Spectral Embedding based Active Contour (SEAC):
Application to Breast Lesion Segmentation on DCE-MRI
Shannon C. Agnera , Jun Xua , Mark Rosenb , Sudha Karthigeyana , Sarah Englanderb , and
Anant Madabhushia
a Department

b Department

of Biomedical Engineering, Rutgers University, Piscataway, NJ, USA;
of Radiology, Hospital at the University of Pennsylvania, Philadelphia, PA, USA
ABSTRACT

Spectral embedding (SE), a graph-based manifold learning method, has previously been shown to be useful in high
dimensional data classiﬁcation. In this work, we present a novel SE based active contour (SEAC) segmentation
scheme and demonstrate its applications in lesion segmentation on breast dynamic contrast enhance magnetic
resonance imaging (DCE-MRI). In this work, we employ SE on DCE-MRI on a per voxel basis to embed the
high dimensional time series intensity vector into a reduced dimensional space, where the reduced embedding
space is characterized by the principal eigenvectors. The orthogonal eigenvector-based data representation allows
for computation of strong tensor gradients in the spectrally embedded space and also yields improved region
statistics that serve as optimal stopping criteria for SEAC. We demonstrate both analytically and empirically
that the tensor gradients in the spectrally embedded space are stronger than the corresponding gradients in the
original grayscale intensity space. On a total of 50 breast DCE-MRI studies, SEAC yielded a mean absolute
diﬀerence (MAD) of 3.2±2.1 pixels and mean Dice similarity coeﬃcient (DSC) of 0.74±0.13 compared to manual
ground truth segmentation. An active contour in conjunction with fuzzy c-means (FCM+AC), a commonly used
segmentation method for breast DCE-MRI, produced a corresponding MAD of 7.2±7.4 pixels and mean DSC
of 0.58±0.32. In conjunction with a set of 6 quantitative morphological features automatically extracted from
the SEAC derived lesion boundary, a support vector machine (SVM) classiﬁer yielded an area under the curve
(AUC) of 0.73, for discriminating between 10 benign and 30 malignant lesions; the corresponding SVM classiﬁer
with the FCM+AC derived morphological features yielded an AUC of 0.65.
Keywords: Active contour, breast cancer, DCE-MRI, segmentation, spectral embedding, classiﬁcation, magnetic resonance imaging, manifold learning

1. INTRODUCTION
Active contour (AC) schemes are commonly used for medical image segmentation.1 AC models can be divided into
boundary- based,2 region- based,3 and hybrid4 models, which combine boundary- and region- based methods.
The success of boundary-based approaches hinges upon the strength of the image gradient at the boundary
between the region of interest (ROI) and the background. This is often a limitation of the AC model when
applied to grayscale images such as those found in radiology. Strong image gradients at the lesion border may
not always be available, particularly when the ROI has diﬀuse boundaries as is demonstrated in Figure 1 and
which often occurs in the case of malignant lesions.5 For region- based methods, region statistics are computed
over the entire image. These statistics may not be very valuable in the case of grayscale radiologic images,
especially because grayscale images only have a single channel of information from which to derive the image
statistics.
The relatively weak image gradients at the lesion boundary and multiple objects which have similar intensity
statistics to the lesion of interest (see Figure 1) in the grayscale image beg the question: Can an alternative image
representation be determined where stronger image gradients and region statistics for driving an AC model be
found? Alternative image representations have been used previously in the context of noise ﬁltering,6 image
registration,7 and fuzzy connectedness based segmentation.8 Nyul et al.7 employed ball-scale for multi-protocol
image registration, where ball-scale7 is a locally adaptive scale deﬁnition such that every image pixel location
is parametrized by the radius of the largest ball that satisﬁes some pre-deﬁned local homogeneity criterion.
Saha9 deﬁned tensor scale (t-scale) at every spatial location as the largest ellipse that satisﬁes some pre-deﬁned
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Figure 1. A DCE-MR image of a malignant breast lesion (a) and its corresponding gradient image (b). Note that the
gradient is not uniform along the boundary of the lesion and is very weak in some regions of the lesion boundary. The
lesion boundary delineated by an expert radiologist is illustrated in (c).

homogeneity criterion. The t-scale based representation has been employed in the context of image segmentation
and image ﬁltering.6, 8 In each of these methods, transforming the data into another image space allowed for an
improvement in the corresponding image processing task. However, to the best of our knowledge, no attempts
have been made to explore the utility of manifold learning (ML) schemes to seek improved image representations
that would be amenable for use in conjunction with an active contour segmentation scheme.
ML based schemes like spectral embedding (SE) allow for parametrically representing high dimensional data
in a reduced dimensional space.10 Several researchers have explored ML for data classiﬁcation.11–13 However,
while others have employed SE in the context of image partitioning algorithms such as normalized cuts,10 few
studies have addressed alternative data representations for facilitating segmentation of time dependent magnetic
resonance imaging (MRI) such as dynamic contrast enhanced (DCE)-MRI. Eyal et al.11 used the principal eigenvectors derived from principal component analysis (PCA) to determine a parametric representation of breast
DCE-MRI data. Since the feature matrix in PCA is a covariance matrix, the eigenvectors associated with the
largest eigenvalues rotate the data along axes of maximum variance, and the gradient functional derived from
the PCA eigenvectors would be based on a gradient of deviation from the mean. Image gradients derived in this
fashion would most likely not be strong enough to serve as the stopping criterion for an active contour formulation. In contrast, SE uses the eigenvectors corresponding to the minimum eigenvalues based on the eigenvalue
decomposition of a weighted aﬃnity matrix, where the aﬃnity matrix represents the pairwise dissimilarity between all pixels in the image obtained via a Gaussian, exponential, or polynomial kernel in the original feature
space.
Since SE will partition the images in order to maximize intracluster similarity and minimize intercluster
similarity,10 the eigenvectors are oriented along the directions of fundamental patterns of the data. In the
context of DCE-MRI, these fundamental patterns are related to the time-intensity curves at each pixel in the
image. In the context of DCE-MRI, the time-intensity curves from lesion and non-lesion areas will have diﬀerent
characteristics as previously shown in multiple diﬀerent studies.14, 15 In this work, we present a new spectral
embedding based active contour (SEAC) scheme for segmentation of lesions on breast DCE-MRI. SEAC results in
strong gradients at object boundaries because the AC is evolved on the image scene determined by the embedding
of the time series data. The set of orthonormal eigenvectors obtained via SE preserve both local and global image
similarities,10 so an SE approach might also yield improved region- based statistics, which in conjunction with
stronger boundary gradients results in an improved hybrid active contour scheme.

2. PREVIOUS RELATED WORK AND NOVEL CONTRIBUTIONS
Several studies have shown that quantitative morphological features extracted from breast lesions are helpful for
distinguishing between benign and malignant breast lesions.5, 16 Typically, a radiologist’s expert delineation of
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the lesion boundary is considered the gold standard for lesion segmentation. However, manual segmentation is
notoriously susceptible to inter-rater variability in breast MRI interpretation.5, 17
Because accurate lesion segmentation is time consuming, yet necessary for quantitative lesion analysis, many
groups have explored various automated segmentation methods for breast DCE-MRI.14, 15, 18–20 Szabo et al.15
used a pixel-wise classiﬁer that used dynamic contrast signal intensities in conjunction with an artiﬁcial neural
network to identify lesion areas of interest. Other methods that have also used pixel-wise classiﬁers for segmentation include Twellmann et al.,18 who used the dynamic contrast signal intensities in conjunction with a
support vector machine (SVM) classiﬁer and Chen et al.,14 who used a fuzzy c-means (FCM) clustering scheme.
Additionally, Wu et al.19 clustered the time-series data of breast DCE-MRI using Markov random ﬁelds. The
drawback of such pixel-wise classiﬁcation methods is that a continuous lesion boundary is only implicitly deﬁned by a cluster of similarly classiﬁed pixels, and most of these schemes require post-processing morphological
operations such as hole-ﬁlling and dilation to provide a smooth, continuous lesion boundary.
An alternative to pixel based approaches is to use an AC model, which guarantees a closed contour. In Shi
et al.,20 the image data is ﬁrst transformed from the intensity space into an alternative data representation by
fuzzy c-means. The AC is then initialized and evolved on the resulting FCM clustered space. This allows for
incorporation of the time-intensity curve information, spatial clustering of the data by FCM, and the guarantee
of a continuous lesion boundary by the introduction of the AC. Shi et al.20 found that by combining the AC with
the FCM method, the lesion segmentation was closer to the manual radiologist segmentation than the method
using FCM alone in a cohort of breast cancer patients imaged pre- and post- neoadjuvant therapy.
All of the aforementioned methods operate on the scalar grayscale image intensities. Time-series data such as
DCE-MRI contains multiple time points over which the image of the lesion of interest is captured, and typically,
only a single time point (usually the time point at which the lesion maximally enhances) is used for segmentation.
However, implementations of the AC model have been developed for multi-dimensional images.21–24 Chan et
al.22 demonstrated an extension of the original scalar image-based CV model to use with vector-valued images.
Rousson and Deriche23 also demonstrated a vector-valued active contour. In a recent application to a medical
imaging problem, Xu et al.24 developed a tensor gradient based AC for use with histopathological images by
computing the gradient from vectorial images, and hence representing the image gradient as tensors. Xu et al.24
showed that the tensor gradient more completely captured the gradient information in a multi-channel image
than using a single channel of the image, thus yielding a more discriminating AC scheme.
In this paper, we present a new hybrid AC model, called SE based AC (SEAC), that employs an alternative
data representation derived from SE. In the current study, the tensor-based gradients are derived from the SE
eigenvectors, which are fed into the energy functional of a hybrid AC model. We leverage the ﬁndings in Xu et al.24
that the tensor gradient derived from the vectorial image provides stronger gradients for driving the AC model
than the corresponding gradient derived from a scalar image. We also believe that the SE data representation
provides more descriptive region statistics than could be derived from a scalar grayscale image. Our method for
lesion segmentation on DCE-MRI allows for the use of dynamic time series data in the diﬀerentiation between
normal and lesion tissue via SE. This method is not limited to DCE-MRI data alone and could potentially be
used for lesion detection and segmentation on other types of longitudinal or time-series data as well as other
types of multi-parametric imaging (e.g., T1 -, T2 -, and diﬀusion-weighted imaging).
The remainder of the paper is organized as follows: In Section 3, we describe the theory and intuition behind
computing gradients in the spectral embedding space, In Section 4 we describe the algorithm and implementation
of SEAC. In Section 5, we discuss our experimental design and our boundary-, area-, and classiﬁer-based methods
for evaluating segmentation accuracy. In Section 6, we report our results and discussion, and in Section 7, some
concluding remarks are presented.

3. THEORY AND INTUITION BEHIND COMPUTING GRADIENTS IN THE
SPECTRAL EMBEDDING SPACE
In this section, we review the calculation of the pixel-wise SE as well as the subsequent tensor gradient calculation.
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Table 1: Description of Notation
Symbol

Description

Symbol

Description

C

2D image scene

C

2D Cartesian grid of pixels c = (x, y)

v(c)

Eigenvectors associated with pixel c

ρmq

Directional component of
local structure tensor

C
H(φ)
Θh , h ∈ {1, 2}

The zero level set C = {c ∈ Θ : φ(c) = 0}
⎧
⎨ 1, φ(c) ≥ 0;
Heaviside function H(φ) =
⎩ 0, φ(c) < 0.
⎧
⎨ Θ , φ(c) ≥ 0;
1
Region membership Θh =
⎩ Θ , φ(c) < 0.
2

γ(v(c))
δ(φ)

Tensor gradient computed on v
⎧
⎨ +∞, φ(c) = 0;
Delta function δ(φ) =
⎩ 0,
φ(c) = 0.

φ(t; c)

The level set function

3.1 Manifold Learning via Spectral Embedding
Let F = [F(x1 ), F(x2 ), . . . , F(xN ) ∈ RN ×D ] be the data matrix of N feature vectors with dimensionality D. The
aim of SE is to reduce F ∈ RN ×D to a low d-dimensional space where d << D. Let V = [v1 , v2 , . . . , vN ∈ RN ×d ]
be the optimal low dimensional projections10 and the associated eigenvectors of a given object xi , where i ∈
{1, . . . , N }, are vi ∈ R1×d where vi = [v1 , v2 , . . . , vN ] and vj ∈ R1×1 , j ∈ {1, . . . , d} is an individual eigenvector
for a given vi . The optimal V can be obtained by solving,
 
2
s v(r) − v(s) wrs
),
(1)
V = arg min( r 
2
v
r v(r) d(r)
where wrs is the (r, s) element of the weight matrix W = [wrs ] ∈ RN ×N , r, s ∈ {1, . . . , N }, whichassigns edge
weights to characterize similarities between the pairwise observations xr and xs and d(r) =
s wrs , r, s ∈
−F(xr )−F(xs )2
2
2

σ
I
where
{1, . . . , N }. The graph edge weight of two nodes, r and s, can be formulated as wrs = e
2
σI is a scaling parameter. The minimization of Equation (1) reduces to a minimum eigenvalue decomposition
problem,

(D − W )v = λDv,

(2)


where D is a diagonal matrix, Drr =
s Wrs . The 3 eigenvectors of vi = [v1 , v2 , v3 ] where i ∈ {1, . . . , N }
associated with the smallest eigenvalues, λ1 , λ2 , λ3 , are used in conjunction with SEAC.

3.2 Tensor gradients in the Spectrally Embedded Space
Following the calculation of the eigenvectors by solving the minimization of Equation (1), the gradients of the
embedding vectors can be subsequently calculated along the spatial coordinates axes, which results in a tensor
gradient function,
 
2
s v(r) − v(s) wrs
)].
(3)
∇V = ∇[arg min( r 
2
v
r v(r) d(r)
The tensor gradient function employed is inspired by the Cumani operator,25 a second-order diﬀerential
operator for for vectorial images, based on the Di Zenzo multi-valued geometry.26 For an eigen image Cˆ = (C, v),
where v(c) is the associated set of eigenvectors at pixel c ∈ C, the L2 norm of v at each c ∈ C can be written
in matrix form as

T 


dX
ρ11 ρ12
dX
2
dv =
,
(4)
dY
ρ21 ρ22
dY
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where
∂v1 2
∂v T ∂v
∂v2 2
∂v3 2
) (
)=(
) +(
) +(
)
∂X
∂X
∂X
∂X
∂X
∂v1 ∂v1
∂v2 ∂v2
∂v3 ∂v3
∂v T ∂v
) (
)=
·
+
·
+
·
= ρ21 = (
∂X
∂Y
∂X ∂Y
∂X ∂Y
∂X ∂Y

ρ11 = (
ρ12

(5)

ρ22 is deﬁned similarly to ρ11 along the Y -axis. It is important to note that
 the gradients,
 ρ11 , ρ12 , and ρ22 are
ρ11 ρ12
computed on the eigenvectors in the embedding space. The matrix [ρmq ] =
is the ﬁrst fundamental
ρ21 ρ22
form in vector eigenspace and is also referred to as the local structure tensor. For the matrix [ρmq ], the maximum
and minimum eigenvalues of the matrix (λ̃+ and λ̃− ) representing the extreme rates of change in√the direction
)/2, where
of their corresponding eigenvectors. λ̃+ and λ̃− may be formally expressed by λ̃± = (ρ11 + ρ22 ±
= (ρ11 − ρ22 )2 + 4ρ212 . The tensor gradient is deﬁned as,21

γ(v(c)) = λ̃+ − λ̃− .
(6)


∂2v

From Equations (4)-(6), it is easy to show that the gray scale gradient ∂X 2j +
employed for edge detection) is a special case of the tensor gradient γ(·).

∂ 2 vj
∂Y 2 ,

where j ∈ {1, 2, 3}, (widely

Figure 2 illustrates the comparison between use of fuzzy c-means (FCM) clustering14, 20 to drive the active
contour Figure (2(b)) with the SE-based image representation driven AC (2(d)). In comparing Figure 2(a) and
Figure 2(c), one can observe that the tensor gradient at the lesion boundary (shown in the inset in Figure 2(b),
2(d)) is not strong along the entire lesion boundary in the FCM-derived gradient (Figure 2(a)) compared to the
gradient computed in the SE space (2(c)). However, the tensor gradient is strong along the entire perimeter of
the lesion in the SE-based gradient image (Figure 2(c)). This leads to a more accurate segmentation of the lesion
using SEAC (Figure 2(d)) than using the AC in conjunction with FCM (Figure 2(b)).

4. SPECTRAL EMBEDDING-BASED ACTIVE CONTOUR (SEAC)
In this section, we brieﬂy describe the hybrid active contour model obtained by combining the boundary and
region driven energy terms from the spectrally embedded space.

4.1 Hybrid Active Contour Energy Function
A hybrid AC model can be employed to incorporate both gradient- and region-based information into the AC
1
model. From the previous section, we can formulate the gradient as g(c) = 1+γ
2 . The region based component
relies on modeling the background and foreground regions as parametric distributions, p(v(c)|Θh ), h ∈ {1, 2}.
Here the parameters Θh = {μh , Σh } are approximated as multivariate Gaussian distributions. The energy
functional of hybrid AC model can be expressed as,
E(∂C, {Θ1 , Θ2 }, φ) =

C

{−α [H(φ) log p(v(c)|Θ1 ) + (1 − H(φ)) log p(v(c)|Θ2 )]

(7)

+βgδ(φ)|∇φ|} dC.
Using calculus of variations, the curve evolution function can be derived by minimizing the energy function (7):
∂φ
∇φ
= |∇φ|{α [log p(v(c)|Θ2 ) − log p(v(c)|Θ1 )] + βdiv(g
)},
∂t
|∇φ|

(8)

where H(φ) is the Heaviside function, Θ1 and Θ2 are the image foreground and background, respectively, φ(t; c)
is the level set function, α and β are positive constant parameters, and δ(φ) is the Delta function. From an
initial contour φ0 , the curve evolution function in Equation (8) is evolved until model convergence.
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(a)

(b)

(c)

(d)

Figure 2. Comparison of segmentation using (b) FCM+AC, and (d) SEAC. The tensor gradient associated with the FCM
image is shown in (a) and the tensor gradient associated with SEAC is shown in (b). Note that in regions of the automated
segmentation driven by the FCM image, the areas where the contour fails to stop are the locations where the gradient
is weak (a),(b). Conversely, the tensor gradient derived from SE is strong at all locations along the lesion boundary,
resulting in a ﬁnal automated segmentation that is very similar compared to the manual segmentation (inset image in (b)
and (d)).

4.2 Algorithm for SEAC
A summary of the tensor gradient and active contour algorithms are outlined here.
Algorithm: SET ensorGradient()
Input: Image scene C = (C, F).
Output: Eigen image scene with associated tensor gradient: Cˆ = (C, γ).
begin
0. Initialize C = (C, F);
1.
Apply SE10 to F = [F(x1 ), F(x2 ), . . . , F(xn ) ∈ RN ×D ]
to obtain V = [v1 , v2 , . . . , vd ∈ RN ×d ];
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2.

3.

Compute gradients of the embedding vectors in XY plane, (v1 , v2 , v3 ):

∂ 2 vj
∂ 2 vj
∂X 2 + ∂Y 2 , where j ∈ {1, 2, 3} ;

Calculate tensor gradient: γ(v(c)) = λ̃+ − λ̃− , ∀c ∈ C;

end

Algorithm: SEAC
Input: Cˆ = (C, γ).
Output: Final AC: φT .
begin
ˆ
0. SE Tensor Gradient(C);
1
1.
Calculate g(c) = 1+γ
2;
2.
Model p(v(c)|Θh ), h ∈ {1, 2} as multivariate Gaussians.;
3.
Formulate energy functional using p(v(c)|Θh ), h ∈ {1, 2} and g(c).;
4.
Initialize φ(t; c) = φ0 where t = 0;
5.
while |φ(t; c) − φ(t − 1; c)| > do
6.
Minimize curve evolution function, ∂φ
∂t
7.
t = t + 1;
8.
endwhile;
9. φT = φ(t; c);
end

5. EXPERIMENTAL DESIGN
5.1 Data Description
A total of 50 (40 malignant, 10 benign) breast DCE-MRI studies were obtained from the Hospital at the University
of Pennsylvania. All of these were clinical cases where a screening mammogram revealed a lesion suspicious for
malignancy. All studies were collected under Institutional Review Board approval, and lesion diagnosis was
conﬁrmed by biopsy and histologic examination. Sagittal T1-weighted, spoiled gradient echo sequences with fat
suppression consisting of one series before contrast injection of Gd-DTPA (precontrast) and 3 to 8 series after
contrast injection (postcontrast) were acquired at 1.5 Tesla (Siemens Magnetom). Single slice dimensions were
384×384 or 512×512 with a slice thickness of 3 cm. Temporal resolution between postcontrast acquisitions was
a minimum of 90 seconds. The region of interest (ROI) associated with the lesion was then manually segmented
via MRIcro imaging software27 by an attending radiologist (M.A.R.) with expertise in MR mammography. The
radiologist selected a 2D slice of the MRI volume that was most representative of each lesion, and the analyses
were performed only for that 2D slice.
For each pixel, c, in each image, a dynamic signal intensity vector was created consisting of the signal intensity
values of the pixel and each time point in the time series. F t is the function that assigns a signal intensity value
at every pixel c at each time point t ∈ {0, 1, 2, . . . , T − 1} where T is the number of time points the DCE-MRI
time series. t = 0 refers to the time at which the precontrast image is acquired and t ∈ {1, . . . , T − 1} refer to
the times at which the subsequent postcontrast images are acquired.

5.2 Comparative Segmentation Strategies
Fuzzy c-means (FCM) clustering as described in Chen et al.14 is widely used for automated segmentation of
breast lesions on DCE-MRI.28, 29 FCM is a data clustering scheme similar to k-means in that data are clustered
around a prescribed number of centroids. However, unlike k-means, the resulting class membership is a fuzzy
membership to each cluster. We implement the method in Shi et al.20 (referred to as FCM+AC) to compare
the AC driven by FCM to that driven by SE in SEAC.
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5.3 Measures for Evaluating Segmentation Performance
In order to evaluate the accuracy of the automated lesion segmentation resulting from SEAC, the ﬁnal SEAC
lesion boundaries were compared to the manual segmentation provided by a radiologist. The manual segmentation was considered here to be the ground truth (GT) for the lesion boundary. The lesion boundary resulting
ˆ and the set of pixels inside Ga (C)
ˆ is Ga (C).
ˆ The lesion
from the automated segmentation is denoted as Ga1 (C)
1
2
b
boundary resulting from the manual segmentation is denoted as G1 (C), and the set of pixels inside Gb1 (C) is
denoted as Gb2 (C). Lesion boundary accuracy was evaluated by boundary, area, and classiﬁer based performance
measures, described below.
5.3.1 Boundary-based
Mean absolute diﬀerence (MAD) is calculated by evaluating the mean diﬀerence between each point, cz , on
ˆ = {cz |z ∈ {1, . . . , Z}} (SEAC or FCM+AC) where Z = |Ga (C)|
ˆ and | · | is the cardinality of any set, and
Ga1 (C)
1
the corresponding closest point on Gb1 (C) = {cψ |ψ ∈ {1, . . . , |Gb1 (C)|} such that,
M AD =

1
Z

Z

[min cz − cψ 2 ].
z=1

ψ

(9)

Lower values of MAD reﬂect a more similar segmentation to the ground truth manual segmentation.
5.3.2 Area-based
Dice similarity coeﬃcient (DSC) is calculated as follows:
DSC =

ˆ ∩ Gb (C)|
2|Ga2 (C)
2
.
ˆ + |Gb (C)|
|Ga (C)|
2

(10)

2

The closer the DSC value is to 1, the more similar the automated lesion segmentation is to the GT segmentation.
5.3.3 Classifier-based
Because an accurate lesion segmentation is necessary for accurate morphological feature extraction,5, 16 improved
classiﬁcation accuracy would be the ultimate test to demonstrate SEAC’s improvement over previous methods.
Morphological features30 based on the lesion contour are extracted and used in conjunction with a support vector machine (SVM) classiﬁer to determine if morphological features based on SEAC contours can yield similar
classiﬁer accuracy to morphological features extracted from (a) manually segmented boundaries; and (b) determine if morphological features based on SEAC segmentations will result in higher classiﬁer accuracy compared
to morphological features based on FCM+AC segmentations of breast lesions. We calculated 6 morphological
features30 on 40 datasets (10 benign ﬁbroadenomas; 13 ER+; 7 HER2+; 10 triple negative, ER-/PR-/HER2-)
for which molecular phenotyping on histopathology had been performed. The features extracted30 include:
1. Area overlap ratio;
2. Normalized average radial distance ratio;
3. Standard deviation of normalized distance ratio;
4. Variance of distance ratio;
5. Compactness; and
6. Smoothness.
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The morphological feature calculation requires a pre-deﬁned lesion boundary, so the boundaries resulting from
SEAC, FCM+AC, and the manual segmentation were used for morphological feature extraction. The features
for each lesion were then used in conjunction with a SVM classiﬁer31 with leave-one-out cross validation to
determine the lesion diagnosis.
Although the SVM classiﬁer typically produces a hard classiﬁcation,31 a pseudo-threshold can be generated
for the SVM by converting the distance of each object classiﬁed to the SVM decision hyperplane into a soft
likelihood of belonging to the object class.30 Thus the greater the distance of the object from the hyperplane,
the higher the likelihood that it belongs to a particular class whereas the proximity of an object to the hyperplane
reﬂects higher ambiguity in the class assignment. The receiver-operator characteristic curves (ROC) curves for
SVMs can be generated by varying the location of the decision hyperplane. As the distance of the objects from
the decision hyperplane changes, the corresponding object-class probabilities also change. At each location of
the decision hyperplane, classiﬁcation sensitivity and speciﬁcity estimates are obtained. The trade-oﬀ between
true positive rate (Y -axis of ROC curve) and false positive rate (X-axis of ROC curve) obtained at each of the
diﬀerent locations of the hyperplane is used to generate a ROC curve. The area under the curve (AUC) for
the ROC curves for the extracted morphological features sets derived from each of the segmentation methods is
reported in Table 3.

6. RESULTS AND DISCUSSION
6.1 Comparing SEAC and FCM + AC via Boundary- and Area- based Metrics
Figure 3 shows the comparison between the ground truth boundary for the lesion obtained via a radiologist and
the two automated segmentation methods. The SEAC segmentations in Figures 3(c), (f), and (i) are more similar
to the manual segmentations in Figures 3 (a), (d), and (g) compared to the FCM initialized AC (FCM+AC)
segmentations in Figures 3 (b), (e), and (h). In particular, Figure 3(f) shows that the SEAC model was able to
capture the spicularity of the lesion whereas the FCM+AC segmentation (Figure 3(e)) was not. The mean and
variance of both MAD and DSC for FCM+AC and SEAC in segmenting lesions over 50 studies are shown in
Table 2 and demonstrate that SEAC is closer to the GT segmentation in terms of both MAD, a boundary-based
metric, and DSC, a region-based metric.
Table 2: Evaluation
Segmentation Method
FCM + AC
SEAC

of SEAC vs. FCM+AC
MAD (μ ± σ) DSC (μ±σ)
7.2±7.4
0.58±0.32
3.2 ± 2.1
0.74 ± 0.13

6.2 Classifier Performance based Comparison of SEAC and FCM + AC
The AUC values calculated based on the SVM classiﬁer performance in discriminating between benign and
malignant lesions via morphological features extracted (a) manually, (b) via FCM+AC, and (c) via SEAC are
shown in Table 3. The AUC for the manual segmentation was best, whereas the AUC for the SEAC morphological
features was second, and the morphological features based on FCM+AC had the lowest AUC. In conjunction
with the results in Table 2, it is clear that accurate lesion segmentation leads to better classiﬁer performance
when the lesion classiﬁer is based on morphology features.
Table 3: Benign vs. Malignant Lesion Classification
Segmentation Method
AUC
Manual Segmentation
0.83
FCM + AC
0.65
SEAC
0.73
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

Figure 3. Comparison of segmentation of two diﬀerent invasive ductal carcinomas and one benign lesion via (a), (d), (g)
manual delineation, (b), (e), (h) FCM+AC, and (c), (f), (i) SEAC. Note that in (b), (e), and (h) the FCM image does not
provide a strong enough gradient at the lesion boundary and hence is unable to discriminate between the lesion and the
other breast tissue. However, SEAC (c), (f), (i) yields a lesion segmentation that is very close to the manual delineation of
the tumor in (a), (d), (g). Note that the colormaps displayed for both the FCM and SEAC methods ((b), (e), (h) and (c),
(f), (i), respectively) only reﬂect the pixel similarities as determined by the 2 schemes, pixels with similar time-intensity
curves being assigned similar colors.

7. CONCLUDING REMARKS
In this paper we presented a new active contour (AC) model (spectral embedding based AC, (SEAC)) involving
use of an alternative image representation obtained via a manifold learning scheme that results in stronger
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boundary gradients and improved region statistics, in turn providing improved stopping criteria for the AC. SE
transforms the high dimensional DCE-MRI time series data to a reduced dimensional space that is comprised of
an orthogonal basis set of eigenvectors. This transformed space provides strong tensor gradients and improved
region statistics compared to those that might be obtained from the original grayscale image alone. On a cohort
of 50 breast DCE-MRI studies, we showed that SEAC outperformed segmentations based on a fuzzy c-means
based AC. We also demonstrated that on a cohort of 40 lesions, the morphological features derived from SEAC
yielded better lesion classiﬁcation compared to morphological features derived from FCM-based segmentation.
While in this work we demonstrate the use of SEAC with breast DCE-MRI data, SEAC could be easily applied
to segmenting structures on other high dimensional, time-series imaging data as well. In future work, we plan
to automatically optimize the parameters of the energy function in the AC and expand the data cohort to test
the robustness of SEAC with a diverse group of lesion types.
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