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ABSTRACT

We propose a novel approach for diagnosing malignant
lung nodules based on analyzing the spatial distribution of
Houns eld values for the detected lung nodules. Spatial
distribution of image intensities (or Houns eld values) com-
prising the malignant nodule appearance is accurately mod-
eled with a new rotationally invariant second-order Markov-
Gibbs Random Field (MGRF). In this paper, we introduce
a new maximum likelihood estimation approach to estimate
the neighborhood system of the proposed rotation invariant
MGRF and its potentials from a training set of nodule images
with normalized intensity ranges. Preliminary experiments
on 327 lung nodules (153 malignant and 174 benign) resulted
in the 91.1% correct classi cation (for the 95% con dence
interval), showing the proposed method is a promising sup-
plement to current technologies (biopsy-based diagnostic
systems) for the early diagnosis of lung cancer.

Index Terms— Lung nodules, CT, Markov elds.

1. INTRODUCTION

Pulmonary nodules are frequently found during computed to-
mography (CT) scans of the chest area [1]. The improvement
in resolution and the broad availability of spiral and multi-
detector row CTs has resulted in an increasing number of pul-
monary nodules being detected [1]. The goal of a radiological
evaluation of small pulmonary nodules is to differentiate be-
tween benign and malignant lesions at an early stage.

Large malignant nodules (generally de ned as greater
than 1 cm in diameter) are easily detected with any tradi-
tional imaging equipment and are then diagnosed by needle
biopsy or bronchoscopy. However, diagnostic options for
small malignant nodules are limited due to dif culties in their
accessibility, especially if they are located deep in the tissue
or away from large airways. Therefore, additional imaging
and Computer-Aided Diagnostic (CAD) systems are needed.

Previous work. Volumetric-based analysis approaches of
doubling time are increasingly being tested and have been
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proven in studies to correlate with the benign or malignant
nature of nodules [2, 3, 4]. Tracking the temporal nodule be-
havior is a challenging task due to changes in the patient’s
position at each data acquisition and the effects of the pa-
tient’s heart beat and respiration. In order to accurately mea-
sure how the nodules develop over time, these motions should
be compensated for by registering the Low Dose Computed
Tomography (LDCT) data sets taken at different time points.
Many methods have been proposed for solving medical im-
age registration problems (see e.g. [5]) and excluding the lung
motions [6]. Moreover, it has been reported that computer-
assisted volume measurements are more reliable for small
pulmonary nodules than the measurements made by human
experts [7]. Even with these techniques, the accuracy of nod-
ule classi cation based on the growth rate remains below clin-
ical requirements [7]. To the best of our knowledge, this paper
is the rst to characterize the detected nodules by modeling
and analyzing their visual appearance (spatial distribution of
Houns eld values of the lung nodule voxels). Such an analy-
sis does not involve image registration.

2. METHODS

In this work, we propose a novel appearance-based approach
for the analysis of the lung nodules’ appearance variability
between malignant and benign nodules (See Fig. 1). In this
paper we will focus on steps 3 and 4. The rst two steps are
shown in detail in [8, 9].

Fig. 1. Proposed appearance-based system for early assess-
ment of malignant nodules.
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2.1. MGRF-based prior appearance model

The visual appearance of both the small 2D and the large 3D
malignant lung nodules in an LDCT chest image are modeled
with a generic translation and rotation invariant second-order
MGRF. Its voxel-wise and central-symmetric pairwise voxel
potentials account for differences between the Houns eld val-
ues (i.e. gray levels, or intensities) of the nodules. Possi-
ble monotone (order-preserving) intensity changes, e.g. due
to different sensor characteristics, are taken into account by
equalizing [10] lung areas on every segmented LDCT data
set.

Figure 2 presents axial cross-sections of two lung nod-
ules suggesting that the spatial distribution of the Houns eld
values is considerably less smooth for a malignant nodule
compared to a benign one. The MGRF model describes pe-
culiarities in the visual appearance of the malignant nodules
in terms of pairwise spatial co-occurrences of the equalized
Houns eld values.

Benign Nodule Malignant Nodule

(a) (b) (c) (d)

Fig. 2. 2D (a,c) and 3D (b,d) visualization of Houns eld val-
ues over an axial cross-section of a benign and malignant nod-
ule.

Let ��� �� �� be Cartesian point coordinates in a 3D lat-
tice � � ���� �� �� � � � �� � � � � � � �� � � �� � � � � � �
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in Fig. 3. Let �� � � � � � ������, where � �
��
 
 �� � � � � �� �� � � � � 
 � �� is the set of pairwise signal
differences, and denotes a real-valued Gibbs potential func-
tion for the neighboring voxel pairs with the relative coor-
dinate offset �. Each such pair is a second-order clique of
the neighborhood graph. All the cliques are strati ed into
� families, �� � ��� � � � ��, of translation invari-
ant cliques having the same interaction potential �� taking
�
�� values, which can be represented in the vectorial form:
	� � ������ � � � �	.
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Fig. 3. Central-symmetric second-order 2D (a) and 3D (b)
neighborhood system.

A generic translation and rotation invariant second-
order Markov-Gibbs random eld (MGRF) of images � �
�	��� �� �� � ��� �� �� � ��, which is invariant to image

translations, rotations and global signal offsets, has the fol-
lowing Gibbs probability distribution (GPD):
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where �� is the normalizing factor (called the partition func-
tion) for potentials 	 � �	� � � � �	 for a certain neigh-
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	���� ��� ��� � �.

The central-symmetric voxel neighborhood � � embraces
all voxel pairs such that the coordinate offsets between
any voxel ��� �� �� and its neighbor �� �� ��� ��� belong to
an indexed semi-open interval �������� �����	�; � � � 	
��� �� �� � � �� of the inter-voxel distances:
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Figure 3(a) illustrates the neighborhoods for the distance
ranges ������ � � � ��� and �����	 � � 
 ���; � � � �
��� � � � � ��.

Each neighborhood �� has the same potential function
	� of the absolute intensity difference � � �� � � �� be-
tween the neighboring voxel pairs: 	� � ������ � � � �,
where � � 	��� �� ��; �� � 	���� ��� ���, and � � � �
��� �� � � � � 
 � ��. The voxel potential 	��	 � ����	��� �
� � �� depends on the voxel intensities.

In this paper, we introduce a new maximum likelihood
analytical approach to estimate the potentials of a Markov-
Gibbs Random Field (MGRF) (Please see the supplementary
material for the complete proof). The potentials are analyti-
cally approximated as:

����� � � ������� ��
����� � � � � (3)

where ����� is the empirical probability of the pairwise in-
tensity difference � for the voxel pairs corresponding to the
neighborhood �� over the training data set; ��
���� denotes
the probability of the same difference � for the independent
random eld of equiprobable intensities:
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and the common factor � is also computed analytically. Be-
low it is omitted (� � �) because only relative potentials are
used for computing relative energies ���
�� of the neighbor-
hoods.
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Neighborhood Selection: The relative energies:
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allow for the ranking of all the available neighborhoods � �

and selecting the characteristic subset� for the prior MGRF
appearance model with the potentials of Eq. (3).

Under the learned model, any nodule image � is described
by its Gibbs energy
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where � is a set of the selected neighbors, ���	��� and
����� are vectors of the empirical probability distributions of
intensities and absolute intensity differences collected within
the nodule in �, and �� denotes a relative cardinality of the
set of all the voxel pairs corresponding to the neighborhood �
with respect to the lattice cardinality� � � � �.

3. EXPERIMENTAL RESULTS

To justify the proposed methodology of learning the 3D ap-
pearance (i.e. spatial distribution of Houns eld values) of
both malignant and benign nodules after normalizing the im-
age signals, the above appearance analysis was tested on a
database of clinical multislice 3D chest LDCT scans of 327
lung nodules (153 malignant and 174 benign). The scanned
CT data sets each have ���� ���� ��� mm
 voxels, with the
diameters of the nodules ranging from 3 mm to 30 mm. Note
that these 327 nodules were diagnosed using either a bron-
choscopy and needle biopsy, or a two-year follow-up with CT
scans. Note that the small nodules (less than 10 mm in diam-
eter) were diagnosed by two-year follow-up with CT scans.

In order to illustrate the signi cance of our methodol-
ogy of learning the 3D appearance (spatial distribution of
Houns eld values) of both malignant and benign nodules
after handling all of the motion artifacts due to breathing and
heart beating, we performed unpaired t-test. Table 1 shows
Gibbs energies for both a malignant and a benign nodule. It
suggests that the energy of a malignant nodule is higher than
that of a benign nodule; this encourages the use of the Gibbs
energy as a discriminatory feature to distinguish malignant
from benign nodules. Table VIII shows the average Gibbs
energy of the malignant and benign nodules.

As demonstrated in Fig. 4, the probability distributions
of the average Gibbs energy over each detected lung nodule
used to describe the 3D appearance of 50 malignant and 58
benign nodules were obtained using a close approximation of
the empirical mixture using the approach in [9]. Note that
the average Gibbs energy is estimated by averaging all of the
voxel–wise Gibbs energies, which are calculated using Eq. 5
for each detected lung nodule.

The training subset for classi cation (30 malignant lung
nodules and 30 benign lung nodules) was arbitrarily selected

Fig. 4. Energy probabil-
ity models describing the ap-
pearance of 3D malignant
and benign nodules

Fig. 5. The ROC curves for
the proposed approach and
the growth rate based diag-
nostic approach.

from among all of the 327 lung nodules. The classi cation
accuracy of a Bayes classi er using the estimated probabil-
ity models in Fig. 4 was evaluated using the 	�-test at 95%
con dence level. At the 95% con dence level, 139 out of
153 malignant nodules (a 90.8% accuracy), and 159 out of
174 control subjects (a 91.3% accuracy) were correctly classi-
ed. The overall accuracy using the proposed 3D appearance-

based CAD system for 95% con dence level is 91.1% during
the rst detection of lung nodules.

The advantages of using the proposed 3D appearance-
based CAD system are highlighted by comparing the ac-
curacy of our system to that of the approach proposed by
Reeves et al. [11], which is based on the estimation of a
lung nodule growth rate over a one year time frame from the
rst detection. It has been shown that using the proposed

3D appearance-based CAD system leads to an accuracy of
91.1%. On the other hand, classi cation based on traditional
growth rate approaches [11] over one year is 87 out of 153 for
malignant nodules (a 56.9% accuracy), and 114 out of 174
for benign nodules (a 65.7% accuracy) at a 95% con dence
level.

Moreover, we compared the diagnostic with the standard
deviation which is a standard method for measuring global
intensity homogeneity in the detected lung nodules. The clas-
si cation based on using the standard deviation is 55 out of
153 for malignant nodules (a 35.9% accuracy), and 79 out of
174 for benign nodules (a 45.4% accuracy) at a 95% con -
dence level. The low accuracy of standard deviation based-
classi cation method is due to the fact that the standard devi-
ation measures only the global homogeneity and therefore is
of limited value for the spatial appearance analysis. Intensity
variations between the near neighbors by themselves are too
noisy, resulting in characteristics of homogeneity with very
limited descriptive power. But these variations are taken into
account and integrated in the proposed MGRF energy with a
large set of other characteristic close- and long-range inten-
sity variations. This is why the proposed energy outperforms
simpler measures of local homogeneity.

Another way to measure and test the performance of the
proposed diagnostic system is to compute the receiver operat-
ing characteristic (ROC). Each point on the graph is generated
by using a different cut point (classi cation threshold). Fig-
ure 5 shows the ROC of the two approaches, our proposed
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Table 1. Statistical analysis of the Gibbs energy of lung nodules detected for the 30 malignant nodules and 30 benign nodules.
Note that � stands for the mean, � stands for the standard deviation, B stands for benign nodules, and M stands for malignant
nodules

Scanning period Malignant Nodules Benign Nodules Statistical signi cance
�� ��� �� ��� ����� ����� p-value

3 months 33.24 2.12 8.10 0.97 0.0001
6 months 37.59 2.22 8.91 0.81 0.0001
9 months 39.16 3.19 9.01 0.86 0.0001
12 months 41.91 3.29 9.06 0.91 0.0001

appearance-based diagnostic approach and the growth rate
based diagnostic approach [11]. It is clear from Fig. 5 that the
area under the ROC curve of our present approach is larger
(Az = 0.9594) than the area under the ROC of the growth rate
based diagnostic approach [11] (Az is 0.6757 for one year es-
timated growth rate). The high sensitivity and speci city of
the proposed approach is due to using the estimated Gibbs en-
ergy of the detected lung nodule as a new discriminatory fea-
ture that has the ability to describe the appearance variability
between malignant and benign nodules. This new discrimina-
tory feature is more separable than using the estimated growth
rate.

4. CONCLUSIONS

The preliminary results shown in this paper justify the elabo-
ration of the proposed alternative method for diagnosing ma-
lignant lung nodules. Its novelty lies in using the appearance
of a segmented 3D nodule instead of the more conventional
growth rate as a reliable diagnostic feature. The appearance
is described in terms of the voxel-wise conditional Gibbs en-
ergies for a generic rotationally and translationally invariant
second-orderMGRF model of malignant nodules with analyt-
ically estimated characteristics for voxel neighborhoods and
potentials.

The proposed nodule appearance analysis could lead to
faster, more accurate, and more useful clinical diagnostics
for detecting pulmonary nodules without the need for inves-
tigating their temporal development on successive LDCT im-
ages of the same subject collected over a relatively long time.
The present C++ implementation on the Intel quad processor
(3.2GHz each) with 16 GB memory and 1.5 TB hard drive
with the RAID technology takes approximately 5 sec for pro-
cessing 30 mm lung nodules and less than 1 sec for processing
5mm lung nodules.
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