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Abstract. Segmentation of low contrast objects is an important task
in clinical applications like lesion analysis and vascular wall remodeling
analysis. Several solutions to low contrast segmentation that exploit high-
level information have been previously proposed, such as shape priors and
generative models. In this work, we incorporate a priori distributions of
intensity and low-level image information into a nonparametric dissimi-
larity measure that defines a local indicator function for the likelihood of
belonging to a foreground object. We then integrate the indicator func-
tion into a level set formulation for segmenting low contrast structures.
We apply the technique to the clinical problem of positive remodeling
of the vessel wall in cardiac CT angiography images. We present results
on a dataset of twenty five patient scans, showing improvement over
conventional gradient-based level sets.

1 Introduction

This paper introduces a method for segmenting low contrast regions in Com-
puted Tomography (CT) volumes by integrating local nonparametric intensity
statistics into the level set framework. The drive for early detection and quan-
tification of disease has greatly improved the spatial resolution and sensitivity of
CT scanners. This has led to the growing need for methods for sub-pixel accurate
segmentation and boundary delineation of small structures with volumes rang-
ing from 25 mm? to 500 mm?, or equivalently, 200 to 4000 voxels. Segmentation
of such small structures is further complicated by low contrast, partial volume
averaging, and other imaging artifacts that make it difficult to robustly detect
the boundary between the object of interest and its background and surround-
ing structures (see Fig. [I]). Furthermore, the underlying anatomical structures
of interest often have intensity distributions that are not robustly captured by
standard parametrizations or lower-order sufficient statistics, as shown in Fig.[2
These factors motivate the importance of continued investigation into methods
for improving the segmentation of small, low-contrast structures with spatially
varying intensity information.
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Fig. 1. Examples of low contrast structures in CT images. The image on the left shows
a coronary artery with a thickened wall barely visible against the background cardiac
tissue. The image on the right shows a subsolid nodule that appears “translucent” and
diffuses into surrounding lung tissue.
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Fig. 2. Left: Example of ramp intensity profile (yellow) and corresponding gradient
magnitude (blue) that causes gradient-based level set to propagate beyond the real
boundary given by the reference segmentation (green). Right: Histograms of pixel in-
tensities in vessel wall remodeling regions (blue) and in nearby cardiac tissue and back-
ground (red) were computed over 20 subjects. The histograms overlap considerably, but
have overall distinctive distributions. Note also that the cardiac tissue distribution is
not a Gaussian and difficult to parametrize.

Previously, approaches using parametric deformable surface models that prop-
agate by minimizing an energy functional which includes internal (stretching,
bending), image (usually gradient-based), and external (user-defined or derived
from priors) forces have been proposed [I2]. These often produce accurate seg-
mentation but have limitations with respect to topological flexibility and the
segmentation of complex structures. These limitations are somewhat overcome
by level set methods, which represent the evolving surface implicitly. Early tech-
niques such as fast marching supported only monotonic motion [3] and were
followed by more sophisticated approaches such as shape-based segmentation
[4], geodesic active contours [5], or methods using prior shape statistics to reg-
ularize the level set formulation [6/7]. A solution for the piecewise constant case
of the Mumford-Shah functional [§] in the level set context was presented in [9],
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but only accounted for first-order foreground and background statistics, approx-
imated using average intensities. In [I0], a data consistency term was used to
incorporate local intensity information, but the method makes several assump-
tions: the overall image intensity distribution is assumed to be bimodal such
that it can be factored into underlying foreground and background distributions
which themselves are assumed to be unimodal, and whose parameters can be
recovered from an initial coarse segmentation. Recently, the Bhattacharyya dis-
tance, a nonparametric dissimilarity measure, was integrated into the level set
framework [I1], but the method does not allow the use of prior statistics to drive
the segmentation process.

This paper introduces a technique that makes use of nonparametric prior mod-
els of intensity within the level set variational framework to accurately segment
low contrast regions. Reference segmentations provided by clinical specialists
were used to build nonparametric models of the intensity distribution of the ob-
ject of interest and its surrounding background. During segmentation, we first
estimate the dissimilarity of the local intensity distribution in the vicinity of
each voxel in the image to the two model distributions using Earth Mover’s
Distance (EMD) or the Mallows Distance [I2II3] as a local indicator function
for the likelihood of the voxel belonging to the foreground. The local indicator
function is integrated with gradient-based information to define a new speed
term in the level set partial differential equation. There are two major contri-
butions of this work. First, it incorporates and balances both boundary and
texture information into the segmentation process, while retaining the topolog-
ical flexibility, sub-pixel accuracy, and boundary extraction capabilities of the
level set framework. Second, it uses prior statistical knowledge about the object
and background intensity distributions without imposing a specific parametriza-
tion, e.g., a Gaussian distribution, on the class models. In the remainder of this
paper, we provide the theoretical background, formulate our approach, present
a clinical application, and show experimental results.

2 Background: The Level Set Formulation

In level set approaches the propagating surface S(t) is represented by the zero
level set of a higher dimensional function ¥(w(t);t) : R® — IR that evolves
with time in the Eulerian coordinate system, and may be defined as S(t) =
Y(w(t);t) = 0. The main benefits of the level set formulation are topological
flexibility and differentiability [3/4]. The basic equation of level set propagation

is given by:
oY

ot
where F'(+) is the speed function that controls the evolution of the level set and
w(t) denotes the spatial coordinates in the d-dimensional space w € N¢ that
varies with time ¢. Given an initial position of the surface, S(t = 0), a signed
distance transform is typically applied to generate ¢ (w(t = 0);¢ = 0). After
setting the initial conditions, the evolution of ¢ (w(t);t) and deformation of S(t)
are obtained by solving () at each time point ¢.

+ Fw(t);t) - V] =0, (1)
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In the conventional level set framework, surface evolution is governed by ge-
ometric and image-based features, such as the surface curvature k, the gradient
magnitude of the image intensity I, and an external (inflation/deflation) driving
force ¢ [4]. This can be expressed as

Fa(w(t);t) = [c+ r(w(t); )] - g(VI) - <(P), (2)

where g(VI) =1/ (1+|VI* G,|) with G, being a Gaussian with standard de-
viation ¢ used to smooth out noise. P is an optional spatial prior term that may
be used if prior shape, size, or location information is available. Also, ¢(X) is the
sigmoid function that normalizes the dynamic range of a feature X and is given
as ¢(X) = Xumin + (Xmax — Xmin)/ (1 + exp (— X;ﬂ)) When the boundary be-
tween the object and background is diffuse, as is often the case in biomedical
imaging, the edge profile follows a ramp model (see Fig. 2l (left)). In these cases,
gradient-based implementations as in (2]) tend to propagate over the boundary,
leaking into the background. More accurate segmentation can be achieved by us-
ing prior statistical information about the intensity distribution of an object and
its surrounding area to complement the gradient information. However, first and
second order statistics or parametric representations of distributions are often
not sufficient for separation of the object from the background, as shown in Fig.
(right). We propose the integration of higher order intensity statistics into the
level set formulation via a nonparametric dissimilarity measure for segmenting
low contrast structures.

3 Incorporating Nonparametric Priors in Level Sets

A local indicator function, defined at each voxel and denoted by H(w), that
expresses the likelihood of the voxel belonging to a foreground object can be
integrated in the level set formulation along with gradient magnitude and cur-
vature to define a new speed term Fp as follows (with the help of (2])):

Fr(w(t);t) = Fo(w(t);t) - <(H), 3)

where ¢(+), again, is the sigmoid function. So far, the only requirement imposed
on H(-) is that it can be evaluated locally. Next, we define and derive a form
of H(-) in terms of a dissimilarity measure of a locally sampled intensity distri-
bution to nonparametric intensity distributions of foreground and background
classes established from exemplars.

We represent the prior statistical information of foreground and background
regions using normalized histograms of intensity. The histogram of foreground re-
gions was learned from clinical image datasets where the foreground regions were
delineated by clinical imaging experts. The histogram of the background was de-
rived from the same datasets by automatically selecting regions surrounding the
delineated foreground voxels. Fig. [ (right) shows the histograms for remodeled
sections of coronary vessel wall and the nearby cardiac tissue over a set of twenty
CT volumes.
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The histograms of the foreground and background intensity models are used
to construct the indicator function H(-) in [@B]). At each voxel w, a histogram
built from a small neighborhood about w is compared to the model foreground
and background histograms using the Earth Mover’s Distance [T2J13] as a well
defined norm on the differences between two distributions

D?*(w; Mi, N(w)) = Y [CDF(k, M;) — CDF (k, N'(w))]?, (4)
k

where M; is a model (foreground or background), N (w) is a neighborhood about
w, and CDF () is the cumulative probability distribution of intensity for a model
or over a neighborhood. The dissimilarity measures of the sample histogram over
N (w) to each model histogram are combined into an indicator function given by

H(w) = D*(w; M1, N (w)) = D*(w; M2, N'(w)) = T (5)

where M and Ms denote the background and object model respectively, and T'
represents a difference between the prior probabilities of the two models. H (")
can be plugged into (@) to give the nonparametric intensity-distribution weighted
speed function, Fpg.

4 Clinical Application: Vessel Wall Segmentation

The proposed algorithm was tested on cardiac CT angiography (CTA) datasets
in the context of vessel wall delineation for measuring positive remodeling. CTA
is a minimally invasive imaging procedure used to examine the health of blood
vessels in key areas of the human body such as brain, heart, lung, abdomen, and
kidneys. It involves injection of a contrast agent, usually iodine-based, to enhance
the image contrast inside the vessel lumen. This enables the segmentation of
the lumen using simple algorithms such as morphological operations or region
growing and is useful for detecting stenoses, i.e., narrowing of the vessel lumen.

Positive wall remodeling, on the other hand, is defined as an increase in the
vessel wall thickness, resulting in the bulging out of the outer boundary of the
vessel wall. This is usually observed at atherosclerotic lesion sites and often in-
dicates an unstable clinical presentation associated with high risk of an acute
cardiac event [T4JI5]. Accurate segmentation plays a significant role here because
the coronary vessel walls are thin, typically 2-5 pixels wide in state-of-the-art
CT. Unfortunately, compared to the vessel lumen, the image contrast of the ves-
sel wall is quite low. This is due to surrounding cardiac tissue, partial voluming,
and noise. Thus, accurate localization of the wall boundary using gradient-based
level sets is not possible. On the other hand, the intensity distribution of the pos-
itive remodeling voxels marked by clinical specialists was observed to differ from
that of its surrounding tissue and background, as shown earlier in Fig.[2l There-
fore, the proposed speed function given in (B]) which incorporates nonparametric
intensity statistics should yield improved segmentation.
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5 Experimental Results

Preprocessing steps that are not the focus of this paper were used to isolate
the bright contrast-filled vessel lumen regions in CTA datasets. For evaluating
the proposed algorithm, we operated only on the vessel segments containing
examples of wall remodeling. A volume equal to three times the nominal diameter
of the vessel lumen was fixed as the domain for the level set propagation. A signed
distance function was computed from the lumen surface and the level set was
initialized at 0.5 mm outside the lumen.

Coronal Cross-section  Longitudinal

Fig. 3. Segmentation results. Row (a) Original CT intensity data, (b) reference stan-
dard showing positive remodeling regions overlaid on the CT data, (c) segmentation
using conventional gradient-based level sets (G-LS), and (d) segmentation results using
the proposed histogram-based level set (H-LS) approach. The first two columns show
axial and coronal views. For better visualization, the last two columns show reformat-
ted views across and along the vessel. G-LS propagates over the wall boundary into
the background areas, while H-LLS produces more accurate delineation.



Nonparametric Intensity Priors for Level Set Segmentation 245

Scatterplot of segmentation costs by H-LS vs. G-LS
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Fig. 4. Scatterplot of segmentation costs produced by H-LS versus G-LS for 25 patient
CT scans (in blue). The segmentation cost is the root mean squared distance (RMSD)
of the segmented surface from the reference surface. Points below the diagonal red line
correspond to lower RMSD values of H-L'S compared to G-LS, i.e., better segmentation
accuracy. We observe that H-LS outperforms G-LS in 21 out of 25 cases.

For the sake of brevity in the ensuing discussion, the level set scheme using
the proposed speed function () is referred as “H-LS” and the one using the
conventional speed function (@) as “G-LS”. Results for both algorithms were
evaluated against reference standard segmentations of positive remodeling wall
regions that were provided by clinical specialists. Representative segmentation
results are illustrated in Fig. [ showing H-LS gives segmentations much closer
to the reference positive remodeling regions, while G-LS tends to leak and prop-
agate beyond the vessel wall boundary. We use the root mean squared distance
(RMSD) of the segmented surface from the surface of the reference segmenta-
tion to quantify performance. We add the vessel lumen to both the reference
and segmented volumes prior to calculating RMSD to mitigate large distances
from false vessel wall detections opposite to the actual positive wall remodeling.
Fig. @ compares the RMSD values for G-LS and H-LS over twenty five datasets.
The proposed H-LS method consistently outperforms standard G-LS. The mean
RMSD over the twenty five cases was found to be 0.65 mm for G-LS and 0.47 mm
for H-LS, giving a 28% improvement on average. Furthermore, a paired t-test
between the RMSDs produced by H-LS and G-LS gives a p-value of 0.000032
suggesting statistically significant improvement.

6 Conclusion

We introduced a method for naturally incorporating nonparametric intensity
priors of foreground and background objects into a local, nonparametric dissim-
ilarity measure as a speed function term in the level set framework. The method
improves segmentation accuracy for low contrast regions by providing a counter-
balance to gradient-based front propagation. We demonstrated the method on a
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database of vessels with positive wall remodeling. While vessel lumen narrowing
or stenosis can be detected by directly analyzing the vessel lumen, our technique
allows for the accurate segmentation of the remodeled wall region, a necessary
step for quantifying pathology. Our approach is applicable to other low contrast
segmentation problems where exemplars are available. The low-level segmen-
tation scheme can also be viewed as an independent step or combined with
additional analysis and classification approaches to aid in diagnosis.
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