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ABSTRACT

We present a fully automatic method for the assessment of spiculation of pulmonary nodules in low-dose Com-
puted Tomography (CT) images. Spiculation is considered as one of the indicators of nodule malignancy and
an important feature to assess in order to decide on a patient-tailored follow-up procedure. For this reason,
lung cancer screening scenario would benefit from the presence of a fully automatic system for the assessment of
spiculation. The presented framework relies on the fact that spiculated nodules mainly differ from non-spiculated
ones in their morphology. In order to discriminate the two categories, information on morphology is captured by
sampling intensity profiles along circular patterns on spherical surfaces centred on the nodule, in a multi-scale
fashion. Each intensity profile is interpreted as a periodic signal, where the Fourier transform is applied, obtain-
ing a spectrum. A library of spectra is created by clustering data via unsupervised learning. The centroids of
the clusters are used to label back each spectrum in the sampling pattern. A compact descriptor encoding the
nodule morphology is obtained as the histogram of labels along all the spherical surfaces and used to classify
spiculated nodules via supervised learning. We tested our approach on a set of nodules from the Danish Lung
Cancer Screening Trial (DLCST) dataset. Our results show that the proposed method outperforms other 3-D
descriptors of morphology in the automatic assessment of spiculation.

1. INTRODUCTION

Lung cancer is by far the most deadly cancer, with a five-year survival rate of only 16%.1 One of the main
problems of lung cancer is that it is often diagnosed at a late stage. Only 15% of lung cancers are in fact
detected at an early and still treatable stage. Recently, it has been shown that lung cancer screening with
low-dose Computed Tomography (CT) images reduces mortality from lung cancer of 20%.2 The purpose of
a screening program is to periodically scan medium- and hig-risk population with CT imaging to detect and
classify suspicious lesions. A personalized follow-up is then designed based on the detected lesion type and
its temporal growth. For this purpose, LungRADS guidelines3 have been recently released, with the aim of
providing a procedure to design a patient-tailored follow-up in a lung cancer screening scenario. In this context,
a model to compute the malignancy probability of a lesion detected at baseline scan has been recently proposed
by McWilliams et al.,4 which represents a useful tool to be used in screening programs.

In both LungRADS guidelines and the McWilliams model, presence of spiculation in detected lesion is
considered as an indicator of malignancy. At visual inspection, a nodule can be classified as spiculated if needle-
like structures are present at its border. An example of spiculated nodule is depicted in Figure 1(a). In the
context of lung cancer screening, it would be desirable to automatically assess the presence of spiculation, towards
a scenario where the CAD system is used to automatically compute the malignancy probability and to assign the
LungRADS category to a detected lesion. Automatic assessment of spiculation in detected lesions is a topic that
has received attention in the field of breast cancer research.5–9 However, to the best of our knowledge, nothing
has been proposed in pulmonary nodules analysis on CT so far.
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Figure 1. Examples of intensity profiles (a) sampled along circular patterns at several scales in presence of non-spiculated
nodule (left) and spiculated nodule (right). In (b), an example of approximation of spherical surface at a certain scale is
depicted. The icosahedron geometry is used to approximate half sphere with triangles, whose barycenters are taken as
reference for the construction of circular sampling patterns (in red).

1.1 Our contribution

The purpose of this work is to provide a method for the automatic assessment of spiculation in detected pulmonary
nodules using CT image analysis. Given a detected nodule in a CT scan, the proposed method automatically
labels it as spiculated or non-spiculated. The method is formulated as a binary classification problem, where
a classifier is trained in a supervised fashion, to label a detected nodule. In order to design the classification
problem, a feature vector encoding information on the nodule morphology is designed and computed for each
nodule. Based on the idea that nodule morphology is the most discriminant feature to consider to assess presence
of spiculation (see Figure 1(a)), a novel descriptor encoding information on nodule morphology is formulated.
The descriptor is obtained as the Histogram of Spectra (HS) obtained by applying the Fourier transform to
intensity profiles sampled in a neighbourhood of the detected nodules. The descriptor is then used to train a
classifier in a supervised fashion, which is finally used to predict presence of spiculation.

2. METHOD

In this section, we describe the main parts of the proposed classification framework for the detection of spicu-
lation, namely (1) sampling of the intensity profiles, (2) frequency-domain analysis of the intensity profiles, (3)
unsupervised labeling of spectra, (4) supervised learning. We formulate the proposed approach in the context of
a CAD system for lung cancer screening. The input of our framework is therefore a previously detected nodule,
whose location and estimated diameter are known, either automatically computed by the CAD, or manually
provided by an observer.

Sampling. Given the voxel of interest vxyz, the goal is to sample the intensity of a set of points contained
into the volume Nv of a sphere of radius R centered in vxyz. For this purpose, we consider the volume defined
by a set of G concentric spherical surfaces with different radii. In Figure 1(a), examples of three circles centered
on vxyz are considered. In the 3-D domain, we approximate each spherical surface by a set of concentric circles
(see Figure 1(b)). In order to obtain a set of circles equally distributed on the spherical surface, we exploit
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the geometrical properties of the icosahedron,10 where a semi-spherical surface is approximated by a set of N
triangles, whose barycenters are equally distributed on the surface. For this reason, we design each circle as
belonging to the plane perpendicular to the vector that connects each barycenter to the center of the sphere.
For each circle, M positions are considered to sample the image intensity. We define the signal obtained from
the ordered sequence of samples along the circle as an intensity profile. Examples of intensity profiles obtained
at several scales are depicted in Figure 1(a), where a non-spiculated and a spiculated nodule are considered. In
order to make the descriptor invariant to nodule size changes, we design the spheres as relative to the nodule
diameter d, thus adapting the diameters of the sphere according to the nodule size. For this purpose, we define
a fixed number Gint of internal and external (Gext) spheres relative to the nodule, where the radial distance is
computed as ∆r = d/2Gint and, consequently, R = (Gint +Gext)∆r = G∆r. In our approach, we assume that
the diameter of the detected nodule is provided by either a (semi-)automatic method of the CAD system or by
manual segmentation of the expert.

Frequency-domain analysis. Given the circularity of the sampling pattern, each intensity profile obtained
using the described sampling procedure can be treated as a periodic signal. Furthermore, it can be noted that
specific morphological features of nodules can be captured by analyzing the variations of the intensity profiles at
different scales (see Figure 1(a)). For this reason, we apply the Fast Fourier Transform (FFT) to each intensity
profile, in order to obtain a spectrum, whose frequency components encode information on nodule morphology.
The spectrum is then obtained as Ψl,s

f =
∑M−1
m=0 Isl e

−i2πf m
M , where Isl is the intensity profile associate to the lth

circle at the sth scale in the sampling pattern, and m indicates the index of the sampled voxel in the circular
sampling pattern. For each circle, we sample the intensity at M = 128 positions. Given the symmetry of the
absolute value of the spectrum, we only take the first half of values of each |Ψl,s

f |, with f = 0, . . . ,M/2, obtaining
a spectral signature of 64 elements for each intensity profile.

Unsupervised labeling. As observed in Figure 1(a), different intensity profiles and, consequently, different
spectral signatures are observed in different regions of interest at different distances from vxyz. Based on this
observation, we assume that the information on nodule morphology is contained in the occurrence of each
signature in Nv. In order to obtain a compact representation of the occurrence of each spectrum in Nv, we first
collect a set of spectra from a large amount of locations in a given training dataset, obtaining an heterogenous
collection. Second, we apply the K-means algorithm, obtaining a codebook of K centroids that are used to label
back each spectra with values y1, . . . , yK corresponding to the closest centroid. In this way, a vector Vy ∈ N1×GN

is obtained from each sampling pattern Nv.

Supervised learning. The vector of labeled spectra contains information on the morphology of the segmented
nodule. In order to obtain a compact descriptor of the morphology, we use the normalized histogram of labels
in Vy, representing the occurrence of each spectrum in the nodule. We refer to the descriptor as the Histogram
of Spectra (HS). As a consequence, a feature vector of length K is associated to each nodule. The final step of
the framework consists in using a labeled dataset to train a classifier in a supervised fashion, considering the two
classes {spiculated,non-spiculated}. For learning purposes, we used a Random Forests classifier.11

3. RESULTS

In order to validate the proposed approach, we used a dataset of 800 pulmonary nodules extracted from the
Danish Lung Cancer Screening Trial (DLCST).12 We asked an experienced thoracic radiologist to score the
presence of spiculation. As a result, we obtained 51 spiculated nodules. From the remaining 749 nodules,
we randomly selected 204 samples, to obtain a ratio of abnormal:normal samples of 1:4. The HS descriptor
was computed for each nodule using the following setting: Gint = Gext = 5, K = 100, M = 128. For eval-
uation purposes, a leave-one-patient-out cross-validation procedure was applied and the area (Az) under the
Receiver Operating Characteristic (ROC) curve was used as measure for performance evaluation. An exhaus-
tive analysis of the performance of HS as a function of the parameter K gave the best result for K = 100.

Proc. of SPIE Vol. 9414  941409-3

Downloaded From: http://proceedings.spiedigitallibrary.org/ on 03/23/2015 Terms of Use: http://spiedl.org/terms



Table 1. Performance of the considered approaches, namely Histogram of Spectra (HS), Mean Spectra (MS) and SPHARM
in terms of area under the ROC curve (Az). The lenght of the feature vector for the three approaches is also indicated.

HS MS SPHARM

Az 0.950 0.884 0.755
number of features 100 640 507
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Figure 2. Receiver Operating Characteristic (ROC) curves for
the considered methods, namely Histogram of Spectra (HS),
Mean Spectra (MS) and SPHARM. The area under the curve
(Az) is also indicated.

For this reason, in the experiments we used the param-
eter K = 100. The classification performance in terms
of ROC curve are depicted in Figure 2. Visual exam-
ples of detection of spiculated nodules classified by us-
ing Random Forests and the proposed HS descriptor
are depicted in Figure 3. In the examples, we show
the spiculated nodules that were assigned the highest
(true positives) and the lowest (false negatives) scores
by the proposed approach, which are the most repre-
sentative cases. If we consider the set of true positive
cases, we can clearly see presence of spiculation. It
is also interesting to see that the algorithm gives the
same score (0.82) to nodules with a different size. This
is an interesting feature of the proposed HS descriptor.
If we consider the set of false negatives, some irregu-
larity in the nodule shape can be observed, which can
be defined as spiculation, but less demarcated than in
the previous set. Furthermore, a small bulla is prob-
ably present in case (g), and an extremely irregular
shape is observed in case (h).

In order to corroborate the effectiveness of the pro-
posed approach, we compared the results of HS with
other descriptors used to encode the morphology of
the nodule. For this purpose, we consider the publicly
available code of SPHARM-PDM∗. The output of the
SPHARM operator13 consists of 169 coefficients of the
used spherical harmonics. In order to obtain a compact representation as feature vector, we concatenated the
values of each 3-D vector, obtaining a descriptor of 507 elements length. Since SPHARM requires the 3D mask of
the segmented region of interest as input, we used the method in14 for automatic nodule segmentation. Finally,
in order to corroborate the effectiveness of the information contained in the spectra, in the comparison we also
considered a descriptor based on simple statistics of spectra in Nv. For this purpose, we chose the simplest
statistics one can compute on a set of spectra, i.e., the mean spectrum (MS). In order to take into account for
the spectral components of each sphere in Nv, we averaged the spectra belonging to each sphere independently.
The final descriptor is then the concatenation of the G mean spectra. Using the experimental setting described
above, the length of the MS descriptor is G·M

2 = 640 elements. The results of the ROC analysis are depicted
in Figure 2 and in Table 1. It can be noted that the proposed HS descriptor outperforms the other approaches,
since it properly encodes the differences between spiculated and non-spiculated nodules, particularly marked at
the borders and surroundings of the nodule. The fairly good performance obtained using the MS descriptor
demonstrates that the information encoded by the spectra is a good descriptor of spiculated nodule morphology.
It is worth to note that these results were obtained using very simple statistics of spectra, such as the mean
value. Finally, it is interesting to note that the HS descriptor provides the best results in the comparison using
the smallest number of features.

∗http://www.nitrc.org/projects/spharm-pdm/
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Figure 3. Examples of detection results. Exemples of detected (True Positives) and missed (False Negatives) spiculated
nodules are depicted in three views, of the CT scan, namely axial, coronal and sagittal. These three views are here used
only for visualization purposes and do not represent the information used by the HS descriptor. The score assigned by
the classifier is also indicated in the bottom of each example.

4. DISCUSSION

To the best of our knowledge, the presented framework represents the first attempt to automatically assess
spiculation of a pulmonary nodule in CT images. In terms of lung cancer screening scenario, the application of
the proposed system are numerous. First of all, if we think of the possibility of generating a state-of-the-art report
for CT scan reading, the proposed method allows to automatically flag a detected nodule as spiculated with good
accuracy. In this sense, the benefit is two-fold. First, a morphological feature of the nodule is automatically
assessed, and this can give rise to a both fast and firm conclusion regarding spiculation, useful in an otherwise
time consuming visual assessment in a lung cancer screening setting. Secondly, based on a recently presented
model,4 the characteristic of spiculation can be exploited to contribute to the automatic computation of the
malignancy probability of a nodule. Furthermore, according to the recently presented LungRADS guideline,
spiculation represents one of the additional features to consider to decide on the kind of follow-up to be applied
to a patient. For all these reasons, the proposed approach represents a useful tool to be included in existing or
future CAD systems in lung cancer screening scenarios. We evaluated the method using the manual annotation
from one experienced radiologist as reference standard. We plan to let more experts to score nodules for presence
of spiculation, in order to have a more accurate assessment of the performance of the proposed approach and also
to compare it versus inter-observer variability. Finally, we also plan to evaluate the performance of the proposed
method on a completely independent set of nodules, as for example the publicly available LIDC-IDRI dataset†,
where presence of spiculation for the nodules in the dataset has been scored by several observers.

5. CONCLUSIONS

A novel framework for the automatic assessment of spiculation in detected pulmonary nodules has been presented.
The presented system achieved good performance in detecting spiculation in nodules. Given the accuracy of the
results, the proposed system has the potential to be included in existing CAD systems in lung cancer screening
scenario, with the aim of providing information for automatic assessment of malignancy probability and for
guiding the patient-tailored follow-up.

†https://wiki.cancerimagingarchive.net/display/Public/LIDC-IDRI
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