AN AAM-BASED DETECTION APPROACH OF LUNG NODULES FROM LDCT SCANS
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ABSTRACT

In this, paper a new approach for lung nodules detection from
LDCT scans is proposed. Intensity models of the nodules
are generated using an active appearance model formulation.
Template matching is used to compute a similarity score be-
tween the AAM template and the input image. The goal is
to maximize the similarity measure at different image pixels
to increase nodule detection. Conventional template match-
ing does not account for rotation variations. Our proposed
template matching approach is formulated as an energy op-
timization problem that computes a transformation that in-
cludes rotation(s) parameters as well as the AAM weighting
coefficients. The approach is flexible to different scans and
different nodule locations because of the ability to handle the
variations in the rotation between the template and the input
images. The approach can employ different similarity mea-
sures. Experimental results will be shown using three simi-
larity measures from the literature: NCC, ZNCC and ZSSD;
which illustrate the efficiency of the proposed approach. ROC
curves for various nodule types are constructed on a clinical
study with known ground truth, showing significant enhance-
ments over conventional parametric nodule models and tradi-
tional template matching criterion.

1. INTRODUCTION

Computer-Assisted Diagnosis (CAD) of lung nodules from
low dose CT (LDCT) scans of the human chest is an active
area of research (e.g.,[7][5]). Fig.1 illustrates the compo-
nents of a typical CAD system. Our efforts (e.g., [8], [3],
[9]) created and tested several approaches for lung tissue seg-
mentation and nodule detection. This paper deals with nod-
ule detection and the role of data in devising nodule mod-
els that capture the physical characteristics of lung nodules
as seen by a radiologist. From an image analysis prospec-
tives, nodules possess various uncertainties in the modeling
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process due to size, contrast, shape, and occlusion - our focus
has been on early detection; i.e., with small nodules of lcm
or less, resembling spatial supports of 5-10 pixels in a typical
slice from a LDCT chest scan. Such uncertainties provide a
real challenge for CAD models in terms of training, testing
and validation. Our experience showed the promise of shape
and appearance models, developed in the computer vision lit-
erature, (e.g., [2], [4]) in lung nodule modeling. Using the
active appearance models (AAM) to model the lung nodules
has been shown to lend higher sensitivity and specificity over
parametric models (e.g., [3], [9]). This paper provides further
enhancements for lung nodule modeling using the AAM ap-
proach, evaluates the performance on a clinical study, shows
the ROC for various nodule types, as an attempt to answer the
following question: how far early detection of lung nodules
from LDCT scans can go with respect to human experts?. In
this, paper we examine the usage of the eigennodules gen-
erated from the principle component analysis (PCA) process
undergone after alignment of the training shapes versus the
usage of one average template per nodule type. The eigenn-
odules generated by enforcing a PCA criterion generates mul-
tiple model variations pertaining to each nodule type from
the ensemble of categorized nodules, thus, multiple templates
are used in the detection process. In the literature the well-
known template matching using zero-mean normalized cross-
correlation (ZNCC) and normalized-cross correlation(NCC)
similarity measures are typically used for lung nodule detec-
tion. In this, paper a new formulation to the typical template
matching approach is formulated taking into account rotations
variations between the template and input images with an op-
timizer in the form of the Gradient descent method. The simi-
larity correlation measures are also not limited to just the zero
mean normalized-cross correlation (ZNCC) and normalized-
cross correlation (NCC), but also uses the Zero-mean Sum of
Squared Differences(ZSSD) for analysis.
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2. LUNG NODULES MODELING

In a CT of the lung a pulmonary nodule usually appears as a
spherically shaped mass; however, this mass can be distorted
by the pleural surface and surrounding anatomical structures.
The classification of Kostis et al. ([1]) is adopted in this paper,
which groups the lung nodules into four classes: juxta-pleural
where a significant portion of the nodule is connected to the
pleural surface; vascularized where the nodule has significant
connection(s) to the neighboring vessels while located cen-
trally in the lung; well-circumscribed where the nodule is lo-
cated centrally in the lung without being connected to vascu-
lature; and pleural tail where the nodule is near the pleural
surface, connected by a thin structure; In all of these types
there is no limitations on size or distribution in the lung tis-
sue.

Data-Driven Nodule
Templates

=
Chest )

LDCT, Scan Lung Tissues

Nodule Nodule
—> Filtering = gegmentation ~>

Detection ~>  Classification

Fig. 1. A block diagram of the major steps involved in
computer-based analysis of LDCT of the chest in order to de-
tect and classify doubtful lung nodules.

A database of 96 pre-identified nodules (24 nodules per
type) by a bounding box of size 21x21 pixels (this re-
gion is based on the radial distance distribution) was con-
structed in [9], using a semi-automatic method of crop-
ping and categorizing each nodule into one of the four
nodule types. These 24 nodules per type were annotated
to highlight the basic geometric and structural features
of the nodules. Let the annotated database of n nodule
types be represented as T = {G1,Go,...,G,} where each
G, = {st,s5,..,s%} where s} : R2 — R represents
the sample nodule annotated image. In this work, n = 4
and £ = 24. These images are aligned by employing the
Procrustes approach [10], thus producing n sets of aligned
images where, T = {él, Go, ..., Gn} The average nodule
image for each G, is computed as 5" = (£) >_(s™). For any
set of nodule images indexed by 4, its 1mage deviations from
its mean are {G% = §1'—5',G% = $'—5', ..., Gt = §;,'—5'}
where each image is of size N1 x Ns. Each image is converted
into a column vector by taking row by row and setting them
together as a one dimensional matrix =. We form the matrices
S; = [E4Z5..Ei] and ¥ = 15;ST. An eigenvalue decom-
position is employed to factor the matrix U as ¥ = U S UT
where U is an N x k matrix where N = N; X No. Each
column vector of the matrix U indexed by j is converted into
a two dimensional image §; From these eigen images, we
can formulate an active appearance model of the nodule set

images i as AAM; = 5 + >oj, w;sh where w; € R. The
number m is the number of modes to consider. From this
model we can build nodule training images as I} = 5 + 5.
The number of modes can be computed from the relation:
S()A: > 15530 (F_1A.) where = 97%, and [\.] are
the non zero eigen values. This will result in an average of
m = b eigen images, i.e. eigennodules, per nodule type to be
generated, for usage as the templates in the detection process.
Average nodule image of each set of the four nodule types is
shown in Fig. 2.

Fig. 2. Nodule models using the mean shape and texture of
co-registered nodules. The resultant nodule models are based
on the average of shape and texture from the AAM approach
(e.g., [9]). From right to left the respective nodule represen-
tations are: Well-circumscribed, vascularized, pleural-tail and
juxta-pleural.

3. TEMPLATE MATCHING AND REGISTRATION

Assume a template image I, : €, C R?> — R and an input
image I; : 2; — R, the zero-mean normalized cross correla-
tion (ZNCC) between the two images is defined as:

fﬂt(It(Xt) — ) (L (X + X)) — g )dSdy

§(X;) =
\/.th (Le(Xe) = pe)2d [, (1i(Xe +X5) — p1)?dS

(h
where X; € Q;, X; € ), the template image average is
Jo, 1e(Xe)dS

ao and the corresponding space intensity av-
Jo,

Mt =
Jo, Ti(Xe4+X;)d2,
To, 4%

We assume the functional ¢ : R? — R such that for any
two images [; and Io, the function is written as ¢(I1, I2) =
Jo, (11(X1) = 1) (I2(X1 + X2) — p12)dS21 where the average
parameters and image domains are defined as above. Now, the

above similarity measure can be written as:

erage in the input image is defined as p; =

(1 (Xy), Li( Xy + X))

X;) =
) VLX), I (X)) (1 (X + Xo), L(Xe + X))
(@)

Our goal is to maximize such a similarity measure over the
whole domain of the input image €2;. Using the template im-
age as is will have limited results on that measure especially
when the problem encounters rotations variations. So, we
incorporate a geometric transformation process on the tem-
plate image such that the parameters of that transformation
are selected to maximize the similarity &;. Assume a geomet-

ric transformation function A (X;) = RX; where R is the
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rotation matrix. For each point X, there exists a geometric
transformation A; that maximizes the ZNCC similarity mea-
sure. The similarity measure is re-written after incorporating
the transformation as:

£(Xi) = p(1(X4), 1i(Ai + X))

VeoL(Xe), Ii(Xe))o(Li(Ai + Xa), L;(A; + X(%)))
Using the AAM shown above, the template function is ex-
pressed in terms of the weighted eigen shapes I, = I +
Z;.n:l w;l;. The transformation parameters as well as N-
weighting coefficients are required to maximize the similar-
ity measure. The gradient descent approach is used in this
optimization problem.

Summarizing the above approach: for every point in the input
image domain, a ZNCC similarity measure is computed after
finding the corresponding weighting coefficients and transfor-
mation parameters that maximizes such a criteria. Local max-
ima points are determined by a thresholding criteria to find the
best matches. The above formulation can be derived for other
similarity measures (ZSSD, NCC, ...etc.) in a straightforward
manner.

4. RESULTS

Studies in this paper are based on the ELCAP public database
[6], which contains 50 sets of LDCT lung scans taken at a sin-
gle breath-hold with slice thickness 1.25 mm. The locations
of the 397 nodules are provided by the radiologists, where
39.12% are juxta-pleural nodules, 13.95% are vascularized
nodules, 31.29% are well-circumscribed nodules and 15.65%
are pleural-tail nodules. The ELCAP database is of resolution
0.0mm x 0.5mm [6]. In the first set of experimentations
conducted, the four average and eigennodule templates are
used in the detection process using template matching with-
out any rotation or scale variations. The three correlation sim-
ilarity measures were employed in the detection process using
the average nodule templates. The receiver operating charac-
teristic curve (ROC) and computed area under curve (AUC)
for each similarity measure is shown in Fig. 3. The detec-
tion process shows the ZSSD correlation measure provided
the best results while the ZNCC showed the poorest detec-
tion results with respect to the other methods employed. The
NCC out-performed its zero-mean counterpart, ZNCC, in the
detection results when compared to one another. The ZSSD
computation relies on the squared differences followed by
the aggregation between the pixels within a square neighbor-
hood between the template image and the image slice. Since,
the training data for the lung nodule modeling process and
the testing is conducted on the same low-dose CT (LDCT)
datasets the out-performance of detection using ZSSD can be
validated. The ROC results in Fig. 4 shows the usage of the
eigennodule templates with ZSSD, NCC and ZNCC correla-
tion similarity measures in the detection process. Variations
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in the computed AUC for the ROC curves shown in Fig. 4 be-
tween the three methods are relatively smaller than the vari-
ations seen when the average nodule templates were used for
detection.
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o
[

== ZSSD Average No Rot &Scale; AUC 0.93
m——gm— NCC Average No Rot &Scale; AUC 0.85
=@ ZNCC Average No Rot &Scale; AUC 0.71

0.2 0.4 0.6 0.8
False Positive

a

Fig. 3. ROC curve for template matching detection without
rotation using the four average nodule templates and three
correlation similarity measures. Computed area under curve
for the detection process using each similarity measure is
shown.
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Fig. 4. ROC curve for template matching detection without
rotation using the five eigennodule templates per nodule type
(i.e. 20 total models) and three different correlation similar-
ity measures. Computed area under curve for the detection
process using each similarity measure is shown.

Several conclusions can be made from the curves, first us-
ing the eigen nodule templates provided better results with
the NCC and ZNCC similarity measures employed in the
template matching. Secondly, with false positive rate 10%
the ZSSD using the average nodule templates provides above
90% true positive nodule detection rate this performance level
is reached by the NCC using the average templates when the
false positive rate is 30%. The results for the ZSSD using the
eigennodules and average nodule templates provided the best
AUC computed rates when compared to the other similarity
measures at 0.93. Experimentations on the rotation template
matching using the average and eigennodule templates are
depicted in Fig. 6 and Fig. 5. The experiments depicted
showed overall improvements in detection using either sets
of the generated nodule templates. The ZNCC similarity
measure with rotation template matching using both the av-
erage and eigennodules provided the most improvements in
detection rates as can be inferred by the AUC computations.
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Fig. 5. ROC comparison using the average templates for lung
nodule detection with rotation and three different correlation
similarity measures.
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Fig. 6. ROC comparison between the eigen nodules with ro-
tation involvement and three different correlation similarity
measures.

5. CONCLUSION

In this paper a new detection approach using template match-
ing for lung nodule detection incorporating AAM templates
with rotations was formulated. The detection approach is
represented as an energy optimization function to be maxi-
mized for detecting and localizing nodules. Similarity mea-
sures over the whole image domain are used to define the
local maxima positions of the lung nodules. The formu-
lated approach is flexible to various similarity measures and
databases. Also, the optimization process is able to success-
fully compute the rotations and AAM parameters at different
image pixels positions. Through the experimentations, it is
seen that the embedding of rotation variations improves the
template matching detection results and provides better true
positive detection. Incorporating scale invariant features in
the detection process is still an open issue especially with
small spatial support regions, which needs further inves-
tigation. Also, implementation using sophisticated GPUs
techniques can expedite the performance.
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