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ABSTRACT In this paper we describe a method processing Postero Anterior chest
radiographs to extract a set of nodule candidate regions characterized by a low cardinality and a high sensitivity ratio. It is based on two consecutive multiscale procedures
to first enhance the visibility of the nodules and then extract a first set of candidates.
To reduce its cardinality two different methods, applied to a set of most representative
features, are described and compared: a rule based system and a feed-forward neural
network trained by back-propagation. Both the systems had similarly good results.
The method has been developed and tested on a standard database containing 154
radiographs of patients with lung nodules and 93 with no nodules. The final set of
candidates detected contains about 10000 regions, approximately 40 per image, and 8
true positives out of 154 are lost; the sensitivity ratio of the system is then equal to
0.95%.
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1 Introduction
In the field of medical diagnosis the chest radiography is the most common
type of procedure for the initial detection and diagnosis of lung cancer, due to
its noninvasivity characteristics, radiation dose and economic considerations.
Studies such as [1] explain why chest radiograph is one of the most challenging radiograph to produce technically and to interpret diagnostically. Several
studies in the last two decades, as [2] and [3], calculated an average miss rate
of 30% for the radiographic detection of early lung nodules by humans, and
demonstrated that 90% of peripheral lung cancers were visible in radiographs
produced earlier than the date of the cancer discovery by the radiologist. These
results showed the potentiality of early diagnosis improvement, suggesting the
use of computer programs for radiographs analysis. These are the main reasons
why in the last two decades a great deal of research work has been devoted to
the study of systems aimed to lung nodules detection, and a wide variety of
them have been already proposed [4], [5], [6], [7], [8], [9], [10], [11], [12], [13].
Most of the methods presented in the literature are based on a three stage
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processing scheme. The purpose of the first two steps is to increase the visibility, also called spicularity, of the nodules and then to extract all the regions
that may contain nodules; the last stage is focused on the selection of the real
nodules within the set of the extracted candidates, whose cardinality is usually
quite high; this is generally done by means of a two step classification method,
to reduce the number of candidates and then extract the final ones.
The main problem of the presented schemes is the high number of false positives; such problem has been faced with two different strategies: either to
reduce the number of candidates extracted by the first two steps [12], or to
leave to proper classifiers the task of reduction [5], [9]; in both cases however
many true positives are discarded, leaving the problem open.
In this paper we present an approach to enhance the visibility of the nodules,
and then extract a set of candidate regions with a low cardinality and a high
sensitivity ratio. A novelty with respect to the methods in the literature is the
fact that both the steps described are based on a multiscale analysis of the image in order to handle all the possible sizes of the nodules. A comparison with
results presented in the literature shows the good performance of the system
developed.

2 Materials
The method has been developed and tested on a standard database acquired
by the Japanese Society of Radiological Technology. It is a standard database
containing a total of 247 radiographs: 154 containing lung nodules and 93 of
patients with no disease. The images were digitized with a 0.165 mm pixel size,
a matrix size of 2048 by 2048, and 4096 gray levels. The diameter of the nodules
ranges from 5 to 35 mm. All the nodules in the images have been classified
according to the difficulties encountered in their detection by the radiologists.
They have been divided in 5 classes ranging from obvious to extremely subtle.
The algorithms described in sections 4 and 5 work with images down-sampled to
a dimension of 256 by 256 pixels (we will refer to them as the Original Images).
This size has been chosen experimentally to reduce their computational costs
without worsening the performances. The method described in section 6 works
on images down-sampled to a dimension of 512 by 512 pixels.

3 Enhancing the spicularity of the nodules
At first, the lung area is identified using the algorithm described in [14] and
extended in order to include the parts behind the heart, near the spinal column
and behind the diaphragm, where lung nodules may be present. The method
adopted to extend this area is described in [15]. Note that errors due to the
segmentation algorithm may influence the performances of the overall system:
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we loose one nodule which is located outside the detected lung area.
The algorithm used to enhance the spicularity of the nodules is based on a
difference approach to search for circular areas surrounded by a darker ring, but
it also considers several background images created at consecutive scales; the
enhanced image is then created by combining all the difference images obtained
at the several scales. We think that this multiscale approach is the missing part
of the methods presented in the literature: they are able to highlights nodules
with a size belonging to a limited range related to the shape of the smoothing
filter used to get the only background image used.
In our scheme we produce several smoothed version of the Original Image by
convolving it with gaussian filters whose standard deviation, s, takes values in
the range 2−12, according to the minimum and maximum possible pixel size of
the nodule radius. For each scale, s, we then subtract from the Original Image
its smoothed version, to get a resulting Dif f erence Image where the details
visible at that scale are enhanced. Since the distribution of gray levels in a
nodule sub-image can be approximated by a gaussian, the result of subtracting
to a nodule sub-image its smoothed version is usually an image with a positive
peak in the central part of the nodule, and negative values in the neighborhood.
Moreover the histogram of the Dif f erence Image shows that most of the
pixels take negative values while, on the set of positive values, a peak can
always be identified. We create a binary image by selecting all the pixels with
a value bigger than the one corresponding to the peak; these pixels are the
ones corresponding to the highest frequencies, that is the details, that can be
identified at the scale s. Summing up all the binary images obtained at different
scales we get a final Sum Image (figure 1).

4 Extracting the nodule candidates
In the Sum Image the nodules often appear as regions with circular shape
of different sizes, characterized by the highest gray levels at the center and
surrounded by a much darker ring. Based on this observation we process this
image looking for a measure which helps in selecting the pixels corresponding
to the centers of nodules. To handle all the possible sizes of the nodules the procedure described below is repeated for all the possible radius values r = 1, .., 12
and all the results are then combined.
Having fixed the radius r, we calculate for each pixel P (x, y) a coefficient
Pr (x, y) which measures the contrast between a circular region with center
P (x, y) (and radius r) and its surrounding; Pr (x, y) is thus defined:
Pr (x, y) = M EAN (Circler (P (x, y))) − M EAN (Ringr (P (x, y)))

(1)

where M EAN (X) is the mean of the gray values of the pixels inside a generic
region X; Circler (P (x, y)) is the region composed by the pixels contained in
the circle of radius r and centered in P (x, y); Ringr (P (x, y)) is the region
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composed by the pixels in the 2-pixel-thick ring around the Circler (P (x, y)).
Note that the thickness of the ring is fixed to 2 for every radius. This is
because what allows to identify a circular region is a darker ring surrounding
it, no matter which is the thickness of the ring itself.
To select the pixels which are potential nodule centers, we automatically define
a threshold on the set of the coefficients {Pr (x, y)}, by means of the algorithm
described by Kapur in [16], thus obtaining a binary image.
For each connected region in it, we calculate the circularity as defined in [4]
and the biggest diagonal, D, of the minimum ellipse containing the region itself.
We then discard a candidate either if its circularity is lower than 0.5 or D is
bigger than 2r. The regions left correspond to the candidate nodules with
radius r. Repeating the procedure for every possible radius we obtain a set of
11 binary images B(r), each containing a set of candidate nodules. All these
images are then combined to determine the final set of candidates. First, all the
regions appearing in only one of the binary images are taken as candidates. For
the others the following procedure is employed: when two regions, X and Y ,
belonging to B(r1 ) and B(r2 ) (r1 and r2 being two consecutive radius values)
intersect, their union U is at first considered. If the biggest diagonal D of the
minimum ellipse containing it is less than 2r2 , then U is taken as representative;
otherwise we calculate the means
MX =

1 X
P r1
|X|

and

p∈X

MY =

1 X
Pr2
|Y |

(2)

p∈Y

and take as representative region the one with the higher value. We then build
a gray level image, called Regions Image (figure 1), by assigning to each pixel
in each candidate region the value
G(x, y) = max (Pr (x, y))
r∈[2,12]

(3)

and then scaling it in the range [0, 255].
With this extraction scheme we get a set of about 24000 regions on the 247
images of the database, with an average of about 100 regions per image and
only 7 true positives lost out of 153. These results have been compared with
those described [9] and [6]. The first method has been tested on the same
database and applied to the lung area defined by [14], bringing to a loss of
12 true positives, out of 154, before the candidate extraction. The result of
the extraction scheme is a set of 33000 candidates and a loss of other 8 true
positives. We implemented the second method and applied it to the same lung
area used in [14] obtaining really poor results. A more extensive comparison
with other methods would need an implementation of all them, since none has
been tested on this database. In terms of number of candidates obtained at
this first stage it can be pointed out that we use a lung area that is about 1.5
times bigger than the one commonly considered, and this has some influence
on the cardinality of the obtained set.
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5 Pruning the candidate set
To reduce the number of the extracted candidates we searched for a set of
rules which could describe the main characteristics of the real nodules, hence
allowing us to discard some false positives. To this end we calculated for
each region a set of 40 features and studied their distribution. The statistical
analysis allowed us to select a set of 16 most representative features, whose
combination by means of simple rules, has proved to be effective for a first
candidates selection. The created rule based scheme is indeed able to detect
and discard more than half false positives. In the following we will describe
just the selected features. They are based on the shape and position of the
region, the gray level distribution in the original radiograph down-sampled to
the dimension of 512 × 512 pixels, the values of the gray levels in the Regions
Image, and the set of coefficients Pr (x, y) associated to each pixel for each
radius value.
Six features are based on the shape; they are:
circularity, as defined in [4]; effective radius, that is the radius of the circle with
an area equivalent to the one of the region; the ratio between the perimeter
of the region and the perimeter of the circle with radius of 12 pixels (we are
considering r = 12 as maximum radius value); the ratio between the area of
the region and the area of the circle with radius of 12 pixels; the ratio between
the two dimensions of the minimum bounding box including the region; the
ratio between the two dimensions of the maximum bounding box including the
region.
T wo features are based on the gray level distribution of the pixels in the original
radiograph down-sampled to the dimension of 512 × 512 pixels: they are simply
the mean and the standard deviation of the gray levels in each region.
T hree features are calculated on the gray level of the pixels in the Regions
Image: they are the mean, the contrast and the maximum value of the gray
levels. The contrast is calculated as the difference between the maximum and
minimum value of the gray levels in the region.
The position feature has been introduced to eliminate false positives detected
on the rib cage boundaries, which are characterized by the fact that they are
attached to the lung borders and have an elongated shape. It is calculated
considering the external contour of the region and it is the fraction of the
number of pixels of the contour which lay outside the lung area with respect
to the total number of the pixels in the contour itself.
T wo features are calculated as an estimate of the most characteristic radius
value to be associated to a generic region X. We use two different methods to
get it and hence obtain two values that can be compared. One method first
calculates for each pixel P (x, y) a most eligible radius rad(x, y). This is done
by considering all the Pr (x, y) obtained for that pixel and then calculating:
rad(x, y) = Argmaxi∈[2,12] (Pi (x, y))

(4)
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1
The first radius, RX
, associated to X is then RX
= max(x,y)∈X rad(x, y).
2
The second method calculates the radius RX by considering for each different
value of r the sum
X
SumX (r) =
Pr (x, y)
(5)
(x,y)∈X
2
RX

is then calculated as
2
RX
= Argmaxi∈[2,12] (SumX (r))

(6)

2
1
and RX
are very similar in case of true positive elements
The fact that RX
and significantly different for many false positives allows us to recognize some
regions as false positives.
The features described above are calculated by considering each region separately. The remaining two features instead have been calculated in order to
make a comparison between the regions belonging to the same image. The
underlying assumption is that a nodule should be somehow different from the
other false positives in the same lung area. Let us suppose that in the Regions
Image there are N elements. For each radius r, we build an array of length N
whose components are the values SX (r). Sorting the 11 arrays we can associate
to each region X the 11 indexes that describe its position in each array. We
then characterize a region X with the maximum among its 11 indexes and the
corresponding value SumX (r).
Applying 8 simple rules which basically describe the relationships observed
between pairs of features, we can easily discard 14011 false positives without
loosing any true positives, hence reaching a sensitivity ratio equal to 0.95 and
a total number of candidates equal to 10352, approximately 40 candidates per
image.
In figure 1 we show an examples of the results of the pruning method on a
patient with an extremely subtle nodule.
Our results can be compared with the ones of the method described in [9] in
which the authors apply a classifier that selects 5028 candidates from the first
set composed by 33000 regions, but loosing other 15 true positives in addition
to the 20 already lost, for a total of 35 false negatives. Our pruning method
is able to discard less false positives but does not loose any nodules. Although
the rules chosen are very intuitive and simple they need some thresholds to be
experimentally set; therefore they may depend on the images in the database.

For this reason we also tested a feed-forward neural network trained by standard back-propagation. The advantage of this system with respect to the rule
based one is that, once the network is trained, it does not need any threshold
to be set.
The input of the network is represented by a vector X = [x1 , ...., x16 , x17 , x18 ]
where x1 , .., x16 represent the features previously described, and x17 , x18 are
the spatial coordinates of the center of mass of the nodule; they are expressed
in a local coordinate system which has its origin in the center of mass of the
lung fields and it is scaled with respect to the width and length of the lung
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Figure 1: Original Image, Sum Image, Regions Image and Pruned set of Regions

area. We apply to the input vector a preprocessing aimed to data normalization, followed by a scaling that brings all the values to the range [0.0, 1.0].
Since the two classes to be recognized, “nodules00 and “N OT “nodules00 , are
highly unbalanced (the “nodules00 are 146, the “N OT nodules00 are 24000) our
choice was to train the neural network in order to recognize and discard the
regions whose set of features is totally different from the one of the nodules.
To this end we classified the data obtained as “possible nodules00 and “N OT
nodules00 . This classification was realized considering as “N OT nodules00 the
ones discarded by the rule based system and as “possible nodules00 all the others, hence obtaining two classes with respectively 14011 and 10352 elements.
We made experiments using both a training and a validation set. They were
formed by randomly choosing from both the classes, the 50% of the elements for
the training, and the 10% for the validation. The remaining elements (40% of
the total) were used for testing. We used a neural network with 1 hidden layer
composed of 8 neurons and an output layer with 2 neurons, and made several
experiments changing the parameters of the learning algorithm, the maximum
number of epochs for the training, the minimum error allowed on the training
set, and the elements in the input set. During these experiments an input data
was classified as belonging to a class when the corresponding output neuron
had a value bigger than 0.7. The obtained results are comparable with those
of the rule based system: the network does not loose any true positives and in
the worst case the number of false positives detected is never less than the 99%
of the number recognized by the rule based system.

7 Future work
The results shown, although fairly good from the point of view of the reached
sensitivity ratio, are still not satisfactory with respect to the number of remaining false positives. Their number is still too high to be helpful for radiologists
during their decision making process. We are therefore looking for other learning strategies and trying to combine different features and image data acquired
from the original (i.e. not down-sampled) radiographs.
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