Content-based image retrieval utilizing Explicit Shape
Descriptors: applications to breast MRI and prostate
histopathology
Rachel Sparks and Anant Madabhushi
Department of Biomedical Engineering, Rutgers University, USA
1. ABSTRACT
Content-based image retrieval (CBIR) systems, in the context of medical image analysis, allow for a user to
compare a query image to previously archived database images in terms of diagnostic and/or prognostic similarity.
CBIR systems can therefore serve as a powerful computerized decision support tool for clinical diagnostics and
also serve as a useful learning tool for medical students, residents, and fellows. An accurate CBIR system relies
on two components, (1) image descriptors which are related to a previously deﬁned notion of image similarity
and (2) quantiﬁcation of image descriptors in order to accurately characterize and capture the a priori deﬁned
image similarity measure. In many medical applications, the morphology of an object of interest (e.g. breast
lesions on DCE-MRI or glands on prostate histopathology) may provide important diagnostic and prognostic
information regarding the disease being investigated. Morphological attributes can be broadly categorized as
being (a) model-based (MBD) or (b) non-model based (NMBD). Most computerized decision support tools
leverage morphological descriptors (e.g. area, contour variation, and compactness) which belong to the latter
category in that they do not explicitly model morphology for the object of interest. Conversely, descriptors such
as Fourier descriptors (FDs) explicitly model the object of interest. In this paper, we present a CBIR system that
leverages a novel set of MBD called Explicit Shape Descriptors (ESDs) which accurately describe the similarity
between the morphology of objects of interest. ESDs are computed by: (a) ﬁtting shape models to objects of
interest, (b) pairwise comparison between shape models, and (c) a nonlinear dimensionality reduction scheme
to extract a concise set of morphological descriptors in a reduced dimensional embedding space. We utilized
our ESDs in the context of CBIR in three datasets: (1) the synthetic MPEG-7 Set B containing 1400 silhouette
images, (2) DCE-MRI of 91 breast lesions, (3) and digitized prostate histopathology dataset comprised of 888
glands. For each dataset, each image was sequentially selected as a query image and the remaining images in
the database were ranked according to how similar they were to the query image based on the ESDs. From
this ranking, area under the precision-recall curve (AUPRC) was calculated and averaged over all possible query
images, for each of the three datasets. For the MPEG-7 dataset bull’s eye accuracy for our CBIR system is
78.65%, comparable to several state of the art shape modeling approaches. For the breast DCE-MRI dataset,
ESDs outperforms a set of NMBDs with an AUPRC of 0.55 ± 0.02. For the prostate histopathology dataset,
ESDs and FDs perform equivalently with an AUPRC of 0.40 ± .01, but outperform NMBDs.

2. INTRODUCTION
Content-based image retrieval (CBIR) systems, in the context of medical image analysis allow for a physician to
retrieve previously archived images most similar to the diagnostic or prognostic attributes embedded within the
query image. This allows for the physician to relate knowledge from previously seen cases to the current query
case. CBIR systems have been shown to reduce interobserver variability and improve diagnostic rates.1
In the context of breast mammography, either X-Ray or MRI, there have been CBIR systems which utilize
intensity or texture descriptors derived from the image to assess image similarity.2–4 While intensity or texture
descriptors provide high accuracy in retrieving similar images, these breast mammography CBIR systems do
not leverage all of the information considered by experts when analyzing medical imagery. In the context of
breast DCE-MRI, the BIRADTM lexicon of features, deﬁned based on qualitative diﬀerentiation of benign and
malignant lesions, includes lesion irregularity and spiculation.5 These descriptors are independent of the precise
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size or shape of the lesion. Object morphology is important in other medical imaging domains as well. In
the context of prostate histopathology, gland shape and size are important for distinguishing between glands
corresponding to diﬀerent Gleason grades, a metric that is known to be well correlated with prostate cancer
aggressiveness.6 Recently some investigators have attempted to build automated image based classiﬁers for
Gleason grading, however these approaches have been limited to the use of spatial texture and architectural
features.7–9 Makarov et. al.10, 11 explored the connection between morphology and disease aggressiveness but
these manually extracted features only included nuclear perimeter and area (Feret’s diameter). Monaco et. al.
demonstrated that prostate gland area on digitized histopathology can distinguish between normal and malignant
regions with high accuracy.12
Consequently, there is a great deal of interest among clinicians to be able to quantitatively and accurately
leverage morphological features and correlate them to disease diagnosis and prognosis.8, 9 Broadly speaking,
morphological descriptors can be divided into two categories, (a) model based (MBD), and (b) non-model based
(NMBD) descriptors.
• NMBDs involve directly calculating a set of features from the object of interest. For instance, several object
descriptors relating to contour variability or contour complexity have been presented in the context of breast
lesion classiﬁcation.13–16 NMBDs include fractal dimension,14 symmetry,16 and wavelet parameters of the
lesion boundary at multiple scales15 and do not explicitly take into account the object morphology.
• MBDs ﬁt a shape model to the object of interest and exploit the diﬀerences in shape model parameters to
determine object similarity. In Atmosukarto and Shapiro,17 the location of landmark points were used to
determine shape dissimilarity between human faces. Fourier descriptors (FDs) are another example, which
describe the presence of frequency components contained within an object boundary.18 The medial axis
shape model (MASM) has been used to guide disease classiﬁcation by exploiting morphologic diﬀerences
between brain substructures in order to distinguish autistic from normal patients.19
For most applications MBDs are better able to capture the subtle diﬀerences in object morphology, due to
modeling the underlying morphology via a shape model. Consequently MBDs tend to be more ﬁnely tuned to
capturing subtle aspects of the morphology of the target object. On the other hand, MBDs suﬀer from the curse
of dimensionality since these descriptors may comprise hundreds of parameters.
In addition to an accurate set of image descriptors, an appropriate metric to quantify image similarity in terms
of quantitative image descriptors is necessary to retrieve the most similar images to a query image in a CBIR
system. Proposed metrics to quantify image descriptors have included (a) weighted summation of descriptors,2
(b) dimensionality reduction techniques,20, 21 and (c) geodesic distance computation.22
For this work we are especially interested in dimensionality reduction techniques that can take a high dimensional representation of shape as modeled by MBDs and return an accurate low dimensional representation. He
et. al.21 implemented a nonlinear dimensionality reduction (NLDR) technique that took known image labels
as well as color information from images to learn a low dimensional representation of image similarity. The
authors did not however delineate the speciﬁc contribution (towards class discrimination) based on the features
alone. Similarly, Qian et. al.20 presented a NLDR scheme to determine relevant morphologic diﬀerences between
vertebrae, exploiting the deﬁnition of the Procrustes shape space. However, their methodology is only applicable
to objects which can be represented by landmark points.
Bai et. al.22 presented a semi-supervised framework to learn a set of discriminating shape descriptors for
CBIR applications in a high dimensional shape space using Graph Transduction, a method to characterize image
similarity by modeling the high dimensional space as a connected graph. Changing the query image will change
the set of shape descriptors learned, suggesting that it may not be naturally extensible to classiﬁcation problems.
In this work we proposed a CBIR system based on morphology utilizing a novel approach to model and
measure morphologic similarity for objects of interest contained in medical imagery. We present a framework
for Explicit Shape Descriptors (ESDs), a class of MBDs, obtained by (1) ﬁtting a shape model to the objects of
interest; (2) using an appropriate measure to quantify similar parameters between shape models; (3) performing
NLDR to represent image similarity; and (4) ranking image similarity according to the location of the query
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Figure 1. Schematic of our framework for extracting and utilizing ESDs for CBIR. A MASM (blue, green) is ﬁt to each
object contour (black, gray). Registration between MASMs is performed in two steps: initial aﬃne registration; followed by
point-based diﬀeomorphic registration. Point correspondence between MASMs is determined between registered MASMs
and used to calculate pairwise diﬀerences between objects. A NLDR scheme yields a set of ESDs to quantify shape
diﬀerences. Finally ESDs are used to rank images according to similarity to a query image.

image in the reduced dimensional space obtained via NLDR. Figure 1 displays a ﬂowchart of the proposed
methodology. The novel contribution of ESDs is the idea to utilize a NLDR scheme on the high dimensional
shape similarity matrix to obtain a concise set of morphologic descriptors prior to ranking object similarity in
the Euclidean space.
The rest of the paper is organized as follows, Section 3 describes our methodology for shape modeling. Section
4 describes our methodology for extracting a concise set of shape descriptors and ranking images according to
these descriptors. Section 5 describes the experimental design for evaluating ESDs. Results and discussion are
presented in Section 6. Finally, Section 7 gives the concluding remarks of the paper.

3. QUANTITATIVE SHAPE MODELING
3.1 Notation
An image scene C is deﬁned as C = (C, f ), where the image space C ∈ R2 is a 2 − D spatial grid, such that
each pixel c ∈ C is deﬁned c = (x, y) where (x, y) represents the Cartesian coordinates of c. For each c ∈ C the
intensity of the image at c is given by the function f (c). The contour of an object is deﬁned as C and partitions
C into a background region Ωb and a foreground region Ωf . Notation used throughout the paper is given in
Table 1.
From the contour C of an object, a medial axis M can be found as described in Section 3.2. For a set of
N MASMs given as {M1 , . . . , MN }, diﬀerences between the medial axis shape models are calculated using the
Diﬀeomorphic Based Similarity (DBS)23 for each pair Ma : a ∈ {1, . . . , N } and Mb : b ∈ {1, . . . , N }. These
diﬀerences are calculated by (1) aﬃnely registering medial atoms in Ma and Mb (described in Section 3.3), (2)
ﬁnding corresponding regions of the medial atoms in Ma and Mb via diﬀeomorphic registration (described in
Section 3.4), and (3) calculation of dissimilarity between corresponding medial atoms in Ma and Mb (detailed
in 3.5).
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Symbol
C
C
f (c)
xi : i ∈ {1, . . . , d}
C
M
M
v1 (m), v2 (m)
N

Description
d-dimensional image scene.
d-dimensional grid of pixels.
Intensity function for c ∈ C.
ith Cartesian coordinate frame.
Contour of an object of interest.
Medial axis shape model
Set of pixels on the medial axis.
Surface vectors for m ∈ M .
Number of objects to compare

Symbol
T
gak,j
P (m|g k,j )
q
G
(r̂, ŝ)
A
O
ΔEu

Description
Aﬃne image transformation function.
k th cluster centroid at iteration j
Probability of m ∈ M belonging to g k,j
Diﬀeomorphic transformation function.
Greene’s function.
Medial atom correspondence.
N × N dissimilarity matrix.
Set of n ESDs.
Euclidean Distance metric

Table 1. Description of notation used throughout the paper.

3.2 Medial axis shape model
The MASM M is deﬁned by {M, v1 , v2 } where M is a set of medial atoms, and v1 (m) and v2 (m) : m ∈ M are
two sets of surface vectors. Medial atoms m ∈ M are deﬁned as points along the medial axis. To ﬁnd m the
signed distance map f e (c) of the image space is found by,
⎧
⎪
c ∈ C,
⎨0
(1)
f e (c) = − minp∈C ||c − p|| c ∈ Ωf ,
⎪
⎩
c ∈ Ωb ,
minp∈C ||c − p||
where || · || denotes the L2 norm. From the distance map the gradient map of the image is found by fe (c) =
 e 2  e 2
∂f (c)
∂(·)
+ ∂f∂y(c) . The symbols ∂(·)
∂x
∂x and ∂y denote the partial gradient along the X and Y axes respectively. Pixels belonging to the medial axis are deﬁned as, M = {m : m ∈ C, fe (m) < τ }. Empirically,
{τ = 0.05 min(f(c)e ) } was found to give a continuous medial axis. ∀m ∈ M , the two closest pixels on C are dec∈C

ﬁned as p1 (m) = argmin||m− p||, and p2 (m) = argmin ||m− p||. Surface vectors are deﬁned, v1 (m) = p1 (m)− m,
p∈C,p=p
1

p∈C

and v2 (m) = p2 (m) − m.

3.3 Aﬃne registration of medial axes of diﬀerent objects
Aﬃne registration between Ma and Mb is used as a preprocessing step for the diﬀeomorphic registration scheme.
This is determined by applying Iterative Closest Points (ICP),24 where point correspondence between medial
atoms Ma and Mb is determined by,
(m̂a , m̂b ) =

argmin

m̂a ∈Ma ,m̂b ∈Mb

||ma − mb ||.

(2)

We deﬁne m̂a ∈ Ma and m̂b ∈ MB as the set of corresponding points on Ma and Mb . An aﬃne transformation
T ab is found by minimizing the following functional,
⎛
⎞
T ab = argmin ⎝
T ab

||m̂b − T ab (m̂a )||⎠ .

(3)

m̂a ,m̂b

Point correspondence and aﬃne transformations are iteratively applied to the medial axis Ma until the point
correspondences converge. We deﬁne the resulting medial axis aﬃnely registered to Mb as M̂a = T ab (Ma ).

3.4 Medial atom correspondence via diﬀeomorphic registration
From the aﬃnely registered medial atom sets M̂a and Mb , a diﬀeomorphic registration is computed. The registration scheme involves estimating corresponding locations between M̂a and Mb using fuzzy K-means clustering25
to guide diﬀeomorphic registration. A diﬀeomorphism over the image space C is then found to minimize the distances between the cluster locations gak,j and gbk,j . A diﬀeomorphic approach was chosen to ensure a continuous
and diﬀerentiable transformation ﬁeld which preserves the underlying relationship of m ∈ M .
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3.4.1 Step 1: correspondence estimation
We determine corresponding locations on two medial axes, M̂a and Mb , by fuzzy K-means clustering.26 We
deﬁne a set of cluster centroids at the j th iteration as gak,j : k ∈ {1, . . . , K} for the medial atoms M̂a . Similarly,
for Mb we can deﬁne a set of cluster centroids gbk,j : k ∈ {1, . . . , K}. We determined the probability of a medial
atom m ∈ M̂a belonging to the k th cluster as:
k,j

P (m|gak,j )

e−σj ||m−ga

= K

||2
k,j

k=1

e−σj ||m−ga

||2

.

(4)

Similarly, the probability of m ∈ Mb belonging to the k th cluster gbk,j is given as P (m|gbk,j ). Convergence of the
k,j 2
membership function is enforced by setting σj = (h)j σ0 where h > 1. The term e−σj ||m−ga || is Gaussian in
shape so that points near gak,j have high values and points far away have low values, σj determining the distances
considered near and far. The initial term is set by σ10 = maxm∈M̂a ||m − μa || + maxm∈Mb ||m − μb ||.
3.4.2 Step 2: cluster centroid estimation
Cluster centroids are updated according to the fuzzy cluster membership (4) by the equation,

mP (m|gak,j ) + gbk,j
k,j+1
a
ga
,
= m∈M̂
1 + m∈Ma P (m|gak,j )

(5)

with a similar equation for gbk,j+1 . The term gbk,j ensures that the centroid gak,j remains close to the corresponding
centriod gbk,j by averaging the locations of the two centroids.
3.4.3 Step 3: cluster centroid registration
A diﬀeomorphic registration over the image space C is constructed by determining a transformation q on the
image scene C so that {q(t) : t ∈ {0, . . . , T }} where q k (0) = gak,j and q k (T ) = gbk,j . As in Twining et. al.27 we
use a linear piecewise approximation to solve the energy minimization function,
K

K T
ω(t) ·

q̂ = argmin
q̂

k=1 t=0

ω η (t)G(q η (t), q k (t)) ,

(6)

η=1

where the kernel function G is deﬁned as Green’s function: G(α, β) = −(α − β)2 log(α − β)2 .28 From Equation
6 an optimization of q and variables ω(t) and ω η (t) is found in an iterative fashion.27 Optimization is preformed
by ﬁrst holding ω(t) and ω η (t) constant and using gradient descent to ﬁnd the optimal q then repeating the
procedure with q held constant.
The correspondence estimation and correspondence registration are iterated until a user deﬁned threshold,
Υ, is reached by the annealing parameter σj . Algorithm DiﬀReg below summarizes the various steps involved.
Algorithm DiﬀReg
Input: M̂a , Mb , Υ
Output: M̃a
begin
1. Initialize σj , gak,j , gbk,j
2. while σj < Υ
3.
Step 1: update P (m|gak,j ), P (m|gbk,j ) via Equation 4.
4.
Step 2: update gak,j , gbk,j via Equation 5.
5.
Step 3: update q via Equation 6.
6.
M̃a = q(M̂a )
7.
σj = (h)j+1 σ0
8. end
end
μa + μ b
+ , where
The two sets of cluster centroids are initialized to be equal, gak,0 = gbk,0 , and located at gak,0 =
2
−1
 is a random variable with a very small value ( ∼ 10 ).
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3.5 Dissimilarity calculation
For two medial axes M̃a and Mb registered into a common coordinate frame, we can determine point correspondence between M̃a and Mb as,
(7)
(r̂, ŝ) = argmin ||r − s||.
r̂∈M̃a ,ŝ∈Mb

The set of corresponding medial atoms, (û, v̂) determined via Equation 7 are used to calculate dissimilarity
between M̃a and Mb by,
(κ1 ||r̂ − ŝ|| + κ2 ||v1,a (r̂) − v1,b (ŝ)|| + κ3 ||v2,a (r̂) − v2,b (ŝ)||) ,

Aab =

(8)

r̂,ŝ

where κ1 , κ2 , and κ3 are user selected parameters constrained such that κ1 , κ2 , and κ3 > 0 to ensure that A is
positive semi-deﬁnite.

4. SIMILARITY MEASURE FOR IMAGE RETRIEVAL
4.1 Image retrieval
Let Ca be a query image selected by the user. The aim of a CBIR system is to return the top n most similar
images to Ca contained in a database of images C : {C1 , . . . , CN −1 }. We ﬁrst ﬁnd a dissimilarity matrix A by the
process described in Section 3 for {Ca , C} where it is assumed that all images contain one object of interested
previously delineated by a contour. The dissimilarity matrix A ∈ RN ×N exists in a high dimensional space.
From this dissimilarity matrix A we (1) perform NLDR to ﬁnd a low dimensional representation in order to
identify the position of each image in this low dimensional manifold, (2) calculate Euclidean distance in the low
dimensional space to determine image similarity.

4.2 Nonlinear dimensionality reduction
The goal of the NLDR step is to ﬁnd a low dimensional embedding O ∈ RN ×d that optimally represents the
pairwise dissimilarity of images as represented by A. We use Graph Embedding, as the NLDR method of choice,29
to ﬁnd a set of embeddings O = {o1 , . . . , oN } so that each of N objects is represented by a d-dimensional spatial
location. Graph Embedding obtains O by minimizing,


O = min



N

N


||oa − ob ||Wab ,

(9)

a=1 b=1

where Wab = e−Aab /γ and γ > 0 is a tuning parameter used to normalize A. Equation 9 reduces to the familiar
eigenvalue decomposition problem,
(10)
(W − D)O = λDO ,
N
where D is a diagonal matrix with the diagonal elements, Daa = b=1 Wab . The top d eigenvalues in λ correspond
to the top d-dimensional embedding locations in O.

4.3 Image similarity via Euclidean distance between low dimensional embeddings
The Euclidean Distance metric is used to deﬁne image similarity between Ca and Cb : b ∈ {1, . . . , N − 1} and
computed as ΔEu (a, b) = ||oa − ob ||, where oa and ob are the d-dimensional embeddings calculated (Section 4.2)
between the query image Ca and an image contained in the database, Cb ∈ C. All images in the database C are
ranked according to similarity with the query image Ca deﬁned by ΔEu (a, b) and the top n images are returned
and displayed (where n is a user deﬁned parameter).

Proc. of SPIE Vol. 7962 79621I-6
Downloaded from SPIE Digital Library on 21 May 2011 to 198.151.130.3. Terms of Use: http://spiedl.org/terms

5. EXPERIMENTAL DESIGN
5.1 Experiment 1: MPEG-7
The MPEG-7 dataset contains 1400 silhouette images divided equally into 70 classes (20 objects per class).
AUPRC was calculated for each possible query (Section 5.5.1). Bull’s eye score (BE) (Section 5.5.2) was calculated
for the dataset.

5.2 Experiment 2: breast DCE-MRI
DCE-MRI images of 91 patients with suspicious breast lesions were obtained. An expert radiologist labelled
each lesion as malignant (74 patients) or benign (17 patients) and selected a representative slice for the breast
lesion. Lesion diagnosis was conﬁrmed by histological examination of a biopsy specimen.
Three feature sets: ESDs, NMBDs, and FDs were evaluated on their ability to retrieve relevant images given
a query image, as measured by AUPRC (Section 5.5.1). To evaluate how well each feature set generalizes to new
images, each CBIR system was evaluated 10 times on 2/3 of the dataset, randomly sampled to maintain class
balance. Relevant images are deﬁned as those images which belonging to the same class as the query image.

5.3 Experiment 3: prostate histopathology
A set of 105 digitized prostate histopathology images stained with Hemotoxylin & Eosin were obtained. Each
image was classiﬁed as belonging to one of three Gleason grades by an expert pathologist. All glands contained
within a patch were segmented such that a lumen boundary and a nuclear boundary were obtained. An image for
each gland was obtained by cropping the image near each gland. A total of 888 images were obtained belonging
to benign (93 images), Gleason Grade 3 (748 images), and Grade 4 (47 images).
Three feature sets: ESDs, NMBDs, and FDs were evaluated based on their ability to retrieve relevant images
given a query image, as measured by AUPRC (Section 5.5.1). To evaluate how well each feature set generalizes
to new images, the CBIR system was evaluated 10 times on 2/3 of the dataset, randomly sampled to maintain
class balance. Relevant images are deﬁned as those images which belonging to the same class as the query image.

5.4 Experiment 4: evaluating sensitivity of tuning parameter
The tuning parameter γ (Section 4.2) is used to normalize the dissimilarity matrix A. γ controls the magnitude
of Wab , and therefore varying γ controls how similar two objects must be in order for them to be considered
neighbors. To evaluate how the size of the neighborhood aﬀects the embedding vectors, γ was varied between
1 ≤ γ ≤ 500. Two datasets, prostate histopathology and breast DCE-MRI, were used to evaluate how altering
γ aﬀects CBIR performance. For both datasets CBIR performance was evaluated by AUPRC (Section 5.5.1).

5.5 Performance measures
5.5.1 Area under the precision-recall curve
Precision-recall(P-R) curves describe the behavior of the CBIR system both in terms of how many and in what
order relevant images are retrieved. Precision of a query image for a neighborhood α is deﬁned as P (α) = Φ(α)
α
where Φ(α) is the number of relevant images in the neighborhood α. Similarly, recall of a query image given α
Φ(α)
is deﬁned as R(α) = Φ(N
) , where N is the number of images in the database. For a given query image, P (α)
and R(α) are evaluated for α ∈ {1, . . . , N }. The P-R curve is generated by plotting P (α) versus R(α). AUPRC
is then calculated to obtain a quantitative measure reﬂecting the performance of the CBIR system.
5.5.2 Bull’s eye score
BE is a measure of how well the CBIR system performs for a ﬁxed number of retrieved images. BE is deﬁned as
))
. BE, unlike AUPRC, does not penalize the order in which relevant images are retrieved so long
B = Φ(2×Φ(N
Φ(N )
as these are in the set of top n retrieved images.
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NMBD
Normalized Average Radial
Distance Ratio
Area Overlap Ratio
Standard Deviation of the
Distance Ratio
Variance of Distance Ratio
Compactness
Smoothness

Description

1
p∈C ||p − p̄||
|C|

1
where p̄ = |C|
maxp∈C ||p − p̄||
|C|
where r = maxp∈C ||p − p̄||
πr2

σΓ = Γ(p) − μ2Γ , where Γ(p) =


p∈C

p

||p − p̄||
and μΓ =
maxp∈C ||p − p̄||

σΓ2

F (C)2
where F (C) = p∈C,j∈{1,...,J} ||pj+1 − pj ||
|C|

(j)
) where B(p(j) ) = ||p(j) − p̄|| −
p∈C,j∈{1,...,J} B(p

1
C


p∈C

Γ(p)

||p(j−1) −p̄||+||p(j+1) −p̄||
2

Table 2. A set of 6 NMBDs utilized to evaluate object morphology and compared against ESDs.

5.6 Morphological descriptors to compare against ESDs
5.6.1 Non-model based descriptors
A set of 6 NMBDs were calculated. Table 2 describes each NMBD. The symbol | · | denotes the L1-norm, and  · 
denotes the L2-norm. Principle component analysis (PCA) was performed on the feature set and the number of
eigenvectors corresponding to the top 95% of variation was selected and used to construct a feature vector.
5.6.2 Fourier descriptors
FDs comprised of the ﬁrst 50 frequency components were calculated from the contour of an object C.18 The
frequency of the contour was calculated as follows, a set of ordered points around the contour p(j) ∈ 
C :j ∈
1
{1, . . . , J} were determined. The magnitude of the points were calculated as ρj = ||pj − p̄|| where p̄ = |C|
p∈C p.
The Fourier transform of ρ is calculated and is used to derive the ﬁrst 50 frequency components of each contour.
PCA was performed on the feature set and the number of eigenvectors corresponding to the top 95% of variation
was selected and used to construct a feature vector.

6. RESULTS AND DISCUSSION
6.1 Experiment 1: MPEG-7
AUPRC for ESD-based CBIR was found to be 0.83 ± 0.16. AUPRC for FD-based CBIR was calculated to be
0.72 ± 0.18. These results reﬂect that ESDs are better able to retrieve objects in the synthetic MPEG-7 dataset
compared to FD-based CBIR.
BE for our ESD-based CBIR system was 78.65%, comparable to several state of the art shape modeling
approaches including curvature scale space and shape context, methods which had BE scores in the range of
75 − 80%.22 In contrast, FDs yielded a BE of 71.16%.

6.2 Experiment 2: breast DCE-MRI
Table 3 displays the AUPRC for the DCE-MRI breast lesion dataset, evaluated across 3 feature sets (ESDs, FDs,
or NMBDs). ESDs perform signiﬁcantly better compared to NMBDs in all cases. In the comparison against
FDs, ESDs are better able to distinguish malignant lesions. The trend suggests that ESDs are better able to
capture the similarity between lesions independent of the class object.
Figure 2 displays an example malignant query image with the top 5 retrieved images for each feature set
(ESD, FD or NMBD). The malignant query image displayed in Figure 2(a) has a relatively smooth boundary
with several spiculations. Our ESDs are able to accurately detect these spiculated regions and tend to retrieve
images containing spiculated lesions. In contrast FDs retrieved smooth lesions, with low frequency variations in
the contour. NMBDs retrieved lesions which are roughly circular with moderate variations in the contour.
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Dataset
Breast
DCE-MRI
(N=91)
Prostate
Histopathology
(N=888)

Query Class
All
Benign
Malignant
All
Benign
Grade 3
Grade 4

ESD
AUPRC
0.55 ± 0.02
0.53 ± 0.03
0.61 ± 0.06
0.40 ± 0.01
0.41 ± 0.03
0.43 ± 0.03
0.52 ± 0.04

NMBD
AUPRC
p-value
0 .50 ± 0 .01
0.061
0 .44 ± 0 .01
0.015
0 .52 ± 0 .01
7.11 × 10−4
0 .36 ± 0 .011 2.89 × 10−10
0 .36 ± 0 .01
6.08 × 10−4
0 .35 ± 0 .02
2.05 × 10−6
0 .37 ± 0 .01
6.73 × 10−10

FD
AUPRC
0.53 ± 0.02
0 .65 ± 0 .04
0 .47 ± 0 .02
0.40 ± 0.01
0.42 ± 0.04
0.41 ± 0.04
0.44 ± 0.01

p-value
0.215
5.62 × 10−7
1.27 × 10−6
0.873
0.351
0.483
4 .39 × 10 −6

Table 3. AUPRC reported for three feature sets (ESDs, FDs, NMBDs) on two medical imaging datasets. The breast
DCE-MRI dataset contains malignant and benign breast lesions. The prostate histopathology dataset contains three
possible query classes: benign, Gleason grade 3, and grade 4. The best value in each experiment is bolded. p-values
reported for comparisons between ESDs and the other feature sets (FDs or NMBDs) with italicized features detonating
a p-value of ≤ 0.05.

6.3 Experiment 3: prostate histopathology
Figure 3 displays the top 5 retrieved images for a Gleason grade 3 query image with lumen (red) and nuclear
(blue) boundaries delineated. All feature sets tend to retrieve glands with spiculated edges. However, ESDs are
better at capturing the subtle variations in the size and elongation between spiculation in small Grade 3 glands
and larger benign glands and hence retrieve more relevant images (Grade 3 glands).
Figure 4 displays the top 5 retrieved images for a Gleason grade 4 query image. ESDs tend to retrieve glands
with smoother edges, and subtle variations in the boundary of the gland. FDs also model and hence capture the
smoother edges well, but are more likely to retrieve Grade 3 glands with properties similar to Grade 4 glands.
The retrieved images for 2 representative query images reﬂect the quantitative AUPRC in Table 3. AUPRC
in Table 3 reﬂects that ESDs and FDs are able to accurately retrieve images most similar to the query image

(b) ESD

(a) Malignant Query

(c) FD

(d) NMBD
Figure 2. Top 5 images retrieved for the (a) query image (a malignant lesion) by (b) ESD, (c) FD, and (d) NMBD.
Retrieved images are outlined according by class: blue corresponds to benign and red corresponds to malignant.
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(b) ESD

(c) FD
(a) Grade 3 Query

(d) NMBD
Figure 3. Top 5 images retrieved for the (a) a query image (Gleason grade 3) by (b) ESD, (c) FD, and (d) NMBD.
Retrieved images are outlined according to the class they belong to: blue corresponds to benign, green corresponds to
Gleason grade 3, and red corresponds to Gleason grade 4.

(b) ESD

(c) FD
(a) Query

(d) NMBD
Figure 4. Top 5 images retrieved for the (a) a query image (Gleason grade 4) by (b) ESD, (c) FD, and (d) NMBD.
Retrieved images are outlined according to the class they belong to: blue corresponds to benign, green corresponds to
Gleason grade 3, and red corresponds to Gleason grade 4.
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(a)

(b)

(c)

Figure 5. AUPRC evaluated over 1 ≤ γ ≤ 500 and 1 ≤ d ≤ 4 for (a) all queries, (b) benign, or (c) malignant breast lesion
queries. In all cases AUPRC reaches an asymptotic value for large values of γ.

(a)

(b)

(c)

(d)

Figure 6. AUPRC evaluated over 1 ≤ γ ≤ 500 and 1 ≤ d ≤ 4 for (a) all queries, (b) benign, (c) Gleason grade 3, or (d)
Gleason grade 4 gland queries. In all cases AUPRC reaches an asymptotic value for large values of γ.

while NMBDs are less accurate.

6.4 Experiment 4: evaluating sensitivity of tuning parameter
6.4.1 Breast DCE-MRI
Figure 5 displays measured AUPRC over the range 1 ≤ γ ≤ 500 for all images in the breast DCE-MRI database.
The value of γ can be altered to (1) improve overall retrieval performance (as seen in Figure 5(a)) or (2) improve
performance for retrieval of a speciﬁc class of objects.
6.4.2 Prostate histopathology
Figure 6 displays measured AUPRC over the range 1 ≤ γ ≤ 500 for all images in the prostate histopathology
database. Varying γ alters the CBIR system, allowing for image retrieval properties to be altered according to
speciﬁc constraints.
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7. CONCLUDING REMARKS
In this paper, we presented a CBIR system which utilizes ESDs to deﬁne image similarity and retrieve images
most similar to a query image with speciﬁc applications for medical image analysis. ESDs deﬁne image similarity
by DBS between MASMs in a reduced dimensional space;the reduced dimensional representation having been
obtained by Graph Embedding, a popular NLDR scheme. BE retrieval rate for our CBIR system was 78.65%
for the MPEG-7 dataset, comparable to several state of the art shape modeling approaches For the breast
DCE-MRI dataset, containing 91 images, ESD-based CBIR outperforms a set of NMBD-based CBIR and FDbased CBIR systems with an AUPRC of 0.55 ± 0.02. Additionally, as showcased in Section 6.4 the tuning
parameter may be used to construct a CBIR system with higher accuracy for a speciﬁc type of query image.
For instance, breast DCE-MRI is known to suﬀer from low speciﬁcity.30 Therefore it may be advantageous
for a CBIR breast DCE-MRI system to be constructed for high accuracy for benign breast lesion queries. For
the prostate histopathology dataset, containing 888 glands from 105 images, ESD-based CBIR and FD-based
CBIR perform comparably with an AUPRC of 0.40 ± .01, but outperform NMBD-based CBIR. These results
demonstrate that ESDs are an accurate measure of similarity for characterizing object morphology. ESDs are
useful in deﬁning image similarity for CBIR systems where object morphology is an important indicator of image
similarity. Results showcased in this paper suggest that ESDs can be using in conjunction with a CBIR system
for accurate image retrieval. Further work will explore utilizing ESDs in conjunction with other measures of
image similarity, such as textural kinetics4 for the breast DCE-MRI dataset or architectural features8 for the
prostate histopathology dataset.
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