a postprocessing step.
First, each one-dimensional list of distances is median ﬁltered with a kernel half width of 4. Next, the ﬁltered edge
points are allowed to grow back to the nearest edge (of
the correct sign) if it lies within 10 pixels of the ﬁltered location; if not, the median distance is kept. It is noted that this
operation does improve the compactness of the nodule
(and hence the overlap with the circular reference standard), but inevitably it does remove some information on
the irregularity of the shape of the blob, which might have
helped in the distinction between nodules and false
positives.
In Fig. 6 the diﬀerent stages of the blob segmentation
process are displayed for a typical nodule, resulting in a
compact blob segmentation.
As can be seen in Fig. 7, the overlap of the segmented
nodules with the reference circles is signiﬁcantly improved
over the overlap obtained from the detector output. Overlap is deﬁned here as

1
Here, edge strength is identiﬁed with the magnitude of the gradient at
the given scale-space location of the edge.

After candidate blobs have been identiﬁed, the nodule
detection task can be formulated as a classic pattern

Overlap  2

AS \ AR
;
AS þ AR

ð2Þ

with AS and AR for the area of the segmented nodule and
reference circle, respectively. Also notice that a similar
improvement is obtained if one simply multiplies the found
rDs with 1.5. In Section 6 the added value of segmentation
versus simple scaling of the estimated diameters of the
blobs will be assessed.
4.4. Feature extraction
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Fig. 6. Segmentation results for the same nodule as shown in Fig. 4. The nodule segmented by the ray casting procedure is shown in (a). After
postprocessing the ﬁnal segmentation of this nodule is given in (b).
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Fig. 7. The overlap between the reference standard delineations and the patches used by the CAD scheme increases if the patches are segmented after
detection (black line) and also if the radii of the detected patches are enlarged by a factor 1.5 (grey line). The relative overlap is calculated with respect to
the overlap obtained with the detected patches.

recognition task. For classiﬁcation, the candidates are to
be represented by points in a feature space, in which the
classiﬁer operates.
For the choice of suitable features to be extracted from
the candidate objects, many options have been tried in the
literature (see Section 2 for a list of references to various
combinations of features). We choose to use features from
a multi-scale Gaussian ﬁlterbank and a small number of
speciﬁc features that are readily calculated from the blob
detector scheme. The Gaussian ﬁlterbank consists of all
Gaussian derivatives from 0th to 2nd order for 4 diﬀerent
scales (r = 1,2,4,8 pixels). A multi-scale ﬁlterbank is chosen
to account for the spread in blob sizes. The Gaussian
description is used because that is the natural way to calculated regularized derivatives of images. From the ﬁlter out-

puts, the mean and standard deviation are calculated
within the segmented area and in a band around the segmented area – deﬁned by doubling all the distances of the
boundary points to the detected blob centre. This gives a
total of 96 ﬁlterbank features. The ﬁlterbank is applied to
the 1024 · 1024 images, without local normalization.
Two position features (xl, yl) are calculated in a local
coordinate system with the centre of mass of the lung ﬁelds
as the origin and the standard deviations in the x- and ydirections giving the unit lengths along the axes.
From the blob detector the following seven features are
taken: The detection scale rD and six entities that are
derived directly from the Hessian matrix H of LLN (i.e.,
the 2 · 2 matrix of all second-order derivatives of the
256 · 256 locally normalized images multiplied by r2.).
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These latter six are: Lxx, Lxy, Lyy, det H = k1 · k2, k1, and
k2, with k1 and k2 denoting, respectively, the largest and
smallest eigenvector of H. These ÔHessianÕ features are evaluated at the detected location and scale of each blob. The
combination of four ﬁlter features together with rD and
the Hessian features will be referred to as the Ôdetector featuresÕ in the remainder of this article. These additional four
ﬁlter features are the mean and standard deviation of the
intensity values inside the blob and in a band of width
rD around the blob.
In summary, the complete set of features consists of 96
ﬁlterbank features, 2 position features, and 11 detector features, amounting to total of 109 features. To our knowledge, the usage of a multi-scale Gaussian ﬁlterbank to
obtain features for classiﬁcation of nodule candidates has
not been reported before.
4.5. Classiﬁcation
In the ﬁnal stage of the CAD scheme, for each candidate the probability that it represents an actual nodule is
estimated. This probability is given by the posterior probability output of the classiﬁer. The classiﬁer used is a k
nearest neighbours (kNN) classiﬁer (Duda et al., 2001),
which searches the feature space to ﬁnd the k nearest
neighbours of an object among all nodule candidates
from all cases in the database. The posterior probability
for being a nodule is then given by n/k where n is the
number of actual nodules among the k neighbours. The
classiﬁcation result should not be too strongly dependent
on the numberpof
neighbours2; a commonly used rule of
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
thumb is k ’ number of samples.
For the kNN classiﬁer we used the approximate kNN
classiﬁer developed by Arya et al. (1998), with  = 2. The
latter means that the distance to the nth nearest neighbour
reported by the approximate kNN classiﬁer is less than
three times the distance of the true nth neighbour. For k
we tried the rule of thumb plus or minus 50% and we
saw no clear eﬀect of k on the outcome; therefore for the
experiments reported
in this paper we used for k the nearest
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
odd integer P number of samples.
4.6. Blob selection
Optionally, the classiﬁcation step can be split-up into a
two step process. The extra step is then aimed at removing
a large part of the false positives at a low computation cost,
before the ﬁnal classiﬁcation takes place. For the candidates reduction, a classiﬁcation is carried out in a 13dimensional subspace of the 109-dimensional feature space,
using the detector features and the positions of the blobs.
With this choice of features, the selection step can take
place before the segmentation and ﬁlterbank feature

extraction stages in the algorithm, resulting in a greatly
reduced number of computations.
The classiﬁer used for this reduction task is again an
approximate kNN classiﬁer ( = 2). The reduction of samples is realized by putting a threshold on the posterior
probability to retain on average 20–30 candidates per
image. The reduction of candidates resulting from this
selection step is demonstrated in Fig. 8 for a case in the
JSRT database containing an obvious nodule. For this particular case, selection reduced the number of candidates
from 137 to 20.
5. Experiments
In the sketched framework, the simplest scheme would
be to run the blob detection, extract all the features from
all patches and carry out the classiﬁcation. This will be
called the Ôbasic schemeÕ in this article. This scheme can
be extended with a blob selection stage and/or a blob segmentation stage, which might enhance the performance of
the whole nodule identiﬁcation task. Table 2 itemizes the
four schemes we assess in this paper, and for which the
results are compared in Section 6.
In the ﬁnal classiﬁcation stages, all 109 features as given
in Section 4.4 are taken into consideration. However, the
number of features used for classiﬁcation should be significantly smaller than the number of true training samples,
which is 126 after selection (see Table 3 in Section 6).
Therefore sequential forward selection (SFS) (Duda
et al., 2001) is used to select a subset of a number of features (Nfeat), with Nfeat 6 20. The optimization criterion
for SFS was sensitivity of the classiﬁer at a ﬁxed speciﬁcity
level (Scrit), i.e., one point of the ROC curve. We picked
values for Scrit corresponding to optimization of CAD sensitivity at on average 4 false positives per image (one point
of the Free Response Receiver Operating Characteristics
(FROC curve Bunch et al., 1978)). Explicitly this means
that we use Scrit = (number of images) · (average number
of FPs per image)/(number of candidates).
Analogously, SFS was used in the candidate selection
step to take at most 10 from the 13 features for blob selection. In this case we could have used all features, but we
want to keep only those features that contribute to a significant reduction of false positives, whilst not degrading the
number of true positives too much.
Fivefold cross-validation (Duda et al., 2001) was used
for all classiﬁcation processes: in SFS, for blob selection,
and for ﬁnal classiﬁcation. Thence the images of the JSRT
database were split over ﬁve sets, with images of the same
subtlety class distributed evenly over the sets. One set is
then classiﬁed with a classiﬁer trained on the four remaining sets; this is repeated ﬁve times to classify all samples.
6. Results

2
That is, the ordering for most likely objects for a nodule should be
roughly the same if k is varied within sensible limits.

The total number of blobs detected for the whole JSRT
database was 32,989, i.e., on average 134 blobs per image.
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Fig. 8. The detection and selection parts of the multi-scale CAD scheme in action for the right lung of JSRT case JPCLN006. (a) The original image.
(b) All the blobs detected by the blob detector superimposed on the original image. (c) The blobs left after blob selection. For this case, the actual nodule
(found as the largest blob in (c)) also has the highest probability for being a nodule after the ﬁnal classiﬁcation of these blobs both in (b) and in (c).

Table 2
Four variations of the multi-scale detector scheme, diﬀering in the use of a
selection step and segmentation stage
Scheme

Selection

Segmentation

Basic
Segmentation
Selection
Segmentation and selection

No
No
Yes
Yes

No
Yes
No
Yes

Table 3
Actual nodules and candidates retained at diﬀerent stages of the detection
scheme

JSRT database
Lung ﬁeld segmentation
Blob detection
Blob selection

Number of candidates

Number of nodules

–
–
32,989
4998

154
141
136
126

(100%)
(91.5%)
(88.3%)
(81.8%)

The selection step reduces the number of candidates to
4998. The penalty for this removal of 85% of the candidates
is the loss of 10 nodules that were in the list of candidates
before selection (i.e., 7% less nodules after selection). Table 3
summarizes the number of candidates and nodules at different stages of the multi-scale detection scheme. A nodule
was considered to be detected if there was any overlap
between the detected blob and the reference standard of
the nodule. This is a rather lenient criterion, but after the
detection step the nodule candidate sizes are enlarged (by
segmentation or by multiplying rD by 1.5) so the blobs
used for feature extraction are likely to include a signiﬁcant
part of the corresponding nodules. Note that successful
detection is determined in the blob detection step; if a nod-

ule is not detected at this stage, it cannot turn into a successful detection in a later stage.
Note that 13 nodules out of 154 are obstructed by the
heart, mediastinum or structures below the diaphragm.
Looking at a chest X-ray image (e.g., Fig. 2), it is seen that
the projected lung area covered by these obstructing structures is roughly half the area of one lung. The actual lung
volume corresponding to this obstructed area is much
lower than half of a lung volume; if we assume that the
available lung volume is reduced by a factor three, we
expect that the probability for a nodule to be in one of
the obstructed areas is 1 in 12. Apparently this appearance
rate is reﬂected in the JSRT database. These obscured nodules are outside the analyzed region of the images, and
therefore they could not be detected. Five more nodules
are missed by the multi-scale blob detection. Four of these
missed nodules are Ôextremely subtleÕ or Ôvery subtleÕ cases
which – if possible at all – are very hard to detect for
human observers as well (see Table 1 and Shiraishi et al.
(2000)).
In Figs. 9 and 10 the ﬁnal performances of the four
CAD schemes are shown as FROC curves for the JSRT
database, measuring sensitivity (overall and for the hard
and practicable cases separately) as a function of the average number of false positives per image. Indeed the graphs
show that it is much harder to detect nodules of the hard
category than those of the practicable class, which reﬂects
the experience of the radiologists.
The sensitivities of the CAD schemes at on average two
and four false positives (FPs) per image are listed in Table
4. These two values seem reasonable for a CAD system
for nodule detection in radiographs; a system generating
too many false positives would probably not be used by a
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Fig. 9. FROC curves of the system for the complete JSRT database, showing the sensitivity for all nodules, for the practicable nodules, and for the hard
nodules; (a) for the basic scheme and (b) for the scheme with segmentation.
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Fig. 10. FROC curves of the system for the complete JSRT database, showing the sensitivity for all nodules, for the practicable nodules, and for the hard
nodules; (a) for the scheme with selection and (b) for the scheme with selection and segmentation.

Table 4
Performances of the four CAD schemes expressed as sensitivity when accepting on average two and four false positives per image
Scheme

Basic
Segmentation
Selection
Segmentation and selection

ÆFPsæ = 2

ÆFPsæ = 4

All

Practicable

Hard

All

Practicable

Hard

0.49
0.45
0.51
0.50

0.67
0.63
0.63
0.64

0.15
0.12
0.27
0.24

0.57
0.60
0.67
0.67

0.78
0.79
0.82
0.82

0.20
0.24
0.41
0.40

radiologist, because it then signiﬁcantly increases his workload, while the probability that the system is wrong on a per
marker basis is very large. The numbers in Table 4 show that
the addition of the ﬁrst selection step is always advantageous. This enhancement is most apparent for the hard
cases. The addition of the segmentation stage does not have
a clear positive eﬀect on the sensitivity of the scheme at these
two operating points. These results prompt us to choose the
selection scheme as our CAD system of preference.
7. Conclusions and discussion
We have shown promising results obtained with a multiscale CAD scheme for the detection of pulmonary nodules

in chest radiographs. We have tested the eﬀects of including
or excluding two stages of the system: an additional candidate selection step and a candidate segmentation stage. The
inclusion of the candidate selection step had a clear positive
eﬀect on system performance. The eﬀect of the candidate
segmentation step was less apparent. Therefore we recommend to use the system with candidate selection, but to
exclude the segmentation stage.
For the evaluation of our algorithm we used the publicly
available JSRT database of radiographs Shiraishi et al.
(2000), which facilitates the use of our system as a benchmark for future studies. The JSRT database exhibits a realistic distribution of nodules sizes and locations: Diameters
ranges from 6 to 60 mm and locations are all over the lungs
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(including a realistic fraction of nodules obstructed by the
mediastinum and the diaphragm). The observer studies in
(Shiraishi et al., 2000) indicated that radiologists ﬁnd it
particularly diﬃcult to detect the very and extremely subtle
nodules in the JSRT database; Counting only those detections that observers rated with a conﬁdence of at least 50%,
the radiologists detected on average 85% of the practicable
cases and 44% of the hard cases (Shiraishi et al., 2000).
With on average four false positives per image, our scheme
correctly marks 41% of the hard cases and 82% of the practicable cases. This is a very encouraging result that suggests
that our method could provide a useful clinical tool. However, this remains to be proven in observer studies.
We have attempted to implement other CAD schemes
for comparison. In theory published methods should allow
for an independent implementation. In practice this turned
out to be impossible; either the training data (or other crucial, supplemental data) is unavailable, or the description
of the method is incomplete. The only algorithm that could
be implemented was the system by Carreira et al. (1998).
Their algorithm consist of two steps: detection of candidates and classiﬁcation of candidates. After implementing
the detection part and running it against the JSRT database, the result was a total of 1557 candidates containing
only 54 nodules (i.e., a sensitivity of 0.35 with on average
6 FPs per image); the remaining 100 nodules were not
detected at all. Clearly our CAD scheme performs better
for the JSRT database.
Comparison of the performance of our CAD scheme to
published results of others is only meaningful if the other
methods use a similar database and report the same measure for performance. We could ﬁnd only three reported
studies that met these requirements. The RS-2000 system
has been tested on a database of similar diﬃculty as the
JSRT database (Freedman et al., 2002) (observers obtained
an area Az score of 0.833 for the JSRT database Shiraishi
et al. (2000) and 0.835 for the database in Freedman
et al. (2002)). In that particular study RS-2000 detects
66% of the nodules with on average 5 false positives per
image. At that operating point, the FROC curves in
Fig. 10 show performance rates of 69% and 72%, which
would seem to favour our system. However, RS-2000 has
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proven its worth in over 10,000 cases to obtain FDA
approval, whereas our system has only been tested on the
JSRT database with only 154 nodule cases. Wei et al.
(2002) reported a sensitivity of 80% at 5.4 false positives
per image for the JSRT database. However, to reach that
performance Wei et al. (2002) had to use 202 uncorrelated
features; that is cause for some concern because it means
that the system uses more features than the available number of true positive samples in the database, and as a consequence the risk of overtraining the system is high. At 5.4
FPs per image, our CAD scheme reaches 73% sensitivity,
and uses less than 20 features. Finally, Coppini et al.
(2003) also used the JSRT database and found a sensitivity
of only 60% at 4.3 false positives per image for their CAD
system. We conclude that from the comparisons that we
could make, our system shows the best performance (and
compared to Wei et al. (2002) we have at least a safer number of features).
In the proposed methodology we have tried to use natural and eﬃcient operations for all processes in the chain.
However, substitution of these operations by other processes that are also speciﬁcally developed for the task of
nodule detection could result in the same (or better) performance. For example, iris ﬁltering (Keserci and Yoshida,
2002) might have beneﬁts over the use of local normalization, because it is speciﬁcally designed to enhance the contrast of compact blobs. Also, the addition of more
specialized features is likely to lead to improved classiﬁcation. What those features might be remains an issue for
future research. Presently we have demonstrated a consistent CAD system that uses Gaussian scale-space techniques
to capture the multi-scale character of nodules in chest
radiographs; these techniques have not been exploited for
this task before.
In future research projects we will focus on the reduction
of false positives to boost the performance of the system.
Careful investigation of the candidates that were falsely
classiﬁed with a high probability for a nodule, shows that
overlapping bony structures (notably ribs with other ribs
or scapula) and the hilum generate the most probable false
positives (see Fig. 11 for examples). Using not only one
classiﬁer for nodules, but using additional classiﬁers for

Fig. 11. Examples of false positives of the nodule detection scheme, that had high probabilities for being nodules: overlying bony structures (a) and (b); a
part of the hilum (c).
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the overlapping bony structures and the hilum could be a
good strategy to reduce the number of false positives
(see, e.g., Lin et al. (1996)). In addition, since one selection
step between detection of candidates and ﬁnal classiﬁcation
of candidates leads to improved performance, the construction of several selection steps that make classiﬁcations with
limited sets of features to progressively reduce the number
of false positives, may lead to better performance.
Apart from improving the performance of our CAD system, the important question whether our CAD system
really improves the sensitivity rates of radiologists should
be addressed. Such a validation requires a carefully executed observer study with several radiologists and could
not be included in the present article. We want to do this
evaluation in a future research.
As a ﬁnal note, we surmise that the detection framework
presented might also prove useful in determining whether a
given nodule is benign or malignant (Aoyama et al., 2002).
Although the segmentation of candidates did not yield
improved results for the detection, it could turn out to be
important for characterization. This is deﬁnitely something
that we will investigate in the near future.
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